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Abstract.Thecollection,processing,andanalysisofremotesensingdatasincetheearly1970shasrapidlyim-
provedourunderstandingofchangeontheEarth’ssurface.Whilesatellite-basedEarthobservationhasproven
tobeofvastscientificvalue,thesedataaretypicallyconfinedtorecentdecadesofobservationandoftenlack
importantthematicdetail.Here,weadvanceinthisarenabyconstructingnewspatiallyexplicitsettlementdata
fortheUnitedStatesthatextendbacktotheearly19thcenturyandareconsistentlyenumeratedatfinespatial
andtemporalgranularity(i.e.250mspatialand5-yeartemporalresolution). Wecreatethesetimeseriesus-
ingalarge,novelbuilding-stockdatabasetoextractandmapretrospective,fine-grainedspatialdistributionsof
built-uppropertiesintheconterminousUnitedStatesfrom1810to2015.Fromourdataextraction,weanal-
yseandpublishaseriesofgriddedgeospatialdatasetsthatenablenovelretrospectivehistoricalanalysisof
thebuiltenvironmentatanunprecedentedspatialandtemporalresolution.ThedatasetsarepartoftheHistor-
icalSettlementDataCompilationfortheUnitedStates(https://dataverse.harvard.edu/dataverse/hisdacus,last
access:25January2021)andareavailableathttps://doi.org/10.7910/DVN/YSWMDR(UhlandLeyk,2020a),
https://doi.org/10.7910/DVN/SJ213V(UhlandLeyk,2020b),andhttps://doi.org/10.7910/DVN/J6CYUJ(Uhl
andLeyk,2020c).

1 Introduction

Overthelast200years,thenumberofpeoplelivinginur-
banareasintheUnitedStateshasgrownmorethan800-fold,
fromaround320000and6%ofthepopulationin1800to
270millionand80%ofthepopulationby2016(USCensus
Bureau,1993,2016).TheurbanizationoftheUnitedStates
hasproducedvastmetropolitanareasandanarrayofsmaller
tomid-sizesettlements,reorganizingthepopulationandland
structureofthecontinentintheprocess.Despitebeingcrit-
icaltounderstandingthechangesandcouplingmechanisms
underlyinghumanandnaturalsystems,ourknowledgeof

settlementanddevelopmentintheUnitedStates(andelse-
where)isfarfromcomplete.Understandingtheselong-term
changesisbothofhistoricalinterestandcrucialforthere-
liableprojectionoffuturechange.Thesearechallengingis-
suestocontendwith,especiallyas,priortothepost-1970era
ofremote-sensing-basedEarthobservationanddigitalcar-
tography,thereisaseriousscarcityofstructuredhistorical
geospatialdata.
Inpreviouswork,wepresentedtheHistoricalSettlement

DataCompilationfortheUnitedStates(HISDAC-US),a
noveldatabasethatenablesanalysisoffine-resolutionset-
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tlementandurbandevelopmentpatternsat5-yearintervals
from1810to2015(LeykandUhl,2018a).Thislongtime-
frameofobservationisoneofthedistinguishingfeaturesof
theHISDAC-US,whichisprovidingunprecedentedoppor-
tunitiesforstudyinglong-termsettlementanddevelopment
trends.Todate,theHISDAC-UScontainstwomaingridded
dataproducts:(a)abuilt-upintensitysurfaceseries(BUI;
LeykandUhl,2018b),mappingtheapproximatebuildingin-
doorareaofallbuilt-upstructureswithineach250×250m
gridcellintheconterminousUSA,and(b)atemporalcom-
positesurface,mappingtheyearwhenagridcellwasfirst
builtup,the“firstbuilt-upyear”(FBUY;LeykandUhl,
2018c).TheBUIsurfaceseriesrepresentsanaggregated,vol-
umetricmeasureofbuilt-upintensity,thetotalindoorfloor
areapresentwithinafixedarea.However,asnotedinour
previouswork,theseretrospectiveestimatesofbuilt-upin-
tensitywillbelessaccurateinareasthathaveundergonesub-
stantialbuildingreplacementorremodellingactivities(Leyk
andUhl,2018a).
Herein,weintroducetwosignificantdevelopmentsinthe
HISDAC-USthatallowformoregenericandunbiasedan-
alyticalcharacterizationoflong-termbuildingpatternsin
theUnitedStates.Thesenew,gridded,spatialtime-series
datamap(a)countsofbuilt-uppropertyrecords(i.e.repre-
sentingindividuallyownedbuildingsorbuildingunits)and
(b)countsofuniquebuilt-uppropertylocations(i.e.physical
structures,disregardingtheownershipsituation),ata250m
spatialresolutionandforeachhalfdecade(i.e.5-yearinter-
vals)from1810to2015.Wederivedthesecountsfromvast
numbersofcadastralrecordscontainedintheZillowTrans-
actionandAssessmentDataset(ZTRAX;ZillowInc.,2016).
TheseadditionstotheHISDAC-USprovideanimportant
stepbeyondourpreviouslypublishedBUIsurfaces:theyen-
ablereconstructionoffine-grainedhistoricalbuildingdensi-
tiesformuchoftheUnitedStatesandhaveapplicationsillus-
tratedinvariousresearcheffortsleveragingtheHISDAC-US
tostudyurbangeography(Uhletal.,2021),historicalde-
mography(Leyketal.,2020),roadnetworkevolution(Boe-
ing,2020),populationallocation(Leyketal.,2019),natu-
ralhazardsandextremeevents(Balchetal.,2020;Iglesias
andTravis,2020;Mietkiewiczetal.,2020),landscapefrag-
mentation(Millhouser,2019),andpopularscience(Finan-
cialTimes,2020).
Thegenerationofthesenewproductshasbeendriven
bytheongoing“datarevolution”(Kitchin,2014),which
hasspurredrapidadvancementsinweb-baseddatastorage
anddistributioninfrastructure,high-performancecomputing,
andtheexpansionofpublicandprivateopen-datapolicies.
ThedecisionbyUScounty-leveladministrationstopub-
liclysharerichcadastralandtaxassessmentdataandtheac-
quisitionandharmonizationofthesedatabythereal-estate
company,ZillowGroup,Inc.,hasbeenparticularlyimpor-
tantforourwork.Throughtheirefforts,Zillowhasproduced
ZTRAX,alargebuilding-stockandpropertydatabasehold-
ingmillionsofrecordsonbuilt-uppropertiesandtheirchar-

acteristics,includingbuildingsize,landusetype,age,and
propertyvalue.ZillowhasrecentlymadeZTRAXavailable
forscientificresearchviainstitutionaldatashareagreements,
andithasrecentlybeenemployedbyresearchersinvarious
scientificdisciplines(e.g.Bernsteinetal.,2019;Boslettand
Hill,2019;ClarkeandFreedman,2019;Gindelskyetal.,
2019;Kimetal.,2019;PengandZhang,2019;Tarafdar
etal.,2019;Uhletal.,2019;ZoragheinandLeyk,2019;
Baldaufetal.,2020;Bechard,2020;Buchananetal.,2020;
Connoretal.,2020;D’LimaandSchultz,2020;Nolte,2020;
Ondaetal.,2020;Shenetal.,2021;SternandLester,2020;
Wentlandetal.,2020).Wehavecontinuedtoleveragethis
novelanduniquedatasourceinproducingandadvancingthe
HISDAC-US.
TheHISDAC-USconsistsofavarietyofgriddedsur-
facedatasets(i.e.geospatialrasterlayers)measuringdif-
ferentcharacteristicsofthebuiltenvironmentandprovides
anunprecedenteddatasourceforlongitudinalgeographic
anddemographicresearch.TheHISDAC-USexploitsthe
“year-built”attributeprovidedbyZTRAX,reportingtheyear
whenabuilt-upstructurehasbeenestablished.Thisattribute
isderivedfromhistorical,county-leveltaxassessmentdata
recordsandisavailableformorethan117millionbuilt-up
structuresintheUSA.Thedetailedspatialandtemporalin-
formationprovidedinZTRAXallowsformappingretrospec-
tivedistributionsofhumansettlementandcoloniallandde-
velopmentatunprecedentedspatialandtemporalgranular-
ity(i.e.250mspatialand5-yeartemporalresolution),and
extendsacrossanunmatchedtimeperiod.Hence,thesedata
helpovercomeseveralfundamentaltemporalandspatiallim-
itationsindatasourceswidelyusedbytheEarthsystemsci-
encecommunitysuchastheGlobalHumanSettlementLayer
(GHSL;Pesaresietal.,2013),the WorldSettlementFoot-
printEvolutiondataset(Marconcinietal.,2020),theNa-
tionalLandCoverDatabase(NLCD;Homeretal.,2007),
theGlobalRural-UrbanMappingProject(GRUMP;CIESIN,
2004),ormulti-temporalpopulationdatasets(e.g.Gridded
Populationofthe World(GPW;BalkandYetman,2004),
WorldPop(Tatem,2017),GHS-POP(Freireetal.,2016),or
LandScan(Dobsonetal.,2000))(seeanoverviewinLeyk
etal.,2019)1,aswellassparseandmorecomputationally
expensiveandlabour-intensivealternativessuchashistorical
andarchaeologicalrecords(Rebaetal.,2016;Hedefalketal.,
2017;Ostafinetal.,2020;Lieskovskýetal.,2018),georefer-
encedsocialsciencedata(Kugleretal.,2019),dataextracted
fromhistoricalmaps(Uhletal.,2019;Kaimetal.,2016),or
model-basedinferences(KleinGoldewijketal.,2011;Sohl
etal.,2016).
Theremainderofthisdatadescriptiondiscussesthepro-

duction,potentialutility,anduncertaintypresentinthesenew
additionstotheHISDAC-US.Section2describesandshow-
casesthedataproducts.Section3discussestheunderlying

1Manyoftheglobaldatasets mentionedhereusecountry-
specificinputsintheirtrainingormodellingprocedure.
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sourcedataandthedataprocessingandintroducesthevali-
dationdatasets.Section4describesthetypesofuncertainty
inherentinthedataandpresentsathorough,systematicval-
idationstudyagainstthreedifferentvalidationdatasets.Sec-
tion5describesdataavailability,andSect.6providessome
concludingremarks.

2 Maindataproducts

Herein,wedescribethreenoveltimeseriesofgridded,
geospatialsurfaces,representinglong-term,spatiallyex-
plicitbuilding-stockstatisticsfortheconterminousUSA
over2centuries,infinespatialandtemporaldetail.These
datasetsincludetwoversionsofthenumberofbuilt-upprop-
ertyrecords(UhlandLeyk,2020a,b),derivedfromhis-
toricaladministrativeandcadastraldatasourcesthathave
beenassembledintheZTRAXdatabase,aggregatedinto
spatialbins(i.e.gridcells)of250×250matatemporal
resolutionof5yearsfrom1810to2015,andacorrespond-
ingseriesofbinarysurfaces,indicatingbuilt-upareas(Uhl
andLeyk,2020c).Theunderlyingbinninggridisreferenced
totheAlbersequal-areaconicprojectionforthecontigu-
ousUSA(UnitedStatesGeologicalSurvey(USGS)ver-
sion,SR-ORG:74802).Wederivedthegrid-cell-levelaggre-
gatesfromapproximately150milliondiscretepointloca-
tionsgivenintheZTRAXdatabasewitheachrecordrepre-
sentingabuilt-upproperty,ofanyusagetype,includingresi-
dential,commercial,industrial,recreational,ormixedbuild-
inguses.Importantly,abuilt-uppropertyrecordmayrep-
resentanindividuallyownedphysicalstructure,suchasa
single-familyhousingunit,anindividuallyownedfactoryor
commerciallyusedbuilding,amulti-unitbuildingoftenin
theformofaresidential-incomeproperty,oranofficebuild-
ingownedbyasingleentity.Arecordmayalsorepresentan
individuallyownedunitwithinamulti-ownerstructuresuch
asacondominiumunitorofficeunitwithinalargerphysi-
calstructure.Recordsassociatedwithmulti-ownerstructures
typicallysharethesamegeospatiallocationintheZTRAX
database.Thus,therearethreemeaningfulwaystoaggregate
theZTRAXbuilt-uppropertyrecordsintogridcells:

1.countingindividualpropertyrecordspergridcell,asa
proxyvariableforbuildingunits;thiscountisreported
inthefirsttimeseriesofdatasets,thebuilt-upproperty
record(BUPR)surfaces;

2.countingtheuniquelocationsofpropertyrecordsper
gridcell,asaproxyvariableforindividual,physical
built-upstructures;thiscountisreportedinseparate
datasets,thebuilt-uppropertylocation(BUPL)sur-
faces;

3.indicatingthepresenceorabsenceofatleastonebuilt-
uppropertyrecordpergridcell,asaproxyfordevel-

2https://spatialreference.org/ref/sr-org/usa_contiguous_albers_
equal_area_conic_usgs_version-2/(lastaccess:25January2021)

opedland,orbuilt-uparea;thesebinarysurfacesare
providedasseparatedatasets,thebuilt-uparea(BUA)
surfaces.

WegeneratedbothBUPRandBUPLsurfacesforeachhalf
decadefrom1810to2015,witheachgridcellholdingthe
countofrecordswithabuilt-yearattributeuptotheyearT.
Moreover,wegenerated“contemporary”BUPRandBUPL
datasets,summarizingthebuilt-uppropertyrecordsandlo-
cations,respectively,regardlessoftheirbuilt-yearattribute.
SinceweobtainedtheunderlyingZTRAXdatainearly
2017,thesecontemporarylayersreflecttheBUPRandBUPL
countscirca2016.Likewise,wegeneratedBUAsurfacesfor
eachhalfdecade,indicatingthepresenceofatleastonebuilt-
uppropertyrecordpergridcellandyear,aswellasacontem-
poraryBUAsurface,reflectingdevelopedlandin2016.

2.1 Built-uppropertyrecord(BUPR)surfaces

TheBUPRdatasetseries(UhlandLeyk,2020a)containsa
griddedsurfaceforeachhalfdecadefrom1810to2015,with
eachgridcellholdingthecountofrecordswithabuilt-year
attributeuptotherespectiveyearT.Wehighlightthesegrid-
dedsurfacesforselectedyearsandregionsinFig.1.Fig-
ure1ashowsthenationwideBUPRsurfaceforthecontermi-
nousUSAin2016.Toillustrateboththespatialgranularity
andthetemporalcoverageofthedata,wevisualizedthedi-
rectionalsumsofbuilt-uppropertyrecordsforselectedyears
alongeast–westandnorth–southcrosssections.Thetrends
illustratethewell-knownsettlementpatternsreflectingearly
colonialsettlementsinthenortheastandsubsequentexpan-
sionintothewestandthesouthoftheUSA.
TheBUPRsurfacesprovidenovelinsightsintoregional,

peri-urban,andruraldevelopment,asshowninFig.1bfor
theSyracuse–Rochesterregion(NewYork).Themapse-
quencedocumentsboththeexistenceandpersistenceof
early,ruralsettlements;theirgrowthindensityovertime;the
simultaneoussprawloftownsandcitiesduringthe20thcen-
tury;andtheemergenceofsettlementsalongtheshorelines
ofthelakesinthecentreofthemapsinthesecondhalfof
the20thcentury.Atamorelocalscale,theBUPRtimese-
riesenablestheassessmentofdetailedlong-termbuilt-upde-
velopment,asshownfortheeasternNewHampshireregion
inFig.1c,wheresettlementquicklyexpandsandintensifies
aroundthecoastaltownofPortsmouth,whichalreadyex-
hibitsaconsiderablylargebuilt-upareain1810.Moreover,
thepotentialoftheBUPRsurfacesformulti-temporalassess-
mentofintra-urbanbuildingdensityvariationscanbeseenin
thevideosupplement(https://doi.org/10.5446/48115).

2.2 Built-uppropertylocation(BUPL)surfaces

Inresidentialneighbourhoodsdominatedbyindividually
owned,single-family,residentialhousing,theBUPLsurfaces
(buildingcounts)(UhlandLeyk,2020b)closelyresemblethe
BUPRsurfaces(buildingunitcounts).Differencesaresubtle
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Figure1.Fine-resolutiontimeseriesofgriddedbuildingdatafortheUSA:(a)contemporary(2016)built-uppropertyrecords(BUPRs)
intheUSA,includinglog-transformeddirectional(i.e.north–southandeast–west)histogramsfordifferenttimeperiods;alsoshownare
countiesofmissingdata;(b)BUPRtimeseriesinmixedurban–ruralcontextshownfortheSyracuse–Rochesterregion(NewYork)for
1900,1950,and2000;and(c)long-termBUPRtimeseriescoveringthewholetimeperiod1810–2016showingearlysettlementsinNew
Hampshireandtheirdevelopmentpatterns.

andoccurmainlyinurbancentresandregionswherehigh-
risebuildingsandmulti-unitbuildingsdominatethebuilten-
vironment.ThisdifferenceisillustratedinFig.2,showing
BUPRin2015forDenver,Colorado(Fig.2a),andthecorre-
spondingBUPLsurface(Fig.2b).Differencesbecomevisi-
bleinacell-by-cellratiosurface(Fig.2c)wheretheDenver
downtownarea,dominatedbyhigh-risebuildings,exhibits
highervalues.

2.3 Built-uparea(BUA)surfaces

Built-uparea(BUA)griddedsurfaces(UhlandLeyk,2020c)
representabinarydiscriminationbetweenbuilt-up(value1)

andnotbuilt-up(value0)areas,within250×250mgrid
cells,foreachhalfdecade.TheBUAsurfacesareshownin
Fig.3a–cforselectedUScities,aswellasthecorrespond-
ingBUPRsurfaces(Fig.3d–f)fromwhichtheBUAdatasets
havebeenderivedthroughpixelwisethresholding(i.e.agrid
cellisconsideredbuilt-upifBUPR>0).Wealsoshowgrid
cellswherenobuilt-yearinformationisavailable(Fig.3c),
whichareprovidedasaseparatedataset(Sect.4.4.3).While
theBUAsurfaceshavebeenemployedforassessinglong-
termtrendsinlanddevelopment(Leyketal.,2020)andfor
themulti-temporalanalysisofurbanform(Uhletal.,2021),
theyhavenotbeenpublishedpreviously.Theseapplications
areevidentfromFig.3whichdepictsthegrowthofcities,
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Figure2.Comparisonof(a)built-uppropertyrecords,and(b)built-uppropertylocationsurfaces,shownforDenver,Colorado;(c)cell-
by-cellratiosurface(i.e.built-uppropertyrecordsperbuilt-uppropertylocation)highlightingthepresenceofstructuresofmulti-addressor
multi-ownerrecords,representinglargeandhigh-riseofficeorapartmentbuildingsorcondominiums.

theincreasingconnectednessbetweenurbancoresandsur-
roundingplaces(BUA,Fig.3a–c),intra-urbandensityvaria-
tionsacrossspaceandtime(BUPR,Fig.3d–f),andtheabil-
ityforthesesurfacestocharacterizeurbansettlementtrends.
Forexample,theBUAsurfacefor1915(Fig.3a)highlights,
withunprecedentedspatialdetail,thewell-knowndisparity
betweenearly-developingnortheasterncitiesandtheslower
urbandevelopmentofthesouth(seevideosupplementfor
acorrespondinganimation).Thus,thesevisualizationshigh-
lighttheempiricalvalueofthesesurfacesinassessinghet-
erogeneityinurbangrowthoverlongtemporalextentsand
with(currently)unparalleledspatialdetail(seevideosupple-
ment). WhileadvancedGISpractitionerswouldbeableto
derivetheBUAsurfacesfromtheBUPR–BUPLdatasets,we
providethemasaseparatedataset,tofacilitatetheuseforap-
plicationswherebinarybuilt-up–notbuilt-updifferentiation
issufficient.Moreover,theBUAsurfacesareassumedtobe
theleastaffectedbyuncertaintiesintheZTRAXdata(see
Sect.4.1).

3 Dataanddataprocessing

3.1 Sourcedataanddataprocessing

TheZTRAXdatabaseisbasedonexistingcadastraldata
sourcesandcontainsmorethan400milliondatarecords(Zil-
lowInc.,2016),outofwhicharound150millioncontain
spatialinformation,whiletheremaining250millionrecords
representtransactionalrecords(e.g.detailedinformationon
propertysales)andotheraspatialdatatables,aswellasthe
databasehistory.Thisdatabaseisavailabletotheauthorsvia
adatashareagreementandisusedasabasistoderivepub-
liclyavailabledatasets,enablingscientiststobenefitfrom
thespatial,temporal,andsemanticrichnessofZTRAX.The
rawZTRAXdatabaseconsistsofaround2500state-leveltext
filesofatotalvolumeof1.4TB,witheachfilerepresenting

atableoftheoriginaldatabase.Thedatatablesarethemat-
icallysplitintothreemajorgroups(i.e.contemporaryand
historicalassessmentdataandtransactiondata)(Fig.4a).We
usedtheFeatureManipulationEngine(FME;SafeSoftware
Inc.,2020)toimportthesefilesintoasetofSQLiterelational
databases(SQLite,2020).UsingSQLqueriesandtheEsri
ArcPy(ESRI,2019)pythonpackageweretrievedrelevantat-
tributesandextractedthemasgeospatialvectordatasetsinto
Esrifilegeodatabases.Geometriesweregeneratedusingthe
geospatialinformationcontainedinZTRAX(i.e.geographic
coordinates),representingaddresspointsorcadastral-parcel
centroidsgivenasgeographiccoordinatesinNorthAmeri-
canDatum(NAD)1927.Thesegeolocationshavebeengen-
eratedbyZillowGroup,Inc.,usinggeocodingandspatial
refinementtechniques.Wethenimportedeachofthe3000+
county-levelgeospatialvectordatasetsintoGeoPandas(Jor-
dahletal.,2020)dataframesandprojectedallrecordsthat
indicatethepresenceofabuilt-upstructureintotheAl-
bersequal-areaconicprojectionfortheconterminousUnited
States(CONUS)(SR-ORG:7480).Morespecifically,weex-
cludedrecordsoflandusetype“vacantland”.Basedonthe
built-yearattribute,wegeneratedtemporalslicesofthedata
points(in5-yearincrements,i.e.allrecordsbuiltupbetween
TandT−5years)andcomputed2Dhistogramsusingthe
NumPypythonpackage(Oliphant,2006),withhistogram
binsderivedfromtheunderlying250×250mgridcover-
ingtheCONUS.Thisapproachallowsforanefficientspa-
tialbinningofthevastnumbersofdatapoints.Usingtem-
poralslicesof5yearskeptthetotalnumberofdatapoints
toaminimumandsignificantlyreducedtheoverallprocess-
ingtime.FortheBUPLsurfaces,whichcontainuniquelo-
cationsofpropertyrecordswithineachgridcell,duplicate
coordinatepairswereremovedpriortothespatialbinning
step.Theresulting2D-histogramarrayswerethenexported
inGeoTIFFformatusingtheGeospatialDataAbstraction
Library(GDAL;GDAL/OGRcontributors,2020).Lastly,in
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Figure3.Built-uparea(BUA)surfacesfor35selectedUScitiesin(a)1915,(b)1965,and(c)2016and(d–f)correspondingBUPRsurfaces.
Citiesarearrangedinaquasi-geographicspace,e.g.northeasterncitiesshownintheupperrightpartofthepanels.Panel(c)alsoshowsgrid
cellswherenobuilt-yearinformationisavailable.Notethatcitiesaredepictedatindividualscales;see20kmscalebarsinpanel(a)and
Fig.B1forsizerelationshipsbetweenshownextents.
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Figure4.(a)EntitydiagramillustratingthecomplexityoftheZTRAXdatamodel,showingeachdatabasetableandtableattributes,and
(b)generalizedprocessingworkflowtogeneratetheBUPR,BUPL,andBUAsurfaceseriesbasedonZTRAXdatarecords.

ordertoobtainthetotalcountsofbuilt-uppropertyrecords
andlocationsforeachhalfdecadeT,alltemporalslicesfrom
theyear1810toTwereaddedupcellbycell.Thecomplete
processingofall150milliondatarecordstookaround2.7d
andisillustratedinFig.4b.

3.2 Validationdata

Weconductedanextensivevalidationstudyofthegener-
atedBUPRandBUPLsurfacesagainstthreedifferentval-
idationdatasetsandacrossdifferentdomains.Thevalida-
tiondatasetsincludecontemporarybuildingfootprintdata
fortheCONUS(Microsoft,2018)andanintegrated,multi-
temporaldatabaseofbuildingfootprintdataandcadastral-
parcelrecords(Uhletal.,2016),aswellashistoricalUS
censushousingcounts(Mansonetal.,2019)(seeTable1for
details).Moreover,aUScountyboundarydataset(USCen-
susBureau,2017),aUS-census-designatedplacesboundary
dataset(USCensusBureau,2017),andUSDepartmentof
Agriculture(USDA)rural–urbancontinuumcodes(USDA
EconomicResearchService,2020)wereusedforstratified
validation.Thesedatasetsaredescribedindetailinthefol-
lowingsubsections.

3.2.1 ContemporaryUS-widebuildingfootprintdata

Weused Microsoft’sUSbuildingfootprint(MSBF)data,
whichhavebeengeneratedfromBingmapsimagery(i.e.
acompilationofdifferentairborneandspacebornere-
motesensingdatasources;Microsoft,2018)usingadeep-
learning-basedcomputervisionalgorithm.Thisdatabase
containsmorethan125millionbuildingfootprintsandis
availableinGeoJSONformat.Accordingtothedataproduc-
ers,thisdatasetishighlyaccurate(i.e.precisionof0.993,re-
callof0.935;Microsoft,2018)andthusrepresentsthemost
reliable,recent,andcompletedatasourceofbuildingfoot-
printdataintheUSA.WeusedFMEsoftwaretoconvertthe
GeoJSONdataintoEsrifilegeodatabaseformatandaggre-

gatedthesedataintogridcellsinanalogytothedataprocess-
ingstepasdescribedinSect.3.1.Thisapproachallowedusto
createaUS-wide,highlyreliablereferencebuildingdensity
surface,referredtothegridcellareaof0.0625km2,approx-
imatelytemporallyreferencedtotheyear2016,andcompat-
iblewiththeBUPRandBUPLsurfaces(i.e.usingthesame
underlyinggrid).Thissurfaceandtheunderlyingbuilding
footprintdataareshowninFig.5a.

3.2.2 Multi-temporalbuildingfootprintdata

WhileMSBFdatacoverthewholeCONUS,theyareavail-
ableforonepointintimeonly.Toevaluatetheagree-
mentofBUPRandBUPLsurfaceswithreferencemea-
suresofbuildingdensityovertime,weusedanintegrated
dataproductofbuildingfootprintdataandcadastral-parcel
records.Built-yearinformationfromthecadastral-parcel
data(Fig.5b)wastransferredtothe(typicallylidar-derived)
building(s)containedwithintheparcel(Fig.5c;Uhletal.,
2016).Thisdatabasewasusedpreviouslyforvalidation
studiesoftheHISDAC-USBUIsurfaces(LeykandUhl,
2018a)andremote-sensing-derivedsettlementdata(Leyk
etal.,2018;Uhletal.,2020)andwastestedastraining
dataforremote-sensing-basedurbanchangedetection(Uhl
andLeyk,2020e).Byqueryingthebuildingfootprintsby
theirbuilt-yearattribute,thisdatabaseenablesthecreationof
granularsnapshotsofbuilt-upareasforuser-specifiedpoints
intime.Thegeographiccoverageofthisdatabaseiscon-
strainedto30UScounties,wherethereispubliclyavailable
parceldataonbuiltyear(seeTableA1).Basedonthismulti-
temporalbuildingfootprintdatabase(hereinreferredtoas
MTBF30),wecreatedtimeslicesofbuildingfootprintsand
generatedcorrespondinggriddedbuildingdensitysurfaces
foreachhalfdecade,asshowninFig.5dande.
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Table1.OverviewofthedatasetsusedforvalidationoftheBUPR,BUPL,andBUAsurfaceseries.

Validationdataset Measure Geographiccover-
age

Temporalcoverage Spatialgranularity Temporalgranular-
ity

Microsoft US
building footprint
(MSBF)data

Physical built-up
structures

CONUS approx.2016(uni-
temporal)

buildingoutline –

Multi-temporal
building foot-
print database
(MTBF30)

Physical built-up
structures

30countiesinthe
CONUS(TableA1)

approx. 1800 to
2015

buildingoutline annual

UScensushousing
unitcounts

Housing units or
households

CONUS 1890–2010 county between 10 and
30years

3.2.3 Multi-temporalUScensushousingstatistics

Asathirdvalidationdataset,weemployedhistoricalUScen-
sushousingunitcounts.Whileforrecentcensusyears(e.g.
1990–2010),housingunitcountsareavailableatveryfine
spatialgranularity(i.e.censustractandfiner),inearlieryears
suchdataareavailableatthecountylevelonly.Weusedhis-
toricalcountyboundariesandhousingunitcountsobtained
fromtheNationalHistoricalGeographicalInformationSys-
tem(NHGIS;Mansonetal.,2019)forallavailableyears,i.e.
1890–1940and1970–2010.Thesecounty-levelcountsare
showninFig.5fforselectedyears.

3.2.4 Rural–urbancontinuumclassificationdataand

US-census-designatedplaceboundaries

Uncertaintyinmanygeospatialdatasetsincreasesfromur-
bantowardsruralsettings(seee.g.Smithetal.,2002;Wick-
hametal.,2013;Leyketal.,2018).Inordertoexamineif
theZTRAXdataandthederivedHISDAC-USdataprod-
uctsexhibitthistrend,weexamineduncertaintytrajecto-
riesacrosstherural–urbancontinuum,asmodelledbythe
USDArural–urbancontinuumcodes(RUCCs;for2013;But-
ler,1990).Thesecodesassignadegreeof“rurality”toeach
UScounty,onascalefrom1(mosturban)to9(mostru-
ral),basedonproximitytocitiesofcertainpopulationsizes
(seeFig.5g).DuetothelackofRUCCscoveringtheen-
tirestudyperiod(i.e.1810–2016)weusedthemostrecent
RUCCdefinitionfrom2013forstratifiedassessmentofthe
2016dataonly(Sect.4.2.2).Moreover,weassumedataun-
certaintytovarybetweenincorporatedplaces(i.e.villages,
towns,cities)andmorefragmentedanddispersedruralset-
tlements.Toaccountforthisuncertainty,weused2010US-
census-designatedplaceboundaries(USCensusBureau,De-
partmentofCommerce,2016,hereinreferredtoas“cen-
susplaces”)toanalyseuncertaintyseparatelywithincounty
boundaries(i.e.includingruralsettlementsthatarenotincor-
poratedintoacensusplace)andwithincensusplacebound-
ariesonly(seeFig.5handi,respectively).

3.2.5 Dataonpublichousingandbuildings

Aspubliclyownedbuildingsaremostlynotcontainedin
theZTRAXdataset,weemployedseveralauxiliarydatasets
toquantifytheeffectsoftheseomissions.Theseauxiliary
datasetsinclude(a)theUSGSNationalStructuresDataset
(NSD; USGS National GeospatialTechnical Operations
Center,2016),(b)USDepartmentofHousingandUrbanDe-
velopment(HUD)dataonpublichousing(U.S.Department
ofHousingandUrbanDevelopment,2019),and(c)public
amenitiesfromOpenStreetMap(OpenStreetMapcontribu-
tors,2020)(seeAppendixC).

4 Datauncertaintyandvalidation

TheBUPRandBUPLdatasetssufferfromseveraltypesof
uncertainty,mainlyinheritedfromtheunderlyingZTRAX
data.Thesetypesofuncertaintycanbroadlybecategorized
intothreegroups:dataincompleteness,locationaluncer-
tainty,andquantitydisagreement.Dataincompletenessen-
compassesincompletegeographiccoverage(e.g.datagaps)
oftheZTRAXdata,aswellasattributeincompleteness,
resultingfrommissingattributevaluesintheunderlying
ZTRAXdatabase,andtheomissionofpublicpropertiesand
buildingsinZTRAX(AppendixC). Weanalyseddatain-
completenessatthecounty,censusplace,andgridcelllevel
(Sect.4.1).Moreover,theZTRAXdatasufferfromacer-
tainsurvivorshipbias,resultingfromlackinginformation
onbuildingteardownsandpotentiallyinconsistentrecords
onbuildingreplacements(Sect.4.1).Locationaluncertainty
resultsfromuncertaintyinthegeospatialinformationre-
portedinZTRAXandincludesissuesofspatialgeneraliza-
tion(Sect.4.2.1)andlowpositionalprecision(Sect.4.2.2
and4.2.3).Lastly,weusedourvalidationdatasettoassess
quantitydisagreementintheBUPRandBUPLdensities,in-
cluding(systematic)under-andoverestimation(Sect.4.3).
Atthispoint,itisworthnotingthatthesystematicunder-
estimationofBUPRsandBUPLstowardsearlyyearsmay
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Figure5.Datasetsusedforvalidationofthecreatedsurfaces:(a)contemporaryUS-widebuildingcountsurface,generatedfromtheMi-
crosoftbuildingfootprintdata(overlaid)byaggregatingtogridcellsofa250mspatialresolution,shownfordowntownDenver,Colorado;
(b,c)multi-temporalbuildingfootprintdataavailablefor30countiesintheUSA,shownforaregioninCharlotte,NorthCarolina;(d,e)re-
sultingbuildingcountsurfacesfor1925and1950,respectively;and(f)US-census-baseddwellingstatisticsforUScountiesin1890,1940,
and2010.(g)County-levelUSDArural–urbancontinuumcodes(RUCCs)in2013;(h)enlargementofthecounty-levelRUCCdataaround
DesMoines(Iowa);(i)RUCCsattachedtoUS-census-designatedplacesin2010forthesamearea.

bearesultoflackinginformationonbuildingteardownsand
replacementsinZTRAX(seeSect.4.3).
Herein,weexpandonpreviousanalysesoftheseuncer-
tainties(LeykandUhl,2018a)toprovideamorein-depth
assessmentoftheseshortcomingsandtheirimplicationsfor

datausers.Morespecifically,weemployadditionalvalida-
tiondatasetsandexplicitlyassesstheseuncertaintytypes
acrosstimeandacrosstherural–urbancontinuum.
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4.1 Dataincompleteness

Dataincompletenessconsistsoftwocomponents:(a)in-
completegeographiccoverageoftheZTRAXdata(i.e.data
gaps)and(b)incompletecoverageofspecificattributes
intheZTRAXdatabase.Thegeographiccoverageofthe
ZTRAXdataextendsacross3026outof3108countiesin
theCONUS.Theremaining82countiesdonothaveany
geospatialZTRAXdatarecords(Fig.6a,b).Thesecoun-
tiescorrespondto2.5%oftheCONUSareaandwereinhab-
itedby0.82%oftheUSpopulationin2010.Ofthesecoun-
ties,73%areclassifiedas“non-metropolitan”(i.e.RUCCs4
to9),accordingtotheUSDArural–urbanclassificationin
2013(USDAEconomicResearchService,2019,2020).An
additionalsourceofincompletecoveragearisesfromthe-
maticlimitationsintheZTRAXdata,i.e.theomission
ofpubliclyownedbuildings.Manybigcitieshavepublic-
housingprojects,whichmaybeomittedfromtheZTRAX
records.Wequantifiedtheeffectsoftheomissionofpublicly
ownedbuildingsusingthreeauxiliarydatasources(seeAp-
pendixC).
Moreover,weanalysedthebuilt-yearattributecoverage,
whichisthemostrelevantattributeforthecreationofthe
multi-temporalBUPRandBUPLsurfaces.Thebuilt-yearat-
tributeexhibitshighlevelsofcompleteness,withnotableex-
ceptionsincludingstatesinthenorthernmidwest,Vermont,
Louisiana,andNewMexico(Fig.6a).Acountyboundary
shapefilecontainingthecounty-levelsummarystatisticsun-
derlyingFig.6awaspublishedandisavailabletodatausers
(LeykandUhl,2018d). Wecomputedthesamecomplete-
nessstatisticswithincensusplaceboundaries(Fig.6b)and
observehigherlevelsofbuilt-yearattributecompleteness
inwesternandmidwesternstates.Thisresultindicatesthat
built-yearattributemissingnessislikelytoaffectrecords
inunincorporated,spread-out,ruralsettlements,ratherthan
thoseinurbanareasorcensus-designatedplacessuchas
townsorvillages.Weprovideagriddeddatasetflagginggrid
cellswithoutanybuilt-yearinformation(Fig.6c;seealso
Fig.3c,Sect.4.4.3)thatallowsforexcludingtherespec-
tiveareas,constitutingapproximately2.7%oftheCONUS
landmass.Thepreviouslymadeobservationisconfirmedin
theboxplotsshowninFig.6d,indicating,onaverage,higher
levelsofbuilt-yearcompletenesswithincensusplacebound-
ariesthanwithincountyboundaries.Inadditiontothat,
Fig.6drevealscleartrendsofincreasingbuilt-yearincom-
pletenessfromurbantoruralcounties.
Importantly,theZTRAXdataandderiveddatasetssuffer
fromasurvivorshipbias,orselectionbias,thatincreasesto-
wardsearlypointsintime,andmanifestsinomissionerrors
affectingbothlocationaluncertaintyovertime(Sect.4.2.3)
andquantityagreementovertime(Sect.4.3.1and4.3.3).
Thisbiasisintroducedbylackingconsistentinformationon
buildingdemolitionsandreplacementsintheZTRAXdata,
aswellasbytheabsenceofinformationaboutproperties
existingpriortobuildingreplacements.Thereasonsforthis

biascanbethreefold:(1)demolishedbuildingsthatexisted
inthepastandhavenotbeenreplacedbyacontemporar-
ilyexistingstructurearenotcontainedinthedata.(2)The
built-yearinformationcontainedinZTRAXatagivenloca-
tiontypicallyrepresentstheyearwhenthefirststructureat
thatlocationwasbuiltbutmayalsoindicatetheyearofa
replacement,asempiricaltestshaveshown.Thus,thepart
ofastructure’slifespanpriortothereplacementmaynotbe
measuredbyourdata.(3)Finally,thenumberofproperty
recordsassociatedwithagivenlocationandbuiltyearmay
havebeendifferentintheyearwhenthefirststructurewas
built.Whiletheformertwocomponentsofthisbiaswould
resultinomissionerrors,thelattercomponentcouldresult
ineitheracommissionerror(e.g.ifthebuiltyearassoci-
atedwithamulti-ownerstructureinfactrepresentsthebuilt
yearofasingle-familyhomethathasbeenreplaced)oran
omissionerrorifsmall,individualpropertieshavebeenre-
placedbylarge,single-ownerstructures. Whiletheseindi-
vidualcomponentsofsurvivorshipbiasaredifficulttoassess
indetail,theassessmentsinSect.4.2.3,4.3.1,and4.3.3allow
usatleasttoquantifytheupperboundsoftheeffectsintro-
ducedbythisbias.Here,itisworthnotingthatthebinary
BUAsurfacesareexpectedtobeleastaffectedbythesur-
vivorshipbias,astheyarebasedonthepresenceofZTRAX
records,independentlyfromthequantityofrecordspergrid
cell.

4.2 Locationaluncertainty

WegrouplocationaluncertaintiesintheZTRAXdatathat
propagateintothederivedHISDAC-USsurfacesintotwo
maincategories:(a)locationaluncertaintyduetospatial
generalizationofthegeospatialinformationinZTRAXand
(b)positionalimprecisionofthespatialinformation(i.e.
geospatialcoordinatesdeviatingfromactualbuildingloca-
tions).Thelattercomponentmaybeaffectedbythegeocod-
ingqualityandbythespatialrefinementmethodsusedby
ZillowGroup,Inc.Wedevelopedseveralvisualandanalyt-
icalmethodstoassessandquantifytheseuncertainties,and
weprovideadditionaluncertaintysurfacesthataccompany
theBUPRandBUPLdatasets(Sect.4.4).
Atthispoint,itisimportanttodescribesomeissuesre-

latedtothegeospatiallocationsreportedinZTRAX.Inur-
ban,single-family,residentialneighbourhoods,geospatiallo-
cationsaretypicallyderivedfromcadastral-parcelcentroids.
Parcelsizesaretypicallysimilarinsizetothebuildings
withinparcels,andthus,thelocationsgiveninZTRAXare
likelytospatiallycoincidewiththelocationofthebuilding
(Fig.7a).Inperi-urbanandrural,agriculturalsettings,where
parcelsareoftenlarge,theparcelcentroidmaybefarfrom
theactualbuildinglocationand,thus,mayprovidealesspre-
ciseestimateoftheactuallocationofthebuilt-upstructurein
question(Fig.7b).Thisprecisionalsoappliestocaseswhere
addresspointsareused.Addresspointstypicallyrepresent
thelocationofabuildingsnappedtotheroadmedian,asan
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Figure6.Datacompletenessanalysis.(a)Built-yearcounty-levelcompletenessand(b)census-place-levelcompleteness,(c)gridcells
withoutbuilt-yearinformation,and(d)trendsofbuilt-yearcompletenessacrosstherural–urbancontinuum.Censusplaceboundariesshown
in(b)aregeneralizedusingThiessenpolygonsderivedfromplacepolygoncentroidsforreadabilitypurposes.

approximatelocationofthemailbox,incaseswherebuild-
ingsarelocatedfarfromtheroad(seeFig.7c).Theseissues
maypotentiallyresultinlocationalprecisionsbelowthepar-
cellevel(seealsoNolte,2020).Whiletheseeffectsareex-
pectedtobepartiallymitigatedbythe250×250mgridcell
aggregation,ourBUPR,BUPL,andBUAsurfacesmaynot
accuratelyreflectthelocationofactualbuilt-upstructures,
particularlyinruralareas.
Moreover,duetotheZTRAXdatamodel,built-upprop-
ertyrecordsreflectlegalownership.Theserecords may
representanindividuallyownedbuilt-upstructure,suchas
single-familyresidentialbuildings,oranindividuallyowned
multi-familybuilding(residentialincome,i.e.apartments).
Ifhousingunitswithinphysicalstructuresareindividually
owned,eachunitisrepresentedasanindividualproperty
recordintheZTRAXdatabase(multi-ownerrecords,i.e.
condominiums).Thisdesignationalsoappliestoresidential
communities,whichmayencompassmultiplephysicalstruc-
tures(multi-addressrecords).ThispeculiarityoftheZTRAX
datamodelmayleadtomultipleoverlappingrecordsatthe
samelocation.Werefertothesecasesas“multi-recordloca-
tions”(representedintheBUPLsurfaces)andtotheirasso-
ciatedrecordsas“multi-records”.Ifsuchmulti-recordsare
encounteredinregionscharacterizedbyhigh-risebuildings
(seeFig.2c),theirlocationaluncertaintyislow,sincethe
properties(i.e.buildingunits)representedbytheserecords

are,infact,stackedontopofeachother.However,there
arecaseswhensuchmulti-recordsareusedforstructuresor
complexesthatarespatiallymorespreadout,suchasmo-
bilehomeparks(Fig.7d)orplannedcommunities(Fig.7e).
Asillustratedintheseexamples,thereportedlocationsof
thesemulti-recordsmaydeviateconsiderablyfromtheac-
tuallocationand,thus,introducepositionalerrorinthegrid-
dedBUPRandBUPLsurfaces.Moreover,densitiesatthose
locationscanbeexorbitantlyhigh.WhileZTRAXcontains
aconsiderablenumberofsuchlocations(seeSect.4.2.1),
thereare,toamuchlesserextent,multi-recordlocationsas
aresultof“pseudo-locations”.Thesepseudo-locationswere
likelyassignedasroughlocationestimatesforbuilt-upprop-
ertyrecordsinplaceswheredetailedspatialinformationwas
notavailableduringtheoriginaldatabasecreation.Suchan
exampleisshowninFig.7f,wherethehighlightedmulti-
recordslikelyrepresentnearbyproperties.
TheillustrationsshowninFig.7aimtoraiseawareness

amongdatausersthatpositionalaccuracycanbelowin
areaswithmobilehomeparks,sprawlingresidentialhous-
ing,apartmentbuildings,orcondominiums,typicallyrep-
resentedbymulti-recordlocations.Figure7alsoillustrates
thatpseudo-locationsmaybethereasonforextremeBUPR
countsinsparsely,ruralregionsorindevelopingareas.
Whiletheeffectsofspatialgeneralizationcannotbequan-
tifiedwithoutmanualchecksagainstaerialimageryorthe
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Figure7.VariationsinpositionalaccuracyandgeneralizationlevelsintheZTRAXdatabase:exampleof(a)highlyaccuratesettlement
locationsinadenseresidentialneighbourhooddominatedbysingle-familyhomes,(b)settlementlocationsofmediumpositionalaccuracy,
and(c)settlementlocationsoflowpositionalaccuracyinruralpartsoftheUSA.Spatiallygeneralizedsettlementlocations(i.e.multi-record
locations)for(d)amobilehomeparkand(e)aplannedcommunityorcondominium;(f)arareagglomerationofrecords,likelyresulting
frompseudo-locationsassignedduringdatabaseworkinprogress.Basemapimageryfrom©Microsoft2020.

useofrarelyavailablevolumetricbuildingdata,wecon-
ductedaspatialanalysisofthesemulti-recordlocations(see
Sect.4.2.1).Thisanalysisprovidesadditionalinsightinto
howandtowhatdegreemulti-recordlocationsandtheas-
sociatedpotentialpositionalerrorsmaybiasthegenerated
BUPRandBUPLsurfaces(seealsoAppendixD).

4.2.1 Analysingspatialgeneralizationeffects

Outof117.5millionbuilt-uppropertyrecordsintheCONUS
in2016,thereare89.5%referencedtouniquespatialloca-
tionsand10.5%sharethegeospatiallocationwithatleast
oneotherrecord(i.e.multi-records).Amongthe101.7mil-
lionbuilt-uppropertylocations,96.7%containasingle
recordandonly3.3%containtwoormorerecords(i.e.
multi-recordlocations).Fromthese3.3%,aproportionof
6.7%ofthemulti-recordlocationscontainsbuilt-uprecords
thatincludemobilehomeparksandotherresidential-income
properties,and27.9%ofthemulti-recordlocationscontain
usagetypesrelatedtoofficespace,plannedcommunities,or
residentialcondominiums.Thus,thepotentialpositionalin-
accuraciesdiscussedaboveaffectonlyasmallproportionof
thedata,asthesenumbersindicate.

Forexample,Fig.8ashowstheBUPR2016surfacefor
Denver,Colorado,andFig.8bshowsonlythegridcellsthat
containatleastonemulti-recordlocation.Itisnotsurpris-
ingthatthesegridcellsaremainlyfoundinthedowntown
area(mapcentre),whichisdominatedbyhigh-risecom-
mercialbuildingsandofficecondominiums.Additionally,we
usedalandusetypeattributereportedforeachrecordin
theZTRAXdatabase(McShaneetal.,2021)toanalysethe
usagetypeatmulti-recordlocations.Todoso,weflagged
multi-recordlocationsinvolvingofficeorresidentialcondo-
miniumsandlargeresidential-incomeproperties(e.g.mo-
bilehomeparks,largeapartmentcomplexes).Gridcellswith
multi-recordlocationsnotinvolvingofficeorresidentialcon-
dominiumsormobilehomeparksareshowninFig.8candd,
respectively.Mostofthesemulti-recordlocationsholdtwo
orveryfewmulti-recordsandlikelyrepresentparcelswith
multiplebuildings,e.g.commerciallyorindustriallyused
parcels.Afewspatiallyisolatedgridcellsinperi-urbanareas
(Fig.8d)indicatemulti-recordlocationsholdinghighernum-
bersofmulti-recordsandmayrepresentpseudo-locations
indevelopingareas,whichwilllikelyberefinedinfuture
ZTRAXdatabaseversions.However,multi-recordlocations
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Figure8.Analysisofmulti-recordlocations.(a)BUPRsurfaceforDenver,Colorado;(b)BUPRsformulti-recordsonly;BUPRsformulti-
records(c)withoutresidential-incomelanduseand(d)withoutresidentialincomeorcondominiums;(e)rank–sizeplotsofmulti-record
locations(size=numberofmulti-recordsperlocation)fordifferentlandusecategories.

containingextremelyhighnumbersofrecordsareveryrare
andfollowarank–sizedistribution,astherank–sizeplotsin
Fig.8esuggest.Usersareabletomitigatetheeffectofthese
locationsusingtheaccompanyingpositionaluncertaintysur-
face(Sect.4.4.1).SeeAppendixDforfurtheranalysesof
multi-recordlocations.

4.2.2 Positionalaccuracyacrossmultiplespatial

resolutions

DuetothenatureoflocationalinformationinZTRAX,the
createdBUPRandBUPLsurfacesdonotnecessarilyreflect
thepreciselocationsofphysicalbuilt-upstructures,asprevi-
ouslydiscussed.Lowerlevelsofprecisionduetolargepar-
celsizes(Fig.7b,c)andspatialgeneralizationeffectsintro-
ducedbycertaintypesofmulti-recordlocations(Fig.7d–f,
Sect.4.2.1)generatepositionaluncertaintyintheresulting
surfaces.Toquantifypositionalaccuracyofthe2016BUPR,
BUPL,andBUAsurfaces,weconductedacell-by-cellmap
comparisonagainstthereferencesurfacegeneratedfromthe
MSBFdata(Sect.3.2.1).
Whilepositionalagreementassessmentusingmapcom-
parisontechniquesisacommonlyappliedmethodinremote
sensingandrelatedsciences,itassumessemanticcompati-
bilitybetweenreferencedataanddataundertest;i.e.thege-
ographicprocessmeasuredbybothdatasetsshouldbeiden-
tical.Inourcase,wecomparebuildingoutlinestolocations
derivedfromparcelcentroidsoraddresspoints,possiblyre-
sultinginspatialdisagreementbetweenthe(gridded)testand
referencedata,eventhoughbothdatasetsareinagreement
(i.e.ZTRAXlocationandbuildingfootprintarewithinthe

sameparcelboundaries).Hence,spatialdisagreement(i.e.
falsepositiveorfalsenegativeinstances)isassumedifwe
canruleoutthatthedisagreementisinducedbyspatialoff-
setsduetodifferentsemantics(i.e.parcelcentroidorad-
dresspointvs.buildingfootprint)andspatialgranularity(i.e.
discretepointvs.polygon)betweenunderlyingtestandref-
erencedata.Ourmethodmodelstheprobabilitythatposi-
tionaldisagreementisinducedbysuchspatialoffsetsandis
basedonthecontemporaryBUA2016surface(Fig.9a)which
iscomparedagainstabinarybuilt-uppresencesurfacede-
rivedfromMSBFdata(Fig.9b).Thismulti-scaleapproach
(seeAppendixEfordetails)quantifiesagreementatmultiple
spatialaggregationlevels(i.e.cellsizes)andgeneratesasur-
faceofoffset-inducedmisclassificationprobability(Fig.9c–
f).
Weestablishedconfusionmatricesforeachaggregation

level,withincountyandcensusplaceboundaries,andas-
sessedtheagreementseparatelyforeachcounty-levelrural–
urbancontinuumcode(RUCC)withincountyandplace
polygons(seeFig.5h,i),excludingcountieswithoutZTRAX
datacoverage(Fig.6a,b).Thisapproachallowsforextract-
ingpositionalagreementmeasures(i.e.precisionoruser’s
accuracy,recallorproducer’saccuracy,andFmeasure)
acrossaggregationlevelsandacrosstherural–urbancontin-
uum,bothwithincensusplaceboundariesandoverall(within
countyboundaries,i.e.includingscatteredruralsettlements
outsideofcensusplaces).Therearehighlevelsofprecision
acrossallRUCCs,particularlywithincensusplacebound-
aries(i.e.>0.89;Fig.10a).Recallshowsslightlylowerval-
uesnotonlyinruralregions(i.e.RUCCs6–9)butalsoin
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Figure9.Cross-scalepositionaluncertaintysurfaces:(a)contemporary,ZTRAX-derived,settledareas(i.e.BUAsurfacefrom2016);(b)cor-
respondingreferencesurfacederivedfromMSBFdata;(c)resultingspatialdisagreementsurfaceindicatingtheestimatedoffset-induced
misclassificationprobability;(d)subsetshownforaregionwestofSpringfield,Missouri;andenlargementsshowingregionscharacterized
by(e)disagreementlikelyintroducedbyspatialoffsetsand(f)falsenegativesunlikelytohavebeenintroducedbyspatialoffsetsbutrather
bymissingdata.

urbanregions(i.e.0.88)whichislikelyduetotheomis-
sionofpubliclyownedbuildingsinZTRAX.Whenevaluat-
ingagreementusingcountyboundaries(i.e.includingsettle-
mentsnotincorporatedintocensusplaces,suchasdispersed,
ruralsettlements,Fig.10b),weobserveadropinaccuracy,
inparticularforrecallinruralareas.Thisdeclineindicates
lowerlevelsofcompletenessofZTRAXinpredominantly
ruralplacesbutmayalsoberelatedtoinaccuraciesinthe
MSBFdata(seeAppendixF).Allaccuracymeasuresin-

creasewithanincreasingspatialaggregationlevel,inpar-
ticularinruralareasforaggregationfactors2and4(corre-
spondingto500and1000m,respectively),whereoffsetsbe-
tweenunderlyingZTRAXlocationsandbuildingfootprints
maybelarge(seeFig.9e).Inthesecases,thespatialaggre-
gationmethodisparticularlyeffectiveandlikelyprovidesa
moreunbiasedaccuracyestimate.
Moreover,weexaminedhowtheoffset-inducedmisclas-

sificationprobabilitychangesacrosstherural–urbancontin-
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Figure10.Positionalaccuracyassessmentresults:precision,recall,andFmeasurebetweencontemporarybuilt-upgridcellsderivedfrom
the2016BUPRsurfaceacrosstherural–urbancontinuumandformultiplespatialaggregationlevels,(a)evaluatedwithin2010census
placeboundariesand(b)evaluatedwithinallCONUSlandmass(excluding82countieswherenoZTRAXdataareavailable);(c)piecharts
showingtheproportionsofagreementclasses(outerrings)andprobabilitycategoriesofdisagreementinducedbyspatialoffsetsbetween
testandcontemporarybuildingfootprintdatawithineachdisagreementclass(innerrings),shownforstrataofRUCCs1(highlyurban),5
(intermediate),and9(mostrural),respectively;andtrajectoriesofaccuracymeasuresovertimeforcountiesof(d)lowbuilt-updensityand
(e)highbuilt-updensity,againstthevalidationdatabaseMTBF30.

uum.AsillustratedinFig.10c,whichisbasedoncalcula-
tionswithincountyboundaries,weobservethatthepropor-
tionoffalsepositivesandfalsenegativeswithhighoffset-
inducedmisclassificationprobabilityincreasessteadily,from
24%ofthetruepositivesinurbancounties(RUCC1)to
53%inintermediatecounties(RUCC5)to82%inthemost

ruralcounties(RUCC9).Basedontheseobservationsand
giventhespatialoffsetsbetweenZTRAXdataandvalidation
buildingfootprintdata,weassumethatoffset-inducedbiasis
themaincauseforlowrecallmeasurementsinruralsettings.
Hence,theaccuracytrajectoriesforaggregationlevels2or
even4(Fig.10a,b)arelikelytoshowamorerealisticpicture
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oftheagreementbetweentheBUPR–BUPLsurfacesandthe
validationdata.

4.2.3 Positionalaccuracyovertime

Whilethepreviousassessmentillustratesaccuracytrajecto-
riesacrosstherural–urbancontinuum,itisbasedonthecon-
temporarybuilt-upareas(i.e.derivedfromtheBUPR2016
surface)anddoesnotassessaccuracyvariationsovertime.
Sinceourpreviousworkontemporalaccuracytrajecto-
ries(LeykandUhl,2018a)hasnotdifferentiatedbetween
predominantlyurbanandruralplaces,wefillthisgapby
computingpositionalagreementmeasuresofthebinarized,
multi-temporalBUPRsurfacesagainstthereferencesurfaces
generatedfromourdatabaseMTBF30,foreachhalfdecade
andseparatelyforhigh-densityandlow-densitycounties(see
Sect.3.2.2).Sincethisreferencedatabasecovers30coun-
tiesintheUSAand,thus,representsarathersmallsam-
ple,wecomputedcounty-levelbuildingdensitiesbasedon
thereferencedata.Usingthe75thpercentileofbuildingden-
sitymeasuresforeachpointintimeasathreshold,wesep-
aratedthe30countiesintocountiesofpredominantlylow
andhighbuilt-updensity(TableB1),ratherthanusingthe
USDARUCCstemporallyreferencedto2013.Resultsare
showninFig.10dandeforpredominantlyruralandur-
bancounties,respectively,indicatinghighlevelsofprecision
sincetheearly1800s,whereasrecalldropsalmostlogarith-
micallywhengoingbackintime.Thisindicateshigherlevels
ofomissionerrorsforstructuresestablishedpriorto1900.
However,itisalsoaffectedbylargerpositionaloffsetsbe-
tweenZTRAXandbuildingdataforolderstructures.Pre-
viousworkincludedamulti-temporalaccuracyassessment
acrossdifferentlevelsofspatialaggregation(LeykandUhl,
2018a)andshowedthat,foraspatialaggregationlevelof
1250m,recallvaluesin1850increasetoover0.75.More-
over,accuracylevelsareslightlylowerinpredominantlyru-
ralcounties(Fig.10d)thaninurbancounties(Fig.10e).

4.3 Assessingquantityagreement

Lastly,weassessedthequantityagreementofthecounts
reportedintheBUPRandBUPLsurfaceswithourval-
idationdatasetsatdifferentspatial-granularitylevelsand
acrossdifferentdomains:(a)agreementovertimebetween
county-levelhousingunitcountsobtainedfromtheUScen-
sus(Sect.4.3.1),(b)agreementacrosstherural–urbancon-
tinuumatgrid-cell-levelbuildingcountsgeneratedfromthe
MSBFdataset(Sect.4.3.2),and(c)agreementovertime
againstourdatabaseMTBF30(Sect.4.4.3).Sincethevali-
dationdatasetsarebasedondifferentmeasurementsbutare,
toacertaindegree,semanticallycoherentwiththeBUPRand
BUPLsurfaces,weexpectedcertainlevelsofdisagreement
whencomparingthesecountsbuthighlevelsofassociation
andcorrelationovertime.

4.3.1 Multi-temporalquantityagreementagainst

census-basedhousingstatistics

Wevisualizedthedistributionsofcensus-basedcounty-level
housingunitcountsandbuilt-uppropertycounts,aggre-
gatedtocountyboundariesoftherespectivecensusyears
(Fig.11),for1890–1940and1970–2010andseparatelyfor
countiesofpredominantlyrural(Fig.11a)andurbancharac-
ter(Fig.11b).Weobtainedtheserural–urban-stratification-
baseddensitypercentilesforeachpointintime,asdescribed
inSect.4.2.3. Weobserveverysimilartrendsinbuilt-up
propertiesandhousingunitsovertime,withcensushousing
unitssystematicallyexceedingtheZTRAX-derivedbuilt-up
propertycounts.Thisdifferencemaystemfromresidential-
incomehousing,suchaslargerental-basedapartmentcom-
plexes,thatappearsasasinglepropertyrecordinZTRAX
butisrepresentedasmultiplehousingunitsinthecensus
data. Whilethisexplainsthedifferencesinurbancounties
(Fig.11b),thedeviationsinruralcounties(Fig.11a)maybe
aresultofhigheromissionerrors(i.e.lowerrecallvalues)
intheZTRAXdatainearlierpointsintime(seeFig.10).
AgreementtrendsderivedforBUPLsurfaceslooklargely
similarasindicatedbythetimeseriesofPearson’scorre-
lationcoefficients(Fig.11e).Thecorrelationsarehighfor
bothBUPRsandBUPLsinhigh-densitycounties(i.e.>0.8
sincetheyear1900)butexhibitlowerlevelsofagreement
inlow-densitycounties,duetohigheromissionerrorsinthe
ZTRAXdatabaseinruralsettings,wheredatatendtobeless
reliableandcadastraldataacquisitionmaynotbeaprior-
ity.Moreover,weobserveanincreasinglylinearrelationship
overtimebetweenBUPR–BUPLandcensus-basedhousing
unitcounts(Fig.G1b,c,d).

4.3.2 Quantityagreementacrosstherural–urban

continuum

TherelationshipsatthegridcelllevelbetweentheBUPR
2016surfaceandthereferencesurfacederivedfromMSBF
data(Sect.3.2.1)showacleartrendacrosstherural–urban
continuum(Fig.11c).Whilemostgridcellpairsarefound
nearthemaindiagonalinthesescatterplotsinurbancoun-
ties(RUCC1),asecond(lower)branchisvisible.This
branchresultsfromgridcellsofhighBUPRbutlowrefer-
encebuildingcounts,likelyrepresentinghigh-risebuildings,
largeapartmentbuildings,andofficecondominiums.More-
over,thisprogressionillustratesthedensitydeclinefromur-
bantowardsruralsettings.Thecorrespondingrobustregres-
sionresults(Huber,1973;seealsoFig.G1)indicatelin-
earrelationshipswithslopevaluesofaround1.0forboth
BUPRandBUPLsurfaces.TheslopefortheBUPRdistri-
butionislower(0.68)inruralcounties(RUCC9),likelya
resultoffew,butveryhighlyvalued,multi-recordlocations,
potentiallyrepresentingpseudo-locationsoccurringinrural
regions(seeSect.4.2.1).IncomparisontotheBUPRre-
gressionlines,theslopecoefficientsfromtheBUPL-based
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Figure11.Resultsofthequantityagreementanalysis:US-widetrendsofhousingdevelopmentfrom1890to2010accordingtoUScensus
dataandBUPR-derivedtrajectoriesforstrataof(a)ruraland(b)urbancounties(separatedbythe75thpercentileofthedecennialcensus
datadistributions);(c)grid-cell-wisequantityagreementbetweentestdataandMSBFdatain2016,shownforcountiesofUSDARUCCs1
(urban),5(intermediate),and9(rural);(d)multi-temporaltrendsofquantityagreementwithbuildingcountsderivedfromMTBF30in1900,
1950,and2000;andtimeseriesofPearson’scorrelationcoefficientsforcounty-levelBUPR–BUPLsummaries(e)againstUScensushousing
unitcountsand(f)againstthemulti-temporalbuildingfootprintreferencedatabaseatthe250mgridcelllevel.Panels(c)and(d)alsoshow
aregressionlineobtainedfromrobustlinearregression.
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regressionmodelsareconsistentlycloserto1.0,indicating
slightlystrongerassociationsbetweenbuilt-uppropertylo-
cationsandbuildingcounts.R2valuesoftheseregressions,
aswellasthecorrelationcoefficientsforeachhalfdecade,
areconsistentlyveryhighacrossallRUCCs(Fig.G1h).
TheyexhibitslightlyhighercorrelationsforBUPLsthanfor
BUPRs,withslightdropsinhighlyurbanandhighlyrural
strata(Fig.G1e).

4.3.3 Quantityagreementovertimeatthegridcelllevel

BUPR–BUPLandgriddedbuildingfootprintcountsderived
fromMTBF30(Fig.11d)showageneralincreaseinboth
buildingandbuilt-uppropertyrecordcountsatthegridcell
levelacrossthe20thcentury.Countsincreasenotablyduring
thefirsthalfofthe1900s(i.e.densification),whilegrowth
inbuilt-upareaafter1950occurredincreasinglyalsointhe
formofsuburbanexpansion(Leyketal.,2020).Theserela-
tionshipsarehighlylinearacrossallpointsintime.Similarto
theobservationmadeinRUCC1counties(Sect.4.3.2),the
surfacesintheyear2000showanemergingaccumulation
ofgridcellswithhighBUPRvaluesbutlowbuildingcounts
(likelyhigh-risebuildings,plannedcommunities,etc.).Inad-
dition,largernumbersofdatapointsabovethemaindiagonal
appearafter1950,i.e.wherereferencebuildingcountsex-
ceedthenumberofpropertyrecords.Thisresultmaybeat-
tributedtosomeunderestimationintheZTRAXdatabasebut
ismorelikelytobearesultofincreasingnumbersofprop-
ertieswithseveralphysicallyseparatedbuildings,suchas
garages,sheds,orcarportscontainedinthereferencebuild-
ingdatabase.ThesedatapointsalsocausetheBUPLre-
gressionlineslopesof>1.0,whichwedonotobservein
theMSBF-basedscatterplots(Fig.11c).Thisobservationis
likelyaneffectofthelowsamplesizeinthemulti-temporal
buildingdatabase(1%ofUScounties)ascomparedtothe
MSBFdatacoverage,andtheunder-representationofhigh-
risebuildingslocatedinhighlyurbansettings.
Correspondingcorrelationtimeseries(Fig.11f)reveal
severalinterestinginsights.First,correlationlevelsovertime
arefairlyhighbackto1850anddropbelow0.8onlypriorto
that.Second,correlationbetweenbuildingcountsandBU-
PLsareconsistentlyhigherovertimethanforBUPRs,indi-
catingthatchangesinthenumberofbuildingsovertimeare
reflectedbetterintheBUPLsurfacesthanintheBUPRsur-
faces,likelyaresultofmulti-recordlocationsholdinglarge
numbersofpropertyrecords.Third,correlationsarehigher
inthelow-densitycountiesthaninhigh-densitycountiesand
arelowestforBUPRsinhigh-densitycounties.Thistrend
islikelyduetohighernumbersofmulti-apartmentbuildings
inhigh-densityareasascomparedintolow-densityareas,
resultinginlargerdeviationsofBUPRsfromthenumber
ofphysicalbuilt-upstructureswithingridcells.Thehigher
correlationsinlow-densitycountiesaresurprising,sincewe
foundlowcorrelationstocensus-basedhousingunitcounts
inrural(low-density)counties(Fig.11e).Moreover,stable

slopevaluesandhighR2valuesovertimefrom1850im-
plyastronglylinearrelationshipbetweenBUPR–BUPLand
MTBF30data(Fig.G1j).Theseobservationsrevealthatthe
BUPRandBUPLsurfacesholdgreatpotentialtodescribe
changesinthebuiltenvironmentacrossdifferentsettingsbut
showdifferentassociationswithhousingtrendsasreported
anddefinedbythecensusovertime,particularlyinruralset-
tings.Aquantitativeassessmentofthedifferencesbetween
BUPR–BUPLcountsandthereferencedatacountscanbe
foundinFig.G2.

4.4 Accompanyinguncertaintysurfaces

Toallowuserstomitigateandreducetheeffectsofloca-
tionaluncertaintyinherentintheBUPR,BUPL,andBUA
surfaces,weprovidethreeaccompanyinguncertaintysur-
facesataspatialresolutionof250m(UhlandLeyk,2020d).
Thesesurfacesare(a)a“multi-recordcountsurface”,as
ameasureofpotentialpositionaluncertaintyduetospa-
tialgeneralizationoftheunderlyingZTRAXdatarecords
(Sect.4.2.1);(b)apositionalreliabilitysurface,containing
theagreement–disagreementtypeforeachgridcell,obtained
bymapcomparisonagainsttheMSBF-derivedreferencesur-
face(Sect.4.2.2);and(c)abuilt-yearmissingnesssurface,
flagginggridcellscontainingbuilt-uppropertiesbutnobuilt-
yearinformation(Fig.5c).

4.4.1 Multi-recordcountsurface

Themulti-recordmaximasurfacecontains,foreachgridcell
intheCONUS,themaximumnumberofbuilt-upproperty
recordswiththesamegeolocation.Thiscountdoesnotin-
cludeanyresidential-incomeorofficeorresidentialcondo-
miniumlandusetype,asshowninFig.8d.Extremegridcell
valuesinthisgriddedsurfacemayindicatethepresenceof
pseudo-locations(seeSect.4.2.1).Thedatausercandecide
howtoemploythissurfacetomaskoutlocationsinquestion
byapplyingasuitablethreshold.

4.4.2 Positionalreliabilitysurface

Thepositionalreliabilitysurfaceisasimplifiedversionof
theprobabilisticagreement–disagreementsurfaceshownin
Fig.9c–f,containingthreeclasses(i.e.truepositive,false
positives,falsenegatives)resultingfrommapcomparison
againsttheMSBFdata.Thissurfaceenablesthedatauser
toidentifygridcellsthatrepresentcommissionandomission
errorswithrespecttoMSBFdata,suchassub-county-level
datagapsnotcapturedinthecounty-leveluncertaintystatis-
ticsavailablefortheHISDAC-US(LeykandUhl,2018d).
Suchsub-county-leveldatagapsare,inpart,duetothepre-
viouslydescribedomissionofpubliclyownedbuildingsin
ZTRAX(seeAppendixC).Here,itisworthnotingthatmany
citiesprovidegeospatialdatasetsindicatingthelocationof
theirpublic-housingbuildings(seee.g.NYCHousingAu-
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Table2.OverviewofalldataproductscurrentlycontainedintheHISDAC-US.

Dataproduct DOI Datacitation

Built-uppropertyrecords(BUPRs) https://doi.org/10.7910/DVN/YSWMDR UhlandLeyk(2020a)
Built-uppropertylocations(BUPLs) https://doi.org/10.7910/DVN/SJ213V UhlandLeyk(2020b)
Built-upareas(BUAs) https://doi.org/10.7910/DVN/J6CYUJ UhlandLeyk(2020c)
BUPR–BUPL–BUAuncertaintysurfaces https://doi.org/10.7910/DVN/T8H5KF UhlandLeyk(2020d)

PublishedinLeykandUhl(2018a)

Built-upintensity(BUI) https://doi.org/10.7910/DVN/1WB9E4 LeykandUhl(2018b)
Firstbuilt-upyear(FBUY)composite https://doi.org/10.7910/DVN/PKJ90M LeykandUhl(2018c)
County-leveluncertaintystatistics https://doi.org/10.7910/DVN/CXD9BW LeykandUhl(2018d)

thority,2020;CityofLosAngelesController’sOffice,2017)
atleastforcontemporaryperiods,andsuchdatacouldbe
usedtoquantifyandmitigatethesespecificomissionerrors
indetail. Moreover,positionaluncertainty(i.e.deviations
fromactualbuildinglocations)maybeintroducedbyim-
precisegeolocationsasaresultofZillow’sgeocodingand
spatialrefinementstrategy.Besidesthispositionalreliability
surfacederivedfromtheMSBFdata,wereferthereaderto
previouslypublishedpositionaluncertaintysurfacesthattake
intoaccounttheparcelsizeofaZTRAXrecordandthedis-
tanceofagivengeolocationtothegridcelledges(Leykand
Uhl,2018b).

4.4.3 Built-yearmissingnesssurface

Thebuilt-yearmissingnesssurfaceflagsgridcellsthatcon-
tainbuilt-uppropertyrecordsbutnobuilt-yearinformation,
allowingdatausersforexcludingregionswherechanges
overtimecannotbedirectlymeasured.Thisbinary“no-built-
year”(NBY)surfaceis,insimilarform,containedinthe
FBUYsurface(gridcellsofvalue1;LeykandUhl,2018a,c).
Whilethisbinarysurfaceallowsforexcludinggridcells
withoutanytemporalinformation,usersmaybeinterested
inexcludinggridcellsbasedoncertainproportionsoflo-
cations(i.e.BUPRs)withoutbuilt-yearinformation.Todo
so,werefertoourpreviouslypublisheddataset“TPixMiss”
(Temporalpixelmissingness)containingthenumberofBU-
PLswithoutbuiltyearpergridcell(LeykandUhl,2018b).

5 Codeavailability

Sourcecodefordataextraction,processing,andanalysisis
availablefromtheauthorsuponreasonablerequest.

6 Dataavailability

The described datasets are part ofthe Historical
Settlement Data Compilationforthe United States
(https://dataverse.harvard.edu/dataverse/hisdacus,
lastaccess: 25January 2021)andareavailableat

https://doi.org/10.7910/DVN/YSWMDR (BUPR, Uhl
and Leyk, 2020a), https://doi.org/10.7910/DVN/SJ213V
(BUPL, Uhl and Leyk, 2020b), and
https://doi.org/10.7910/DVN/J6CYUJ (BUA, Uhl and
Leyk,2020c).Thedataareprovidedasgeospatialraster
layers,ataspatialresolutionof250×250m,onelayer
foreach5-yearperiod,from1810to2015. Gridded
datasetsarespatiallyreferencedusingtheAlbersequal-area
conicprojectionforthe CONUS(SR-ORG:7480),and
dataareavailableinGeoTIFFformatusingLZWdata
compression.Theuncertaintysurfacesaccompanyingthe
BUPR,BUPL,andBUAsurfacesaretheno-built-year
(NBY)surface,the multi-record maximasurface,and
thepositionalreliabilitysurfaceandarealsoavailableas
griddeddatasetsathttps://doi.org/10.7910/DVN/T8H5KF
(UhlandLeyk,2020d),atidenticalspatialresolution
andreference,inthe HISDAC-USdatarepository.The
firstbuilt-upyearsurface(Leykand Uhl,2018c),the
built-upintensitysurfaces(Leykand Uhl,2018b),and
county-leveluncertaintystatistics(LeykandUhl,2018d),
asdescribedinLeykandUhl(2018a),arealsoaccessible
at https://dataverse.harvard.edu/dataverse/hisdacus (last
access:25January2021).SeeTable2foranoverviewofthe
differentdataproducts.

7 Conclusions

Thisdatadescriptionintroducesanovelfine-grainedbuild-
ingdatasetthatspans2centuriesofdevelopmenthistory
intheUnitedStates.Byprovidinguniqueinsightintothe
long-termdynamicsofurbanizationandthebuiltenviron-
ment,thespatiotemporalrichnessofthisdatasetvastlyex-
pandstheopportunitiestostudylanduseandlandcover
changeoverextendedperiodsoftime.Thesegeospatialgrid-
dedsurfacesnotonlyenablethemeasurementofphysical
buildingdensitythroughtimebutalsocanbeflexiblyinte-
gratedwithstandarddemographicdatasourceslikethede-
cennialcensus. Whilenoreferencedatacanfullyvalidate
adatasourceofthisscaleandscope,weconductedcross
comparisonsofthecountsprovidedintheBUPRandBUPL
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surfacestoavarietyofvalidationdatasets.Whileourexer-
cisesrevealgenerallyhighlevelsofreliability,thereissub-
stantiallyhigheruncertaintyinourobservationsfrombefore
1850.Theabsenceofinformationonbuildingteardownsor
replacementsintheZTRAXdataisoneplausibleexplanation
forthisinconsistency.Infuturework,wewillteststrategies
toquantifytheseuncertaintiesindetailbyemployingauxil-
iarydatasources.Thiswillpotentiallyenableustoprovide
refineduncertaintyestimatesofevencorrecteddatasets.Pre-
liminarytestshaveshownpromisingresultsandthatthisis-
suehasonlyminoreffectsonanalyticaloutcomes(Uhletal.,
2021).Thissaid,byutilizingouruncertaintyestimates,data
userscanincorporateuncertaintyintotheiranalysesandmit-
igatedatadiscrepancies.Thesenewdataproductsprovide
anunprecedentedbaselineforthemodellingofspatiotempo-
ralphenomenarelatedtourbanization,landusetransitions,
andevendemographicchange(seeLeyketal.,2020).More-
over,manyofthechallengeshighlightedinthisarticlecan
betackledthroughthedevelopmentofcutting-edgedataim-
putationstrategies.Takentogether,thisdatasetwillenable
predictivemodelstolearnfromthepast,tobetterpredictfu-
tureenvironmental,social,ordemographicscenarios.Lastly,
theseBUPRandBUPLgriddeddatasetsarethenewestcon-
tributiontoourexpandingHISDAC-UScompilation,which
ismakinguniqueindustry-generateddataderivativesavail-
abletoscientistswithinandbeyondtheEarthsystemsre-
searchcommunity.
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AppendixA:GeographiccoverageofMTBF30

TableA1.Listof30countiescoveredbythemulti-temporalbuildingfootprintdatabase(MTBF30).

County State Population2015 Area[km2] %built-upaccordingtoreferencedata

Low-densitycounties(stratificationin2015)

BentonCounty Oregon 86414 1747 0.9
FranklinCounty Massachusetts 70927 1876.8 1.9
BerkshireCounty Massachusetts 128565 2451 2.6
BoulderCounty Colorado 313864 1780.4 3.3
HampshireCounty Massachusetts 161106 1413.5 4.1
CarverCounty Minnesota 97396 970 4.2
DukesCounty Massachusetts 17320 319.5 4.6
ManateeCounty Florida 351771 2064.4 6.5
NantucketCounty Massachusetts 10821 155.5 6.5
WorcesterCounty Massachusetts 814972 4087.1 6.5
WashingtonCounty Minnesota 249320 1092.8 7.0
DakotaCounty Minnesota 412182 1522.3 7.8
HampdenCounty Massachusetts 469566 1641.9 8.3
PlymouthCounty Massachusetts 507050 1822.3 9.3
VanderburghCounty Indiana 181918 609.2 9.7
AnokaCounty Minnesota 341742 1153.1 10.3
SarasotaCounty Florida 397024 1569.5 11.2
BristolCounty Massachusetts 554626 1529.6 11.4
EssexCounty Massachusetts 770486 1388 12.2
BarnstableCounty Massachusetts 214665 1177.8 12.3
BaltimoreCounty Maryland 827794 1623.9 12.6
HillsboroughCounty Florida 1318325 2800.3 13.4
MonmouthCounty NewJersey 629018 1255.9 15.5

High-densitycounties(stratificationin2015)

NorfolkCounty Massachusetts 692688 1083.9 16.5
MiddlesexCounty Massachusetts 1572523 2196.6 16.7
HennepinCounty Minnesota 1212097 1566.4 20.8
MecklenburgCounty NorthCarolina 1011928 1409.6 23.8
RamseyCounty Minnesota 533634 439.5 30.8
SuffolkCounty Massachusetts 769809 177.9 38.2
NewYorkCity NewYork 8537673 781.1 54.3
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AppendixB:Cityextentcomparison

FigureB1.SizerelationshipsbetweencityextentsshowninFig.3.
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AppendixC:Assessingtheeffectsofpublicbuilding

andhousingomission

BasedontheauxiliarydatasetsdescribedinSect.3.2.5,we
calculatedcounty-levelsumsofpublicstructuresfromthe
USGSNationalStructuresDataset(e.g.schools,hospitals,
governmentalbuildings)andofpubliclyownedhousingunits
(e.g.establishedforlow-incomerentersbyhousingassis-
tanceprogrammes),reportedbytheHUD,andcovering1934
countiesintheconterminousUSA.Moreover,wecalculated
thenumberofpublicamenities,reportedinOpenStreetMap,
asacrosscomparisontothepublicstructuresreportedby
theUSGS.Morespecifically,weusedobjectsfromtheOSM
databasewiththekey“amenity”thataretaggedasoneof
thefollowingusagetypes:publicbuilding,townhall,library,
police,hospital,school,communitycentre,university,social
facility,nursinghome,clinic,courthouse,monastery,place
ofworship,postoffice,prison,orcollege.
Toquantifytheproportionofstructuresthatmaybeomit-
tedbyZTRAX,wecalculatedtheproportionsofthesecounts
withrespecttotheestimatedtotalnumberofstructuresor
housingunitspercounty(i.e.thesumsofpublicentitiesand
ZTRAX-derivedcounts).AscanbeseeninFig.C1,these
proportionsarebelow5%forthelargemajorityofcounties.
Thus,theomissionofpublicpropertiesinZTRAXcauses
anunderestimationofapproximately5%ofthetotalnumber
ofBUPRsandBUPLsinmostcounties.Fordetailedanaly-
sesatlocalscales,usersmayemploythedescribedauxiliary
datasets(Sect.3.2.5)tomitigatetheseomissionerrors.

FigureC1.AssessmentofomissionerrorsintroducedbylackinginformationonpubliclyownedbuildingsinZTRAX:frequenciesofcounty-
levelproportionsof(a)publicstructures,(b)public-housingunits,and(c)publicamenities,referredtotherespectivecounty-levelsumsof
BUPRsorBUPLs.Notethatthey-axisrangediffersbypanel.
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AppendixD:Assessmentofmulti-recordbuilt-up

propertylocationsacrossdifferentdomains

Weanalysedtheusagetypesofmulti-recordlocationsatthe
countylevelacrossdifferentdomains.Countieswithhigh
numbersofmulti-records(Fig.D1a)andcountieswithhigh
built-updensity(Fig.D1b)exhibithighproportionsofof-
ficeorresidentialcondominiums.Moreover,thetotalbuild-
ingindoorareareportedatmulti-recordlocationsisgreater
whencondominiumsareinvolved(Fig.D1c).Conversely,we
observenarrowbuilt-yearrangesatmulti-recordlocations
involvingcondominiums(Fig.D1d).Thesetrendsreflect
somegeneralcharacteristicsofcondominiumsandplanned
communities:theytendtobebuilt-upinshortperiodsof
time,beclosetodenselyratherthansparselypopulatedre-
gions,andconstitutelargesharesofthelocalbuilt-upin-
tensity.Analysingthedistributionsofmulti-recordsforeach
individualmulti-recordlocation,ratherthanlookingatgen-
eraltrendsofmulti-recordlocationsatthecountylevel,we
seeadifferentpicture.AsFig.D1eindicates,largepropor-
tionsofmulti-recordsareofresidential-incomeusage.Also,
Fig.D1esuggeststhatcondominiummulti-recordlocations
typicallyhave<200records.Multi-recordlocationshold-
inglargernumbersofrecordsthan300arelessfrequent
(seeFig.8e),andtheirusagepatternsaremixed.Theyellow
barstotheveryrightinFig.D1elikelyrepresenttheprevi-
ouslydescribedpseudo-locations,i.e.artificialmulti-record
locationsnotrepresentingresidentialincomeorcondomini-
ums.Ascanbeseen,thesecasesrepresentonlyaminorpro-
portionofallmulti-recordlocationsintheUSAandcanbe
maskedoutorsubtractedusingtheuncertaintysurfacepro-
vided(Sect.4.4.1).
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FigureD1.Detailedanalysisofmulti-recordlocationsacrossdifferentdomains:stackedbarplotswitheachbarrepresentingtheproportions
ofinvolvedlandusetypesatmulti-recordlocationspercounty.Lengthsofthebarsrepresentthelog-transformedtotalnumberofmulti-
recordspercounty,andthehorizontalsortingofthebarsfromlefttorightisbasedon(a)thenumberofmulti-recordspercounty,(b)the
county-levelhousingdensityderivedfrom2010UScensusdata(seeSect.3.2.3),(c)thesumofindoorbuildingareaoverallmulti-records
percounty,and(d)thebuilt-yearrangerecordedatmulti-recordlocations(countyaverages).(e)Distributionsofthenumberofrecordsat
multi-recordlocationsandtheirlanduseproportions,overlaidwiththelog-transformedtotalnumberofmulti-records(white).Sorteddata
seriesin(a)–(d)weresmoothenedbyaslidingmedianfilter(size=50)forimprovedreadability.
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AppendixE: Multi-scaleaccuracyassessmentand

offset-inducedmisclassificationprobability

modelling

First,classicalmapcomparisonisconductedforthecon-
temporaryBUA2016surface(Fig.9a)andreferencesurface
(Fig.9b)attheoriginalspatialresolution(here,250m),re-
sultinginacategoricalgriddedsurfaceindicatingtheagree-
menttype(truepositives,truenegatives,falsepositives,false
negatives,i.e.TP250,TN250,FP250,FN250,respectively).
Then,bothBUA2016andthereferencesurfacesaredown-
sampledbyafactorof2,andagreementtypespergridcell
arere-computed(i.e.TP500,TN500,FP500,FN500).Thisis
doneiterativelyforaspecifiednumberofdownsamplingfac-
tors(here,uptoafactorof4,correspondingtoacellsizeof
2000m),whichindicatesthespatialrangewithinwhichoff-
setsasdescribedaboveareassumedtooccur.Theagreement
typesurfacesofalldownsampledlevelsarethenupsampled
tothenativeresolution(i.e.250m)andstackedintoamulti-
scaledatacube(Fig.E1).Basedonthiscube,cross-scale
trajectoriespergridcellareextractedforeachgridcellthat
wasmisclassifiedatthenativeresolution(TableE1).When
across-scaletrajectoryswitchesfromFPtoTPorfromFN
toTP,aprobabilityofoffset-inducedmisclassificationisas-
signedtothegridcellasafunctionoftheaggregationlevel
wherethisswitchoccurs.Thisprobabilityislowestforgrid
cellsthatremaininFPorFNcategoriesacrossallscalesand
highestiftheswitchtoTPoccursimmediatelyafterthefirst
downsamplingstep.Subsetsofresultingsurfacesindicating
FPsandFNsincludingtheirestimatedoffset-inducedmis-
classificationprobability,aswellastheTPs,areshownin
Fig.9c–f.

EarthSyst.Sci.Data,13,119–153,2021 https://doi.org/10.5194/essd-13-119-2021
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TableE1.Cross-scaledisagreementtrajectoriesandassignedoffset-inducedmisclassificationprobability.

Spatialaggregationlevel Probabilityofoffset-inducedmisclassification

250m 500m 1000m 2000m

FP FP FP FP lowest
FP FP FP TP low
FP FP TP TP medium
FP TP TP TP highest
FN FN FN FN lowest
FN FN FN TP low
FN FN TP TP medium
FN TP TP TP highest

FigureE1.Processingworkflowtogeneratethecross-scaledisagreementcompositesurface.

https://doi.org/10.5194/essd-13-119-2021 EarthSyst.Sci.Data,13,119–153,2021
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AppendixF:Cross-comparingbuildingfootprint

validationdatasets

Linkingtheaccuraciesobtainedforthe mostrecent
pointintimeofthemulti-temporalaccuracyassessment
(Sect.4.2.3;Fig.10d,e)totheUS-wide,contemporaryre-
sults(Sect.4.2.2),weobservelowerrecallvalueswhenvali-
datingagainstMSBFdata(0.3inruraland0.8inurbancoun-
ties,Fig.10b)ascomparedtotherecallobtainedwhenval-
idatingagainsttheMTBF30data(0.85inlow-densitycoun-
tiesvs.0.9inhigh-densitycounties).Thiseffectcouldbe
duetoasamplingbiasasaresultofcomparingaccuracy
measuresderivedacross30counties,selectedonthebasisof
dataavailability,againstapproximately3000counties.An-
otherpossiblecausecouldbehighcommissionerrors(i.e.
lowerlevelsofprecision)intheMSBFdata,forwhich,toour
knowledge,nothoroughvalidationstudyhasbeenpublished.
Thus,weevaluatedthespatialagreementbetweenthebinary
referencesurfacesderivedfromMSBFdata,approximately
representingbuilt-upgridcellsin2016,andthesurfacede-
rivedfromMTBF30in2015.Consideringthelattersurface
asreference,weobserveremarkablylowerlevelsofprecision
inlower-densitycounties(i.e.0.854;seeTableF1)thanthe
overallmeasurereportedby Microsoft(precision=0.993;
Microsoft,2018).Whilewewouldliketoemphasizethatthe
resultsreportedinTableF1needtobefurtherevaluatedcrit-
ically,sincethevalidationdatasetonlycoversapprox.1%
ofUScounties,theypartiallyexplainthelowrecallvalues
forthe2016BUPRsurfacereportedinSect.4.2.2.Thus,it
ispossiblethatthereisabiasintheMSBFdataresultingin
higher-than-expectedcommissionerrorsinruralareas.

TableF1.CrosscomparisonofMSBFdataagainstbuildingfootprintsfromintegrated30-countiesdatabase.

Agreementmeasure Allcounties High-densitycounties Low-densitycounties

Percentagecorrectlyclassified 0.933 0.969 0.919
Precision(user’saccuracy) 0.901 0.990 0.854
Recall(producer’saccuracy) 0.957 0.960 0.955
Fmeasure 0.928 0.975 0.901
Kappaindex 0.866 0.935 0.834

EarthSyst.Sci.Data,13,119–153,2021 https://doi.org/10.5194/essd-13-119-2021
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AppendixG:Quantitativeagreementassessmentof

BUPR–BUPLandreferencedatasets

ThequantityagreementassessmentinSect.4.3.3illustrates
thelevelsofassociationandcorrelationbetweenvalidation
datasetsandtheBUPR–BUPLsurfacesbutdoesnotpro-
videquantitativemeasuresofdifference.Toquantifythe
differencesbetweenZTRAX-derivedBUPR–BUPLcounts
(CZTX)andthecountsreportedinthethreereferencedatasets
(CREF),wedefinetheabsolutecountdifference(ACD)and
therelativecountdifference(RCD)as

ACDi=CZTX,i−CREF,i (G1)

and

RCDi=
ACDi

CREF,i
=
(CZTX,i−CREF,i)

CREF,i
, (G2)

withidenotingaspecificanalyticalinstanceorunit(i.e.
countyorgridcell).Thedesignofthesemeasureswillre-
sultinnegativevaluesiftheZTRAX-derivedvariablesun-
derestimatereferencecountsandviceversa. Weobserve
severaltrends.First,theabsolutemagnitudeoftheACD
generallyincreasesfromrural(low-density)towardsurban
(high-density)strata(Fig.G2a,c,e).Second,magnitudesof
ACDtocensus-derivedhousingunitcountsarelowerfor
BUPRsthanforBUPLs(Fig.G2a),confirmingourprevi-
ousobservationthatBUPRsaremorestronglyrelatedto
housingunitsthanBUPLs.Moreover,weobserveaslightly
increasingunderestimationof MSBFcountstowardsrural
counties(Fig.G2c),inparticularfortheBUPLcounts.This
trendisevenmoreapparentfortherelativemeasureRCD
acrossRUCCclasses(Fig.G2d).Interestingly,ACDtrends
overtimeinurbancounties(Fig.G2e)showavaryingtrend
acrossthe19thand20thcentury,exhibitingmaximumlev-
elsofbuildingcountunderestimationinthe1950s,particu-
larlyvisibleintheBUPL-derivedACD.Thedownwardtrend
priorto1950(i.e.increasingunderestimationofbuilding
counts)couldreflecttheincreasingestablishmentofsingle-
familyhomes,duringtheprimaryeraofUSsuburbanization,
whicharemorelikelytohaveadditionalsmallerbuildings
suchasshedsorgarages,containedinthereferencebuilding
database.Thesubsequentupwardtrendpost-1950maybe
duetotheincreasingbuildingofmulti-apartmentbuildings,
condominiums,etc.,whichmitigatesthiseffectandresultsin
lowerlevelsofbuildingcountunderestimation.Therelative
measureRCDshowninFig.G2bandfillustratesthecount
differenceswithrespecttothevalidationdatacountsacross
time,bothexhibitinglowermagnitudestowardsmorerecent
years,confirmingpreviouslymadeobservationsofincreas-
ingdatareliabilityovertime.

https://doi.org/10.5194/essd-13-119-2021 EarthSyst.Sci.Data,13,119–153,2021
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FigureG1.RegressionandcorrelationresultsofBUPRandBUPLcountsagainstthethreevalidationdatasets:(a)–(d)againstcensus
housingunitswithinhistoricalcountyboundaries,(e)–(h)againstMSBFdataacrosstherural–urbancontinuum(i.e.2013USDARUCCsat
thecountylevel),and(i)–(l)againstMTBF30withingridcells.Largerdifferencesbetweenlinearandrobustregressioncoefficientsindicate
thepresenceoflargernumbersofoutliers(e.g.plannedcommunities,pseudo-locations).

EarthSyst.Sci.Data,13,119–153,2021 https://doi.org/10.5194/essd-13-119-2021
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FigureG2.AbsoluteandrelativecountdifferencesbetweenBUPR,BUPL,andvalidationdatasets:(a)absolutedifferencesbetweencensus
housingunitcountsandBUPR–BUPLcountyaggregatesovertime,calculatedwithinhistoricalcountyboundaries;(b)correspondingrelative
differences;(c)grid-cell-levelabsolutedifferencedistributionsagainstMSBFdataacrosstherural–urbancontinuum,derivedfromMSBF-
basedbuildingdensitydeciles;(d)correspondingrelativedifferencedistributions,usingreferencebuildingdensitydecilesforstratification;
(e)temporaltrendsofgrid-cell-levelabsolutedifferencesagainstMTBF30;and(f)correspondingrelativedifferencedistributions.Urban–
ruralstratificationin(a),(b),(e),and(f)isbasedonthe75thpercentileofreferencecountdistributionsperyear.Countdifferencedistributions
in(e)and(f)arebasedon25-yearaggregatestoachievesufficientlylargesamplesize.

https://doi.org/10.5194/essd-13-119-2021 EarthSyst.Sci.Data,13,119–153,2021
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Videosupplement.Weprovideasupplementaryvideofilehigh-
lightingtheBUAandBUPRsurfacetimeseries.Thisvideoshows
(a)theBUAsurfaces(i.e.developedandnon-developedgridcells),
(b)BUPRsurfaces(i.e.numberofbuilt-uppropertyrecordsper
250mgridcell),and(c)changesinbuilt-upareasfor35selectedUS
cities,foreachhalfdecadefrom1810to2015.Thesechangesrep-
resentnewlybuilt-upgridcellsandareobtainedfromcell-by-cell
differencesintheBUAsurfacesfortwosubsequentpointsintime.
Changesareshownformovingtimeintervalsof30years,tobet-
terhighlightthemedium-andlong-termdevelopmenttrends.The
citiesarearrangedinanapproximategeographicspace(i.e.north-
easterncitiesareshownintheupperrightpartofthearray).The
videoisavailableathttps://doi.org/10.5446/48115.
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