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Abstract

Having an_active lifestyle is recognized to positively contribute to public h&aldating more walkable
streets and neighborhoods is an important way to promote an active lifestyldbdor residents. It is
therefore important to understand how the urban built environment can influence huatkamg w
activities. In this study, we investigated the interaction of human walking activities andcahys
characteristics oftreetscapes Boston. A large number of anonymous pedestrian trajectories collected
from a smartphone application were used to estimate human walking activit@glyPaccessible
Google Street View images were used to estimate the amount of street greerteeeanlbsure of street
canyons, both of'\which were used to indicate the physical characteristics of streetscapesk B/

and populationgwere also added in the statistical analyses to control the influenearloy urban
facilities andspepulation ohuman walking activities. Statistical analysis results show that both the street
greenery and the enclosure of the street canyons are significantly associated with hunramn walk
activities. The, associations between the streetscape variables and human walking actiyities var

different landuse types. The results of this study have implications for designing walkableealtlly
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cities.

1 INTRODUCTION

Physical inactivity increases the riskaafrdiovascular diseaseertain cancerdypertension, and
obesity(U.S. Department of Health and Human Services, 1998).et al (2012)estimatethat
physical inactivity causes 6 to 9% all deaths from noitommunicable diseases worldwjde
with the problem of physical inactivity being more prevalentiéveloped countries (Rundfe
Heymsfield, 2016). On the other hand, studies have shownntipsoving thewalkability of
streets and, neighborhooldslpsto promote active lifestyles amongst residgBisncan, Aldstadt,
Whalen, &Melly 2013; Rundle et al., 201.5Designing more walkable and pedestifaandly
streetds therefarea promising methotb promote human physical activitiaad prevent chronic
health issuegEwing & Handy, 2009.Yin & Wang, 2016). The relationship betweethe urban
built environmentand physical activity istill not exactly quantified and measured, with only
some receniefforts in this ar@hristian et al., 201ZZunigaTeranet al., 2017).
[AQ1: Rundleet al. (2015) cited in the text but not listed in the refereRlEsse give details]
Aswabasic unit in cities fohuman activitiesstrees play anmportant rolein influencing
social interactionandaffectingpeoples physicalactivities and social welbeing (Miller& Tolle,
2016;Li, Ratti, & Seiferling 2017). It is therefore important to understand how the streetscape
environmeént can influenc@uman physicalactivities Current literature focuses osmaller
neighborheoduscale studies (Harvey, Aultriéadl, Hurley, & Troy 2015; Yin& Wang, 2016)
while considering onlyreported activitiesor smallscale samplesnstead ofactual human
walking activities(Lee & Li, 2014 Villeneuve et al., 2017). Past studieshat rely onsmall
samples or smabcale questionnaisecannofully represent the entire rangéhuman activities.
Collecting_streetlevel built environment datas another challengéo study theconnection
between thestreetscape features and human walking activiitsrvey et al., 2015)Built
environmentmetrics wereusually calculated atggregatedareal level to indicate the physical
environment of neighborhoods, whidannot fully reflect the built environmentat the street
level.
[AQ2: Miller and Tolle (2016) cited in the text but not listed in the references. Please gig deta

In the mobile and big data edaumantrajectorydataand streetlevel images are more
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abundant and availablenaking itpossible to study and validate the relationship between actual
human activities and streetscape characteristicslarge scale In this study,we proposed to
combinea large number of human trajecyodataand Google Street ViewGSV) images to
investigate the connection betwdsimiman walking activitieand urban built environmeiat the
street level:A, large and passively collected humarmjectory dataset from a smartphone
applicationwasused toestimatethe actual humawalking activitiesin Boston In order tobetter
represent “the“physical environmaitthe street level we usedGSV imagesto measurethe
streetscape“characteristi&nce GSV images were captured along stredts a similar view
angleto pedestrian (Li et al., 2015) the buit environment metrics derived from GSV images
would helpstarepresent the streetscapere objectively.

2 LITERATURE REVIEW

The sociatecologi@al theory of human behavior suggests that environmental factors in cities
influence the likelihood of people being physically acti8eallis, Bauman, & Prati1998 Sallis,

Floyd, Rodriguez, & Saelens, 2012; Kraus et al., 2@igaTeran et al., 2017). Many
environmentalfactors, such as higher housing density, easier access toanatgiéater land

use mix, ‘have been found be influential in determiningpeople’s physical activitied=¢ank,
Saelens,-.Powell, & Chapma®2Q07;Leslie et al., 2007; Coogan et al., 200%rr et al, 2014;
Zuniga-Teranet al., 2017). Theonnectiorbetween human physical activities and environmental
factors gives_a motivation to the development of the Walk Score, which incorporates built
environmentvariables together with some other variables of amenity categories such as grocery
stores, restaurants, parksnks, schools, movie theed, libraries, and otleurban facilities to
indicate a neighborhood’s capacity to support physical activity (Carr, Dunsigeryé&us/2016
Duncan, Aldstadt, Whalen, Melly, & Gortmake2011 Walk Score 2017). As a publicly
available onlinemetric the Walk Score provides awbjective measure of walkability at urban
scale (Duncan<et al., 2014; Chiu et al., 20@Bderbloom, Riggs, & Meares, 2015). However, it

is important to observe that the Walk Score measureswih@er of factors that facilitate
walking (e.g. for commutingr going to a store), but not the actual human walking activities. In
addition, the Walk Score is only suitalfte represenng the urban form at the neighborhood or
city scale becausestreetscape characteristieghich reflect urban features taie street levelare

not considered in the algorithm for computing the Walk Score. However, streets catry mos
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human walking activities in cities (Li et al., 2017and it is believed that streetscape
characteristicsvould influence human walking preferencdisectly (Ewing et al., 2005Harvey
et al., 201% Investigating the interplay betwe#me physical characteristics of streetscages
human walking activities is therefore needed.
[AQ3: Ewing.et al. (2005) cited three times in the text but not listekd references. Please give
details]

Proliferating studies havexaminedthe connection between stréetvel design qualities
and the human perception of environment (Ewing et al., 2005; Asgarzadeh, Lusk, Koga, &
Hirate, 2012 Asgarzadeh, Koga, Hiratearvid, & Lusk 2014; Harvey et al., 2015). Ewing et al
(2005) summarized several street design features that are important to pedestrians and the
walkability“of streets: imageability, enclosure, complexity, and transparency. Harve{26t1&l)
found that streetswhich are more enclosed by buildings and trees are generally perasved
safer than those streets that are more open and less vegetated. However, the perceived safety is
estimated'based on the crowdsourcing website, and people’s perception of thenaswinmay
not be fullygyrepresented by those online stiee¢l images. Azgarzadeh et §2012, 2014)
found that higkrise buildings are more oppressive than-tise buildingsand street trees would
mitigate pedestria) oppressiveness significantly. The relationship between street greenery and
human pereeived safety is not consistent in previous stigiiest greenery is believed to have
connection with decreased crime and increased perceived safety (Kuo et al., 2000; Li et al.,
2015). Howeer, low street trees that obstruct views are associated with increased occurrence of
crime (Donovan& Prestemon, 2012). Tree canopies in streetscapes also contribute to the
enclosure “and‘complexity of streetscapes (Arnold, 1993; Jacobs, 1998)e ©nehand, the
street enclosure contributes to the imageability and local awarenyesh (11960). On the other
hand, the enclosed space may cause stress to pedestrians (Asgarzadeh et al., 2014).
[AQ4: Kuog.et.al. (2000); Lynch (196@jted in the text but ndisted in the references. Please
give details]

However, there are still fewtudies in the current literatunevestigating theconnection
betweerhuman walkingactivitiesand thecharacteristics of streetscapes at a large scale, avhile
better understanding of the connection betwaeretscapandhuman walking activities would

help us desigmorewalkable andhealthiercities
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3 METHODOLOGY

3.1 Study area and datacollection

As the largest city in Massachusetts city ofBoston was chosen as the study aBzston ha
aland areas0f:106.7 Khanda total population of 670,00(s 0f2016) Owing to its relatively
compact layout,.Bostois consideredne of the most wiable ciiesin theUnited States.

The datasstused in this study include anonymous hunti@jectory data, GSV data,
Walk Score datdanduse map, an@penStreetMaplata The anonymous humarajectorydata
were collected, from an activity-oriented mobile phone application which was free and
downloadable™from the App st@eThe application was a single proprietary actitiycking
software (health and fitness typajtended for latemodel smartphones (Apple iPhone, Android
platform devices). Users who downloaded the software presumablth@adention to better
track and understand their own activifies is the case with most availabféness trackéer or
“quantifiedyseli-type software. This agipation was always on andlid not require the user to
trigger it. The"anonymized data, wtih includes about 300,00@rips of over 6000 anonymous
users from May 20XMay 2015, records GPS locations and walking behaviors of anonymous
individuals=in_Boston metropolitan aredlthough the collected trajectory data magot
necessarily beepresentative of the general populatiins anonymized datavould give usa
new wayto understandhe connection between human walkiagtivities and the urban built
environment. athe street level considering the popularity of the mobile phaaygplicationand
the massively ¢ollected trajectories.

TheGSV data was used tmeasureand estimatéhe geometries of street canyarsl the
amount of street greenel§inceGSV panoramas are distributed discretely along street$iyste
created samplesvery 100m along streets in the study ardagure ). Based on thosereated
sampls, we-furtherdownloaed 10,846 GSV panoramashrough theGoogle Street ViewAPI
(Google, 2086)« The landuse mapin the study areavas takenfrom MassGIS (2005). We
aggregategimilar landuse typesn the original landuse mapnto four major landuse types
residential land, commercial land recreational land, andndustrial land. Table 1 shows

descriptions othesefour aggregated lanakse types.
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3.2 Estimating human activities at street level

The anonymous human trajectory datare used to study human activities in Bostafargky,
Courtney, Verma, & Ratti2016).In the anonymous human trajectory data, a random distance of
0-100 m.Was.rfemoved from the start and end of each trip to fughenymizethe users
frequentlysvisited locations (Vanky et al., 201Blpowever, theoriginal GPS locationsn those
trajectoriesarevery noisyand have location errotsecause of the obstructiah the GPS signal
by thehigh-rise building blocks and street trees in citi@éooney et al., 2016 Figure 2shows
the trajectoriesof four anonymous individuals the study arearhere areobviousmismatches
between thdaumantrajectoriesand the street mapis order tocorrect thoserajectories, we used
a mapmatching algorithm based on the OpenStreetM&p used theHidden Markov Map
Matching algorithm(HMM) to match the measudelongitudedatitudes in humantrajectory
recorcs to_roadsThe HMM algorithm accounts for the GPS noise @hd layout of the road
network, and“matches the GPS locations to corresponding stwettsvery good accuracy
(Newson& Krumm, 2009).Figure 2showsthe original raw trajectories (purple lines) aihe
matched trajectorigg@reen ling) of four anonymous individuals. In this study, more than 90% of
the rawtrajectorieswere matched successfulty road networks based on timeapmatching
algorithm.However, some matched trajectories failecdequatelcapture the actual pahlo
removethe-poeerestatched trajectoriesye calculated the distanadfset betweenthe original
trajectoriesand the matched trajectoriesand disregarded thoseonsidered outlierusing the
inter-quartile*range.

The matchedrajectorieswere further bound to the study areend aggregated at street
level to estimate humawalking activities In order to match withhe street greeneryariables,
we only selectedhosehumantrajectoriesin green seasonsyne July, August, September, and
Octdber)«ln-addition,thosetrajectories orhighways, rampsand motorwaysvere removed from

the analysis.

3.3 Streetscape variabls

Previous studies have shown that W&bility of greenery andhe enclosure of seéet canyons
areassociated witlhuman perceptions of the environmehsgarzadeh et al., 201Hlarvey et al.,
2015 Li et al., 201% and the walkability of the stree(¥in & Wang, 201%. In this study, we

used the sky view factgSVF) and GeenView Index(GVI) to represent the enclosure of street
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canyons and the amount of street greenery, respectively.

The SVFquantifiesthe degree of sky visibilitgr the openness of street cangowithin
streetcanyons, there are two types of obstructions influencing the enclosstecefscapes
building blocksand street tree canopiés this studywe calculatedthecontribution of these two
types of obstructiongo the enclosure of street canygohased onGSV panoramas anthe
building height model Hemisphericalimages created from GSV panoramasgere used to
measure th@nclosureof street canyons with consideration of the obstructiohodi building
blocks and street tree canopiéset al., 2017) The ray-tracing algorithnmof the building height
model, which considers the obstruction effect of buildiogly, was used to estimate threet
enclosure by buildingg he difference betwedhese two methods defines the contribution of the
tree canopietothe enclosure of street canyons.

In this study, we used the method proposed by Li et(2017) to classify the
hemisphericalmages intathreemajor types buildings tree canopiesand sky pixels. Figure 3
shows hemispherical imagigenerated based on G$Wigure 3) andthe ray-tracingalgorithm
of the buildingrheight modelFigure 3¢ at one site of the study arekigure 3d shows the
classification‘result of &S\+based hemispherical image.

The.SVF can therbe calculatedbased on the sky classification in tigenerated
hemispherical imagessing thephotographic method. The photographic method (Steyn, 1980)
first divides the fisheye image intoconcentric annular rings of equal width, and then sums up

all annular.sections representing the visible sky. The SVF is then calculated as
1 . b4 . (m(2i-1)
SVF = —sin (5) . sin ( — ) a; ()

wheren is the number ofings,i is the ring index, and; is the angular width itheith ring. The

SVF indicatesthe openness of the street canyon, andailise ranges from 0 to 1. TI®/F value
is 1 when there is no obstructipmnd O when the sky is totally obstructed@herefore, the
enclosure can be calctda by
Enclosure = 1 — SVF (2)

The enclosure of street canyons by buildings can be estimated using the same method
based on the simulatedrispherical image (Figure 3¢ from the building height modelSince
the raytracing algorithm considers the obstruction of buildings ondgnclosure of the street
canyonscaused byree canopiesan beestimated as thenclosuredifference between theSV
method and the ray-tracing method in the building height model.
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The GVI, which measures the visibility of street greenery base@d3viimages(Li et al.,
2015) was used to measure the amount of street greenery within street camyboissstudy, we
calculated th&VI using six horizontastatic GSV images only, since thertical structure of the
street greenerlgasalready been considered in tteeetenclosurametrics.The GVI in this study

was calculated as

6
Zi=1A7‘€ag_i

GVI = 3)

whereAreag,; is the number of green pixels in a st&hV image,Area ; is the number of total

6
¢, Area ;

pixels in gne GSV image. Only tho&SV images taken in green seasons will be used in the
computation:

Other than the geometry of street canyons and the amount of street greenerykthe Wal
Scoreand=populationwere also consideredn the analysisConsidering the facthat the Walk
Score measusgthe proximity to nearby urban facilities, we also edithe Walk Score in our
analysis asa confoundingvariable.We collected the Walk Scorfer all created sample sites
through the Walk Score APby using the coordinates of those sample sites as ifn4.
population informationvas derivedrom the2009—-2014ive-yearAmerican Census Survey data
at censustractilevel

Different’ representations of landse diversity may impact the association between
neighborhoodlesgn and specific walking behavs(Christian et al., 2011n addition, landuse
types werg also used tepresent the built environment, considetingtthe humaractivitiesand
the interaction of people with the physical environment woulditferent in different landuse

types. Therefore, different lanse types were also considered in the analysis

3.4 Statistical analysis

Four streetscape variables were selecstdet enclosure by buildingstreetenclosure by tree,
GVI, and enclosure of the streetscapeshe statistical analysihe Walk Scor@and population
were also added in order to control the influence of urban ameratespopulationon the
pedestriaririp number Pearson correlation analysis was first conducted betwegrethestrian
trip number and the chosstreetscape variables.

In order to further investigate the impact of urban design features on huafleing
activities, we applied regression models to study thgsociation betweethe independent
variablesandthe pedestrian trimumber.The variable ofactualenclosure of street canyons was
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not included in theegression analysibecause ihas strong correlation witstreetenclosure by
buildingsandstreetenclosure by tree Different regression models were applied for egple of
land use.

The existence of spatial autocorrelation wouidlate the assumption of the linear
regression_meode{Talen & Anselin, 1998) to account for thiswe also chead the spatial
autocorrelation’ of theegression residualgy calculatingMoran’s | statistics If there was a
significantspatial autocorrelation, we then digbe spatial regression modets study the
associatioabetween the dependent variable andititkependentariables in different landse
types (Anselin & Bera, 1998; Anselin, 2005There have been two commoapproaches to
include the: spatial dependende spatial regression modelspatial error regressiomodel
(SARer) and rspatial laggedegression model (SARg)—which incorporate the spatial
autocorrelatioreffects in theresidualerror term andhe dependentariable, respectivelyThe
Lagrange raltiplier androbust Lagrangenultiplier tests vereused tohelp choos the right type
of spatial regression model.

4 RESULTS

Figure 4ashows the spatial distribution of the humaalking activities in terms ofrip number
at street.level the study area. An expected activity pattern can be obsavitadhe downtown
andBack Bayarea havingmoreintensivehuman activities than thgeripheal part of the study
area.This is consistent with the fact thaélhe downtown area hathe most commercial shops,
workplaces;“and publitansportatiorstops. Inorder to make the strektvel trip number directly
comparableswith other independent variabige further overlaid the sample sites on the street
level trip number map to get the trip numb®apat site level Figure 4b).

Figure 5shows the spatial didbutions of the four independent variablgSsenerally, he
Walk Score magFigure 53 has asimilar spatial distributiorio the trip number map (Figure.4
TheWalk Score in the downtowareahas larger values than the southern ssuthwesterares.
This is becauséhe downtown area Banore urban facilities, which would further have larger
Walk Scorevalues considering the fact that the Walk Score is calculated baséteq@noximity
to different urban facilities and the density of the urban facilities. In the msipe@t enclosure
by buildings (Figure 5¢, the downtown area hakigher enclosure levecompared with the
southerrpart of the study area. Thisagplained bythe fact thabuildingsin the southern partfo
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the study area are much lowsmmpared with the downtown ase2ahe GVI map(Figure 5b)and
the streetenclosure by street treesap (Figure 5¢ havea similar spatial distribution. In both of
these maps, theeripheal parts have higher values than the central part of the studyTéisas
because bothariables reflect the amunt of street greeneryand he peripheal parts have more
street greenenhan the central part of the study aréae difference between these twariables
is that theGVI representshe horizontal visibility of street greenewhile thestreetenclosure by
trees indicatethe amount of street greenery overhead.

Table™2'shows the Pearson correlatiaoefficients between the trip number and
independenvariables.The trip numberhas asignificant and positive correlation withe Walk
Score.Thepopulation issignificantly and negativelyorrelated with thérip numbe. However,
the correlation‘coefficient is very lowhe streetenclosure by building hasa very significant
and positivecorrelation with the trip numbeBoth theGVI andthe streeenclosure by tredsave
a significant_and negative correlation with the trip num@drere is a wedl significantand
positive correlation between the trip numband theenclosure of the streetscapehieh is
enclosedysjoint building blocks and street greenery.

Considering thefact that the interaction of pedestrians andtreetscape variables
different inudifferent landuse typeswe furtherinvestigatd the relationship between thgp
number_and'the independent variabredifferent landuse typesWe used ordinary lesasquares
(OLS) regressiommodelsto investigate thessociatioa between thdrip numberand different
independenvariables.Since the trip number variable is very skewed, we used a log transform to
make it satisfy. the assumption of normalifyhe enclosure othe streetscape has a very
significant‘and’strong correlation with the variable of street enclosure byngs)dherefore we
only considerthe GVI, street enclosure by buildsgstreet enclosure by tregmpulation, and
Walk Score In the regression models as independent \esiabl

Table 3shows the OLS regression analysis results between the trip numbeheand
streetscape, variables different landuse typesGenerally, the Walk Score has a very positive
and signifieant association with thmedestriantrip numberin all four land use types.The
populationfis significamy and negativiy associated with th@edestrian trip numberhe street
enclosure by buildings has a very significant aoditive association with the trip numbérhe
GVI and street enclosure by trees have different associations with the trip nanclférent
land use types.n the residential landcommercial land and recreationalland there is no
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significant association between t8/I and the trip number. However, for the industrial land
there is a significant and negative association betweetrithaumberand theGVI. Different

from the street enclosure by buildings, 8teeetenclosure by trees has no significant association
with thetrip numberin all landuse typesexcept recreationdand. In the recreationaland use,

there is a_significant and negative association between the street enclosure by trees and trip
number.

Theresiduals in the foDLS regression modelgave significant spatial autocorrelation,
thereforewe™used thespatial regression modeio investigate the association between ttipe
numberand independent variablasdifferent landuse typesFor comparisonspatial regression
models with and without confoundinvgriable werepplied.Table 4shows thespatial regression
resultsbetween'the dependent variable and independent variables thifferent landuse types.
Generally, adding the confounding variable into the regression mddels nb have much
influence on_the significance afdependentariables. For the residential landthe Walk Score
remainsa significant contributoto the human trip numben the spatial error regression model
(SARer). Fhewpopulationis significanly and negativelyassociated withthe trip number.
Different fromsthe OLS model, after controlling the spatial autocorrelaiwhthe confounding
variable Walk Score both theGVI and the street enclosure by buildindggve significantly
negativeassociatioa with the trip number.Similar tothe OLS modelihe street enclosure by
trees ha non-significanassociatiorwith thetrip number For commercial landthe Walk Score
hasa significant angbositiveassociation with th&ip numberThere is naignificantassociation
between the“pepulation aride trip number.The GVI is significantly and negatively associated
with the tripsnumber.The streetenclosure by buildings and tlstreetenclosure by treeboth
haveno significant association with ttigp number For recreationaland, the Walk Scorand
population have significalyt positive and negativeassociatioa with the trip numbey
respectively.There is no significant association between tififg numberand the other three
independentariablesafter controlling the spatial autarcelation. For industrial landthe Walk
Score andstreet enclosure by buildindeve significant and positive associat®with the trip
number in“the spatial regression modehe TGVI and streetenclosure by treeboth haveno
significant association witithe trip number The population has a significantly negative

association with th&ip number.
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5 DISCUSSION

This stug investigatesthe relationship between humamalking activities and thephysical
characteristicof streetscapegervasively collected humamnajectorydatawasused to estimate
human walking activities in the study ar&de largenumberof humantrajectoriespermit a
moreunbiasecdestimationof theactualhuman walking activitiesompared with previous studies
based orsmaltscale sampledn order to represent the characteristicstofetscapeis the study
areg severaktreetscapeariableswvere calculateéfom GSV data andhe building height model
Tens of theusarwof streetlevel imagesand panoramas weresedto calculate the streetscape
variablesforsample siteslong streetst a fine levelConsidering the fact théthe Walk Scorés

a compositel measure of the potential for walkiwgh consideration othe densityof, and
proximity togurban facilitiesthe Walk Score was alselected in the analysis theconfounding
variable to investigate the connection betwettre characteristics of streetsca@ed human
walking activities.

Statistical analysis results show that the associations between human walking activities
and the streetscapevariables vary among different landuse typesafter controlling the
confounding.variablef theWalk Scoreand populationThe visibility of the street greenehas
different assogiations withhuman walking activitiesamong different land use types. In
residential=and* commercidnd useareas the visibility of the street greenery is negatively
associatedvith human walkingactivities For recreational land and industrial lartiere is no
significant'association between the visibility of the street greeneriniamdn walking activities
Different from previous studies, which showed that the enclosure of the streeteo#jieutes
to increased walking activés this studyfinds that thestreetenclosure has different associations
with human. walking activities among different lanse typesThe dreetenclosure by buildings
and thestreetenclosureby treeshavedifferentassociationsvith human walking activities the
study. Thestreetenclosure by trees has a significant and negative correlationhwittan
walking activities However,regression models show thiie streetenclosure by treesasno
significant association withuman walking activitieg all landuse typesfter controlling other
independent variables and the spatial autocorrelalibe streeterclosure by building would
give more power to the variance of the dependent var{#iietrip number),especially infor
residentialland andindustrial land The findings provide a reference for physical activity

promotion intervention prograns cities
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This study contributes a nemethodologyto investigating the associations between the
urban built environment and human walking activitiegshatstreetlevel by canbining street
level images anttuman trajectory data hehuman trajectorglata andstreetlevel imageshelp
to objectively represent humawalking activities andstreetscapesespectively Therefore the
combination.ef these two types of datasetuld help us tdoetter understand thennection
between human activitiesnd thebuilt environmentWith the publicand globalavailablity of
streetlevelimages and thmcreasingly abundartuman GPS trajectory dati,is possible to
deploy the"proposed workflow to other cittesunderstand theonnectiondbetween streetscapes
and human activities, which would further benefibandesign and planning in those citiés.
addition, thepreposed methodology usimaiblicly accessibland globally availablstreetlevel
imagesprovidesus with a new toolto testthe socal-ecological theorywhich euld promote
public healthresearch.

Additionally, the connectiondetween thestreetscapemetrics and humanwalking
activities could support thedevelopment obetter metrics taneasure the walkabilitin future
Statistical analyses results show ttied current statef-the-art walkability metric, Walk Score
shows some power at indicating the walkability at city scale, butdstsnot fully represent
actual human walking activitieddore factors, especially thetreetscapeariables, need to be
consideredto better represent the real walkability at street level.

Although this studyuseda large number of pervasively collected anonymous trajectories
to study ‘humanwalking activities ad investigated theassociation betweethe physical
characterigticsyof streetscapasd human walking activitieshe current study still has some
limitations.'First, the large number diumantrajectoriesdtill cannot fully represent all human
walking behaviors in the study aredhe observed population may not necessarily be
representative of #h general populationDemographic details that could be desirable were
redacted to protect user anonymity. Generally, the population of smartphone ownerbdad m
application_users tends to skew toward younger, more affluent individuals, though without
demographierinformation this could not be confirmed. If we predhaighese users were more
affluent and younger, then the results may underestimate the behavior of older, lesy affl
individuals, who could have different mobility patterns. Big ‘bound” data such as those
utilized here are a new territory for research. While offering information at large scale, they may
lack detailed information typically collected in traditional studiesture studies should try to
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combine different sourcescluding passively collected trajectory dataget more objective
estimatiors of humanwalking activities.

Second, ihough the maymatching algorithm camatchmost trajectories successfuly,
smallnumberof paths failed t@accuratelycapture the path represented by the GPS coordinates
These mismatechedrajectories would misrepresent thetualhuman walking activitieat street
level, which_could further bring noise ino the statistical analyses In addition, walking
preferences between local residents and tourists could be different. Future studies should also
consider the“difference between tourists and local residents.

There aremany otherstreetscape featurdsat could influence human walkingctivities.

In this studywe only consideredhe visibility of the streegreeneryand theenclosure of street
canyonsusing the Walk Score as the confounding variaBlgure studies should consider more
variablesin thehanalysis of the connection between dtreetscape characteristiaad human

walking activities.

6 CONCLUSION

This studyinvestigated thectualhuman activities using larggcale passively collectdtiman
trajectory*data andstudied the connection betwee streetscape characteristiegd human
walking_activities.Streetscape characteristibave differentassociatioa with human walking
activities in different landuse typesThe enclosureof streetcanyonsis animportant factor
associated, witthumanwalking activities astreet level.The amount of vegetatidmas different
associations™withwalking activitiesamong different landuse types This study providesa
meaningfulwreference faurbanplanners and designessekingto create more walkabl&reets
and healthiercities This studyalso demonstrateshe usefulness of passive, pervasive mobile
devices and publicly accessible strketel images in evaluating urban spaoel investigating
theinterplay.betweethe urban built environment and human activities.

Future studies shoulalsoinvestigate the connection between streetscape characteristics
and humanswalking activities in different cities of different climate zonesdiffezent roles of
enclosure by.buildings and trees should also be investigatie fature, considering the fact
that enclosure by trees could play an important role in influencing human thermailrtcbynf

providing shade during hot summers.
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FIGURE 3 Estimating the enclosure of street canydqa$ profile view of streetscape at one
site (b) hemispherical image generated from GSV panorémhaynthetic open sky image from
the building=height modgeld) classification result of the generated hemispherical image. (Red

representssthebuilding, cyan represents the sky, and green represents the vegetation)
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FIGUREg The spatial distributions of the trip number at street level and site level in Boston
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TABLE 1 Aggregated land use types in Boston and the description of each land use type

Land use types

Descriptions

Residential land

Commercial land

Recreationalland

Industrialdand

High-density residential land, medium-
density residentidand multifamily

residential land.

Malls, shopping centers atarger strip
commercial areas, plus neighborhood stores

and medical offices (not hospitals).

Lands comprising open land, institutional
facilities, wetlands, marina, pasture, public

open green spaces, and cropland.

Light and heavy industry, including
buildings, equipment, and parking areas;

transportation land; mining

TABLE 2 Correlations between trip number and independent variables

Correlation analysis Pearson’scorrelation Sig. (2-tailed) N
Walk Score 0.27** 0.000 10,846
Population —0.04** 0.000

GVI —0.19** 0.000

Enclosure of'streetscape 0.09** 0.000

Street enclosure by 0.49** 0.000

buildings

Street enclosure by trees —0.13** 0.000

**Correlatiomsignificant at the 0.01 level-diled).

TABLE 3 OLSregression models in different land use types
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Land use Variables Coefficients zValues
Residential Walk Score 0.04** 23.95
land Population —0.17x10%* -12.57
(N=6,813)
GVI -0.6x107? —2.22 Adj. Rsquare: 0.30
Enclosure by buildings 7.26** 22.93 F statistic: 596.36
Enclosure by trees 0.22 1.91 Moran’s| of
residuals: 0.3%
Commercial, #Walk Score 0.05** 11.58
land Population ~0.16x10°%* -5.17
(N=1,251)
GVI -1.20x10? -1.81 Adj. Rsquare: 0.50
Enclosure by buildings 6.82** 21.98 F statistic: 250.0
Enclosure by trees 0.27 0.77 Moran’s| of
residuals: 0.3%
Recreational ~Walk Score 0.03** 11.28
land Population —0.22x10%* -10.59
(N=1,860)
GVI 0.78x102 1.64 Adj. Rsquare: 0.23
Enclosure by buildings 5.72** 11.98 F statistic: 114.35
Enclosure by trees —0.67** -3.07 Moran’s| of
residuals: 0.4
Industrial Walk Score 0.04** 11.27
land Population —0.3x10%* -10.22
(N=922)
GVI —2.67x10%* -3.84 Adj. R square: 0.29
Enclosure by buildings 4.73** 8.73 F statistic: 74.85
Enclosure by trees 0.30 0.80 Moran’s| of
residuals: 0.32
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** Significant at the 0.01 level (&iled).

TABLE 4

Spatial error regression (SAR models in different land use types

Land use'types Variables Models with and without confounding
variable
Coefficients(zvalueg Coefficients(z
valueg
Residential fand Walk Score 0.04**(20.01) —
(N=6,813) Population —0.08x10%** (-5.65)  —0.08x10>** (—5.05)
GVI —1.50x10%* (-6.44) —1.94x10%* (—8.17)

Adj. R square

Akaike information

criterion

Commercial land

(N=1,251)

Adj. R square

Akaike information

criterion

Recreational land

(N=1,860)

Enclosure by
buildings

Enclosure by trees

Spatial error term

0.60

23182.5

Walk Score

Population

GVI

Enclosure by
buildings

Enclosure by trees

Spatial error term

0.75

4,070.2

Walk Score

Population

~1.17* (-3.77)

0.02 (0.26)
0.97** (154.8)

0.03** (4.47)
0.02x10%(0.60)
—1.35x10%* (—2.80)
0.41 (1.16)

0.14 (0.55)
0.90** (56.29)

0.02** (5.01)
—0.11x10%** (-5.69)

This article is protected by copyright. All rights reserved

~0.33 (1.03)

~0.07 (0.79)
0.98** (171.0)
0.58

23569.2

0.02x10%(0.63)
—1.63%x10%* (—3.42)
0.49 (1.38)

0.13 (0.51)
0.91** (62.33)
0.75

4087.4

—0.10x10%** (—4.89)



Adj. R square
Akaikeinformation

criterion

Industrial land

(N=922)

Adj. R square

Akaike information

criterion

GVI

Enclosure by
buildings

Enclosure by trees

Spatial error term

0.61

6,292.5

Walk Score

Population

GVI

Enclosure by
buildings

Enclosure by trees

Spatial error term

0.61

3,134.3

0.06x107 (0.16)
0.23 (0.55)

~0.24 (-1.46)
0.89** (58.10)

0.02** (7.56)
—0.08x10%* (-3.42)
—0.38x10? (—0.70)
1.91* (4.33)

0.27 (1.00)
0.90** (45.89)

0.18x107 (0.50)
0.31 (0.75)

~0.25 (1.50)
0.90** (63.22)
0.61

6,313.0

—0.05%10° (—1.56)
—0.03%x107? (—0.06)
2.45% (5.34)

0.40 (1.43)
0.90** (45.89)
0.56

3222.6

**Significant at the 0.01 level ¢Bailed).
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