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A big data approach to understanding pedestrian route choice preferences: Evidence from
San Francisco

Andres Sevtsuk, Rounaq Basu, Xiaojiang Li, Raul Kalvo
Abstract

Big data from smartphone applications are enabling travel behavior studies at an unprecedented
scale. In this paper, we examine pedestrian route choice preferences in San Francisco, California
using a large, anonymized dataset of walking trajectories collected from an activity-based
smartphone application. We study the impact of various street attributes known to affect
pedestrian route choice from prior literature. Unlike most studies, where data has been
constrained to a particular destination type (e.g. walking to transit stations) or limited in volume,
a large number of actual trajectories presented here include a wide diversity of destinations and
geographies, allowing us to describing typical pedestrians’ preferences in San Francisco as a
whole. Other innovations presented in the paper include using a novel technique for generating
alternative paths for route choice estimation and gathering previously hard-to-get route attribute
information by computationally processing a large set of Google Street View images. We also
demonstrate how the estimated coefficients can be operationalized for policy and planning to
describe pedestrian accessibility to BART stations in San Francisco using ‘perceived distance’ as
opposed to traversed distance.
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1. Introduction

Municipal governments around the world are increasingly promoting walkability and transit-
oriented development, which have been shown to be associated with a range of health, economic,
social and environmental benefits (Leyden 2003; Speck 2011; Luberoff 2019). From a global
competitive perspective, virtually all cities ranked among the most livable in popular indices
produced by the Economist!, Mercer? or Monocle® offer high-quality public transit systems and
boast of high levels of pedestrian activity on their streets. Understanding pedestrian behavior has
thus gained renewed interest among urban planners and transportation researchers in recent
times. Among numerous areas of research, pedestrian route choice—quantitative analysis of
whether and how specific route characteristics affect pedestrians’ route preferences—is
particularly relevant, since the choice of a particular path over multiple competing alternatives
can be seen as direct evidence of how the built environment affects travel behavior, thereby
offering clues as to how design, policy, and planning can be leveraged to achieve more

sustainable and healthy urban mobility outcomes.

In the past, researchers have studied pedestrian route choice using both stated preference and
revealed preference surveys. Stated preference surveys offer hypothetical alternatives, which are
constructed using efficient and representative design methods to cover the parameter
combination space, and ask respondents to either choose among or rank different routes
(Senevirante & Morral 1985; Agrawal et al. 2008; Erath et al. 2015). On the other hand, revealed

preference surveys observe behavior directly, by either following pedestrians (Hill 1984; Kim

! https://www.eiu.com/topic/liveability

2 https://mobilityexchange.mercer.com/Insights/quality-of-living-rankings
3 https://monocle.com/magazine/issues/95/top-25-liveable-cities/
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2015), observing their trajectories from a distance (Garbrecht 1971; Whyte 1980), asking people
to retrace the routes they walked from memory (Muraleetharan & Hagiwara 2007). In recent
years, there has also been an increased use of tracking technologies to record the geographic
coordinates of walking trajectories passively, using GPS data (Broach and Dill 2015; Vanky
2017). While the labor-intensive nature of in-person surveys have limited such approaches to
relatively small sample sizes, passive tracking technology is facilitating data collection with
larger sample sizes and wider geographic coverage (Shoval and Isaacson 2006). This can
potentially enable researchers to model pedestrian route choice preferences at the scale of an

entire city with relatively low investment (of both cost and effort) in data collection.

In this paper, we analyze pedestrian route choice preferences in San Francisco, California using a
large, anonymized dataset of global positioning service (GPS) walking trajectories. Using data
collected from an activity-based smartphone application, we analyze how pedestrian route choice
is affected by a variety of route characteristics suggested in prior literature. Some of the key
innovations presented in the paper include (a) gathering and mapping unique route attribute
information by computationally processing a large set of Google Street View images; (b) using a
novel technique for generating alternative paths for route choice estimation; and (c) estimating
how specific route characteristics affect pedestrian route choice using a large number of actual
trajectories (i.e., revealed preference) that do not focus on a particular destination type (e.g.
walking to transit), but include a wide diversity of destinations and geographies, thereby
describing typical preferences of pedestrians in San Francisco as a whole. We also show how the
findings can be operationalized for policy and planning by describing pedestrian accessibility to

different destinations using ‘perceived distance’ as opposed to traversed distance.



2. Literature Review

Several studies have demonstrated that pedestrians do not necessarily choose the shortest route,
when alternative route options are available. Although distance and travel time are indeed critical
factors determining route choice, their relative importance depends on a variety of other route
characteristics. Pedestrians are often willing to deviate to safer, more comfortable, or more
interesting routes, so long as the detours compared to shortest paths remain within a reasonable

range.

The set of route characteristics that can affect pedestrian path choice can be quite diverse. Guo
and Loo (2013) found that the presence of shopfronts, open space, and wider sidewalks
significantly increased the likelihood of path choice in New York City and Hong Kong. The
importance of local context and culture was highlighted through their finding of the estimated
coefficients being different for the same street attributes between the two cities. For instance,
pedestrians in Hong Kong showed significantly stronger dislike for longer routes, while New
Yorkers showed a stronger preference for retail frontages along routes. Muraleetharan and
Hagiwara (2013) analyzed route choice in Sapporo, Japan and assessed how the level of service
(LOS)—a metric that characterizes a bundle of different sidewalk qualities, including sidewalk
width, presence of obstructions, the density of other pedestrians, and the presence and density of
bicyclists on a sidewalk—affected pedestrian path choice. They found that that people were
consistently willing to choose longer paths when the overall LOS was higher. At the same time,
the relative impact of LOS was notably higher on short routes compared to long routes, since
detours along shorter routes produce a lower overall penalty on travel time or distance. Erath et

al. (2015) studied pedestrian path choice in Singapore using stated preference surveys and found



that pedestrians were most attracted to routes that offered greenery, retail frontages, high-quality
pavements, and physical shelter from rain and sun. Contrastingly, loudness, obstructions, road
crossings, pedestrian tunnels and bridges were negatively associated with route choice. Another
study conducted in Singapore by Olszewski and Wibowo (2005) investigated pedestrian path
choice to transit stations. The authors found that besides walking distance, route choice to transit
stations was significantly affected by the number of road crossings, traffic conflicts, and the
number of ascending steps, typically brought about by elevated road crossings that are common
in Singapore. The authors used the concept of “equivalent walking distance” to describe how
specific route attributes changed the users’ perception of route length. Crossing a single road, for
instance, was found to be equivalent to extending the walk by 55m, while the presence of an
elevated road crossing (with 32 ascending steps) was perceived as equivalent to extending the
walk by 90 meters. Drawing from this study, we too use the concept of “equivalent walking
distance” to interpret our findings in subsequent sections. Similar to Erath et al. (2015), we also
demonstrate how perceived walking distance can be operationalized for policy and planning to

measure subjective pedestrian accessibility.

Ewing and Handy (2009) conducted a survey of an expert panel—composed of both academics
and urban design practitioners—asking participants to rate the importance of various urban
design qualities related to walkability. Even though they did not estimate path choice directly or
probe the specific relevance of urban design factors to actual route choice, the study revealed a
rather comprehensive set of qualities that experts in the field tend to associate with walkability.
The findings were categorized into five groups—imageability, enclosure, human scale,
transparency, and complexity—wherein each group contained a number of indicators. The

human scale factors, for instance, captured the dimensions of sightlines, the number of street



furniture elements, proportion of first floors with windows, building heights, and the presence of
planter boxes on streets. The study demonstrated that the list of urban design qualities

hypothesized to affect walkability is potentially large and nuanced.

In addition to conventional data collection methods, there has been a notable increase in using
GPS data for pedestrian route choice studies in recent years (Wolf et al. 2001; Shoval and
Isaacson 2006; Cho et al. 2011; Broach and Dill 2015; Vanky 2017; Lue 2019). This has enabled
researchers to collect data with larger sample sizes and expand the geographic extent of study
areas. Broach and Dill (2015), for instance, studied pedestrian route choice in Portland, Oregon
using GPS devices carried by 283 adult participants. They found that route choice was negatively
and significantly related to distance, number of turns, elevation gain, sub-standard sidewalk
quality, traffic volumes, unsignalized arterial crossings, as well as unmarked collector road
crossings. On the other hand, path choice was positively related to the presence of shopfronts
along the route (Broach and Fill 2015). Vanky (2017) and Malleson et al. (2018) studied
pedestrians in Boston using GPS traces from a smartphone application, outlining broad
characteristics of walking activity, but did not estimate a choice model to statistically relate route
choice behavior with its determinant factors. GPS data has also been used to study the walking
habits of particular groups of pedestrians, such as tourists (Asuakura & Iryo 2007), men versus
women (Lue 2019), children and adolescents (Duncan & Mummery 2007; Wiehe 2008), and
retail patrons (Moiseeva and Timmermans 2010). The data presented in this paper also uses GPS
traces from pedestrians, but with a sample size that is an order of magnitude larger than previous

studies.



3. Data

Our analysis is based on a large dataset of pedestrian GPS traces in San Francisco captured
continuously from May 2014 to May 2015 using a popular activity-oriented smartphone
application, thereby covering a full calendar year. Despite the advantage of providing an
unprecedentedly large sample, the anonymous nature of the data does have limitations. The
anonymized data contain no identifiable user attributes or information about trip origin type,
destination type, or trip purpose. Therefore, we are unable to infer which journeys are first- or
last-mile legs of multi-modal trips, or which journeys involve the same individual(s)’ traces at

different times.

Since raw GPS traces are usually not aligned to streets due to noise in GPS signal quality created
by street canyons, building obstructions, or trees, the actual geolocated dot-data from GPS were
map-matched to street centerlines, using 2014 TIGER/Line (Topologically Integrated
Geographic Encoding and Referencing) geometries from the US Census.* Several methods have
been proposed for map-matching GPS traces to street geometries, varying in computational
complexity (Raymond et al 2012; Wei et al 2013; Chao et al 2020). We applied the widely-used
Hidden Markov Map-Matching (HMM) algorithm by Newson & Krumm (2009), which has been
successfully deployed on pedestrian GPS data in the past (see e.g. Malleson et al., 2018). The
HMM algorithm finds the most likely connected route for each GPS trace by measuring the
proximity of each dot along a GPS trace to surrounding street segments and assigning transition
probabilities between street segments based on the connectivity of the street network. This

process also helped further anonymize the sample, since the side of street a person walked on

4 https://catalog.data.gov/dataset/tiger-line-shapefile-20 1 4-county-san-francisco-county-ca-all-roads-county-based-shapefile
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and the exact trip origin and destination are generalized to include an entire street segment for

the start and end of each trip, rather than a precise address point.

Each observation in the data includes a spatial GPS trace, timestamps showing when the trip
started and ended, and the movement mode, which is either walk or run (we use only walk trips
in this study). Out of a significantly larger raw dataset of about 280,000 traces, 14,760 individual
traces were included for estimating a discrete route choice model (Figure 1). First, we eliminated
all identical trajectories from the raw data, keeping only unique routes. Since the data were fully
anonymized, this helped eliminate the possible bias that many of the duplicate trajectories could
be routinely walked by the same individual(s) over the year, without making a conscious route
choice’. Even with this filter, trips by the same individual(s) over time are likely to persist in the
data. Unfortunately, the data does not allow us to include a panel effect correction, as we are
unable to detect repeated observations for the same individual(s). Furthermore, keeping only
unique trajectories in the data also means that all routes are given equal importance in our
analysis, ignoring the fact that a few specific routes may be far more popular than others.
However, such spatial heterogeneity in popularity is likely to be correlated with trip purpose (e.g.
certain routes may enjoy heavy use by tourists). Since we do not have information on trip
purpose, using only unique trajectories is possibly the best tradeoff to obtain ‘general’ route

choice preferences of pedestrians in San Francisco.

3> However, this process could unfortunately also eliminate genuinely unique observations that were chosen by different
individuals.



Second, we excluded routes that only featured one or no turns®, since initial data analysis
revealed that many of these included routes that only switched from one side of a divided avenue
to another or included simple straight-line journeys. We also excluded routes with more than
seven turns, which exploratory data analysis indicated as circuitous trajectories that did not take
any obvious path from an origin to a destination. Third, we excluded routes that were shorter
than 200 meters, since these typically limited path choice, as well as routes longer than 1,000
meters due to the possibility that longer paths could erroneously indicate movement on other
modes, such as bus or streetcar. Fourth, we eliminated routes that deviated more than 50% longer
than the shortest paths. The latter were deemed more likely to include additional stops along the
way or motivations other than walking directly between a given origin and destination. Last, we
included only trajectories that were located in parts of San Francisco that had GIS data with
complete street attributes. This contains the vast majority of the city, but excludes Treasure
Island and Alcatraz Island, which technically fall under the city’s jurisdiction. Within these
constraints, the sample still includes a large variety of pedestrian trajectories in all parts of the
city (N = 14,760 traces). It is worth noting that routes can also include round trips, where the
origin and destination are near each other, so long as the walk produced a continuous GPS trace

with no breaks.

% A turn is determined as at least a 45-degree change in direction along TIGER street centerlines. We experimented with different
turn angles including 20deg, 30deg but found the 45deg angle to yield most reliable results based on visual checking. Turns were
counted using a GIS script.
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Figure 1. Map-matched GPS traces in San Francisco (N = 14,760).

3.1 Alternative path generation

Path choice estimation requires that in addition to the route actually walked, “plausible”
alternative paths be determined as options that were considered but not chosen. The presence of
alternatives allows a choice model to evaluate whether and which particular route attributes are
systemically related to higher likelihoods of preference. The set of alternatives plays a key role in
determining estimated coefficients (Prato 2007; Rieser-Schiisslera et al. 2015). Theoretically,

hundreds, or even thousands, of route alternatives are potentially available to decision-makers,
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but this does not imply that a full sampling approach is necessarily appropriate. Many of the
alternatives can overlap with the actual route or with each other, thereby not constituting
independent choices, which would violate the independence of irrelevant alternatives (IIA)
property in decision theory. With recent increase in computational power, alternative generation
has moved from sampling a subset of paths to including virtually all, or close to all, potential
route options (Frejinger et al. 2009; Fosgerau et al. 2013; Hassan et al. 2019). However, in
practice, a relatively small number of alternatives (e.g. 1-5) is typically used in pedestrian route
choice models, whereby alternatives are chosen so that they offer variation in estimated route

attributes (Bovy 2009).

A number of different approaches have been developed for alternative route set generation (Prato
2009). The k'™ shortest path method (Dijkstra, 1959; Gallo and Pallottino, 1988) finds a given
number (k) paths that are longer than the shortest path. The link elimination method removes
route segments one by one and finds the new shortest path after each removal (Azevedo et al.
1993; Park and Rilett 1997). The branch and bound approach finds all plausible paths up to a
certain threshold detour beyond the shortest path (Friedrich et al., 2001) and the constrained
enumeration approach finds all routes between origins and destinations that satisfy a set of
different constraints—a maximum detour limit, no repetition in segments, directional constraints,
overlap constraints, etc. (Prato and Bekhor 2006). We chose to implement the constrained
enumeration approach in the following manner. Given the relatively short distance of walking
trips in the data (GPS traces were limited to 1km in length), we first found all possible unique

routes (forbidding segment repetition) between the same trip origins and destinations that were
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up to 50% longer than the shortest path—the same maximum detour as in the actual route set.’
This complete set typically also includes the observed paths, except in cases where the latter
contained link repetition (back tracking) or node repetition (looping). Though an exhaustive
search can return a very large number of paths between each origin-destination pair (we obtained
tens of thousands of alternatives for some O-D pairs), we only drew a random set (k = 6)
alternatives from the full set for each pair that satisfied the bounding constraints®. The advantage
of this approach is that the random draw is performed from a large set of reasonable paths,
thereby minimizing the probability of overlap with the actual path as well as other alternatives,

while augmenting the diversity of route features in the set.

Once a set of alternative paths were drawn, we checked for overlap with actual routes. This was
done by comparing the sequence of nodes in both the original path and each of the alternative
paths using the Jaccard Similarity measure’. Only alternatives that had less than 25% overlap
with the observed paths were included in the final choice set. From those alternatives that
remained viable, we assigned up to three alternatives to each actual route. All actual routes
obtained at least one alternative path, 55% had two alternative paths, and 27% had three
alternative paths. Our final choice set thus contains 14,760 actual routes and 30,949 unchosen,

but plausible, alternatives.

7 Empirical testing with pedestrian route directions revealed that a similar approach has been implemented by Google Maps,
where pedestrian route directions are subject to a maximum detour of 50% compared to the shortest path.

8 Shorter routes can have fewer than six alternatives available due to fundamental geometric constraints in the street network.

9 Jaccard Similarity is used here to measure similarity in the list of nodes included along the actual path and each of its potential
alternatives.
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3.2 Street qualities affecting pedestrian path choice

Based on the abovementioned studies (Olszewski & Wibowo 2005; Guo & Loo 2013;
Muraleetharan & Hagiwara 2013; Erath et al. 2015; Broach and Dill 2015; Ewing and Handy
2009), we initially identified eleven attributes of streets that we hypothesized to affect pedestrian
path choice in San Francisco. Table 1 lists the variables that were included, along with their
expected effect on choice probability (denoted through a positive/negative sign), and descriptive
statistics. A number of variables were measured as weighted averages along the route, using
segment lengths as weights. These include sidewalk width, sky view factor, green view index,
speed limit, and traffic volume. If a route included two street segments, for instance, which
measured 100m and 200m each, and their sidewalk widths were 6ft and 12ft correspondingly,
then the weighted average sidewalk width along the whole walk was measured as

(6ft*100m~+12£t*200m)/300m= 10ft.
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Chosen route (R0) Alternatives

Variable Description ];:‘glzn Measurement method Mean Min Max Mean Mean Mean
[RD) (R2) (R3)
Length Route length in meters - GIS geometry calculation. 690.2 202.6 1,000 871.2 881.6 899.4

GIS script, where a turn corresponds

Turns Number of turns along the route. - toa45-degree or more change in 3.1 2 7 5.9 6 6.1
direction.
Uphill Uphill ascent along the path in ) GIS'script,' which summarizes the 78 0 1228 115 115 117
meters. vertical gain in meters.
Highway % of route within a 75m buffer of a _ GIS buffer and geometry calculation. 05 0 673 05 04 05
highway.
GIS count, using NAICS codes for
retail (44-45), eating and drinking
Amenities Number of ground floor amenities N (722), pers9na1 services (811, 812) 23 0 227 242 24 249
along the route. and entertainment venues (491,
7111, 712,713, 12131). ESRI
business analyst data from 2014.
Public Art i\(l)l;zber of public art pieces along the N GIS count, using city of SF records. 02 0 4 03 03 03
Sidewalk Average width of sidewalks along the GIS calculation, using city of SF
Width route in feet, weighted by segment +  records. 12 0 266 11.6 115 116
length.
. Average % of sky visibility in % of sky view pixels measured by
Sky View o .. .
Factor Google Street View images along - computer vision analysis using 0.6 0 1 06 06 06
route, weighted by segment length. Google Street View API.
Green Average % of vegetation in Google % of green pixels measured by
View Street View images along route, + computer vision analysis using 0.1 0 06 01 01 0.1
Index weighted by segment length. Google Street View APL
Speed Average speed limit along the route GIS calculation, using city of SF
Limit in miles per hour, weighted by - records. 256 0 45 254 254 254
segment length.
Traffic Average traffic volume along t'he GIS calculation, using city of SF
Volume route, in cars per 24 hours, weighted - records. 3978 0 54,515 3,964 3,982 3,958
by segment length.
Overlap indicator for alternative paths Segment-length weighted overlap
Path Size for the same trip (Ben Akiva & + (Ben-Akiva & Bierlaire 1999). 08 03 1 07 07 07

Bierlier 1999).

Table 1. Descriptive statistics of attributes on observed trajectories (N = 14,760). Bounds (min
and max values) and averages are reported for the chosen route, while only average values are
reported for the three alternative routes to facilitate comparisons.

Most of the variables were operationalized using publicly available GIS data for San Francisco.

However, a few variables were quantified using unique and innovative data science approaches,

which to our knowledge, have not been used for route choice studies in the past. The Green View

Index (GVI) and the Sky View Factor (SVF) capture the extent of visible green space and sky

14



view along the walk (Figure 2). GVI describes the extent of vegetation that is visible to a
pedestrian from approximately eye-height on each street (Li et al., 2015a, b). We use SVF as a
proxy variable to capture the sense of “enclosure” and shading along a route, which some
previous studies have also included or hypothesized (Ewing and Handy 2009; Erath et al. 2015;
Li et al., 2018b). Both variables range from 0 to 1, where the maximum value of one indicates
totally green or totally enclosed street canyons respectively (Li et al., 2018a). Both metrics were
captured by processing a large number of images from Google Street View API on all streets in
San Francisco using a deep convolutional algorithm (Li et al. 2015). Google Street View
panoramas are captured at 10m intervals on streets that Google’s vehicles can publicly access.
Each panoramic image contains a continuous “dome” of pictures that cover a 360-degree
viewshed horizontally and a 180-degree viewshed vertically. Figure 2 shows the processing of
original Street View images to “greenery” and “sky view” categories using a state-of-the-art

image segmentation algorithm called PSPNet (Zhao et al. 2017).

15



Figure 2. The segmentation of street-level images using a deep learning algorithm, demonstrating
(a) the raw Google Street View panoramas, (b) the blend of the segmentation results on Google
Street View panoramas, and (c) the segmented hemispherical images.

The resulting SVF and GVI indices describe the percent of all pixels in the Street View dome
categorized as either “sky” or “green”. To produce relevant metrics for the entire route, GVI and
SVF were summarized as a weighted average (using segment lengths as weights) along the

whole route.

Figure 3 illustrates the mean GVI for street segments across San Francisco. As expected, large
parks such as Golden Gate Park, the Presidio and Lake Merced Park have high green view
outcomes (GVI > 40%). While streets in typical residential areas and parts of downtown have
relatively little vegetation (GVI = 0-5%), some neighborhoods including Noe Valley, the
Mission and Castro have notably greener streets (GVI = 5-40%), contributing to their residential

appeal.

16
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Figure 3. Average Green View Index on San Francisco streets.

4. Results

Route choice parameters were estimated using a path size logit (PSL) model, which presents a
multinomial logit (MNL) model that includes a path size correction term to account for the

correlation resulting from overlapping alternative routes (Ben-Akiva & Bierlaire 1999):1°

10'We used PythonBiogeme for model estimation.
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11
U; = z Pik Xix + PpsIn(PS;) + &;
k=1

where U; is the random utility of a route i, [5;;, represents a vector of preference coefficients for
k = 11 types of route attributes X;; and PS; is the path size factor for route i. The error term (&;)
is assumed to follow a Type-I Generalized Extreme Value (GEV) distribution, also known as a

Gumbel distribution. The path size factor is computed as follows:

ps, = z L, 1
' e L; Yjec, 0aj

Where T} is the set of links in path i, L, is the length of link a, L; is the length of path i, §,; equals
1 if link a is on path j and 0 otherwise, and Y jc¢, 04;is the number of paths in choice set C,, that

share link a.

The probability Pr(i|C,,) that a particular route i is chosen from a set C of n alternatives is
expressed as:

eﬂ(Uin)

U-
ZjECn eﬂ-( ]n)

Pr(ilcn) =

Since our data were anonymous (i.e., without any identifiable pedestrian characteristics), our
model assumes identical preference coefficients for all pedestrians. Moreover, we cannot include
a panel effect correction to account for repeated choices by the same individual, as we do not
have the necessary information to infer this within the dataset. We also assume the scale

parameter of the Gumbel distribution (¢) to be unity for the model to be identifiable.
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Model results are presented in Table 2, where we present five different specifications. All models
converged with reliable estimates, which we report in addition to ‘robust’ t-statistics computed
using heteroskedasticity-adjusted standard errors. Likelihood-ratio tests were used to compare
various models (with different specifications) against one another in an effort to arrive at a robust
yet parsimonious "final" model. First, since distance or travel time are known to be critical
variables in path choice, model one (M1) illustrates that distance alone explains 56% of variation
in route choice behavior. This confirms that trip distance is indeed a key pedestrian path choice
variable in our data in San Francisco. While the first model includes only the effect of distance
through an MNL specification, the second model does the same using a Path Size Logit (PSL)
specification (Ben-Akiva and Bierlaire, 1999). Even though our choice sets were constructed to
not include more than 25% overlap with the observed routes, the PSL model does control for the
possible overlap (at most 25%), therefore producing more accurate coefficient estimates. Model
two with PSL (M2) shows a slight increase in the adjusted pseudo-p?, which increases from 0.56
to 0.58; the route length coefficient also changes from -1.47 to -1.55, implying a stronger

negative effect of route length on route choice probability.

Model three (M3) offers a full PSL specification with all the variables described in Table 1. Most
variables in M3 have expected signs, but three remained insignificant. The ‘public art’ variable,
which counts how many pieces of public art a route passes, was found to have a statistically
insignificant effect.!! This is explained by the relatively small number of public art installations
on the city’s streets—only 1.5% of all street segments feature public art. However, roughly 25%

routes in our data did pass by at least one piece of public art, which suggests that the presence of

11 We also tested public art variable alone and found no significant effect either.
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public art installations does not significantly affect an average pedestrian’s route choice in San

Francisco (rather than pointing to a low-sample occurrence of public art in our dataset).

We also found Highway Exposure—measured as the percentage of a route that falls within a 75-
meter buffer of a highway—to be statistically insignificant in M3 (with a robust t-statistic of -
1.41). Walking next to highways is a relatively rare condition in San Francisco—only 6% of
routes in our data indicate walking next to or under a highway. Though the coefficient has an
expected negative sign, which suggests that pedestrians prefer routes that avoid proximity to
highways, we dropped the variable in the following model due to statistical insignificance.
However, we are unable to conclude that proximity to highways does not affect pedestrian route
choice; rather, our data does not have adequate representation of routes with highway exposure

to provide conclusive evidence of an effect (or the lack thereof).

Third, GVI also remained insignificant in M3 (robust t-statistic of -1.43). While the presence of
green views along the route does have an expected positive sign, this effect cannot be confirmed

at the 95% confidence level after controlling for other route attributes.
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Multinomial choice estimates for pedestrian path attributes in San Francisco (n=14,760).

M1 M2 M3 M4 M5
Variable Beta t-stat | Beta t-stat Beta t-stat | Beta t-stat Beta t-stat
Length (100s of meters) -1.47 **% 793 |-1.55 *** .78.68| -1.04 *** 4291|-1.05 *** -42.97|-0.955 *** -41.35
Turns (10s) -6.55 *** -40.86| -6.54 *** -40.89| -6.69 *** -423]
Elevation gain (100s of meters) -4.08 *** 766 | -4.04 *** 756 | -3.98 **k 748
Higway exposure (% of route within 75m highway) -1.04 ~ -141
Amenities (10s, capped at 50) 0.194 *** 941 10.193 *** 939 | 0.201 *** 994
Public art (nr of installations along route) -0.036 -0.86
Sidewalk width (weighted avg. in 10s of ft) 0.871 *** 9.04 |0.879 *** 9.15 | 0.791 *** 8.32
Sky View Factor SVF (weighted avg. %) -0.823 ** 272 (-0.848 *** -2.81 [-0.471 ~ -1.62
Green View Index GVI (weighted avg. %) 0.787 ~ 143
Traffic speed (weighted avg. in 10s of mph) -0.583 *** 423 1-0.591 *** -429 |-0.434 *** _335
Traffic volume (weighted avg. in 1000s of veh/h) -0.666 ** -2.62 [-0.646 *** -2.51 [-0.759 *** -3.02
Path Size 1.95 *** 22.01 | 1.84 *** 18.77 | 1.83 *** 18.75
Adjusted rho squared 0.562 0.582 0.679 0.679 0.665
Log-likelihood Model -6,118.7 -5,834.4 -4,471.6 -4,474.4 -4,668.6
Akaike Information Criterion 12,2394 11,672.9 8,967.3 8,966.7 9,353.1

Significance level ~p<0.2, *p<0.1, **p<0.05, ***p<0.01
Cell entries are coefficients, robust t-statistics in parentheses.
All weighted avg. variables calculated using using link lengths as weights.

Table 2. Parameter estimates for different specifications of multinomial and path size logit
models of pedestrian route choice in San Francisco (N = 14,760).

Next, we excluded these statistically insignificant effects to construct a more parsimonious

model. Model four (M4), whose coefficients are interpreted below, shows a relatively high

goodness-of-fit (with an adjusted rho-squared of 0.679), suggesting a 68% improvement in

choice predictions using the estimated model over an initial benchmark of random choices. This

exceeds typical choice model expectations, where rho-square values between 0.2 and 0.4 are

considered to be exceptional (McFadden 1980)—Ilikely due to the use of a much larger dataset

than most previous path choice models have been able to use. We also illustrate an additional

model (M5) in Table 2, which includes the same set of variables as M4, but using an MNL rather

than a PSL specification to show how the exclusion of the path size correction can affect our

parameter estimates.

All variables in M4 had expected signs. First, route length had a negative effect on choice, as

expected. The number of turns and elevation gain along the route also had negative and highly

significant coefficients, indicating that pedestrians prefer routes that require less ascent and are
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cognitively easier to navigate (i.e., require less turns). The presence of amenities and increased
sidewalk width, on the other hand, had a positive effect on route choice. People prefer routes
with wider sidewalks and more retail, food and service amenities along the way. The sky view
factor (SVF) coefficient was negative, suggesting that people prefer routes that are more
enclosed by built edges and trees rather than exposed to the sky. Traffic speed and traffic volume
along the route also had negative effects, suggesting that both faster driving speeds and higher
vehicle volumes along roads decrease pedestrian route choice probability along the
corresponding sidewalks. Finally, the path size factor (overlap correction) also has a positive and

significant effect.

In discrete choice models, a ratio of two coefficients appearing in the same utility function can
be used to illustrate trade-offs or a marginal rate of substitution between one variable and another
(Olszewski and Wibowo 2005). This is often operationalized through the value-of-travel-time
(VOTT) measure, which is commonly found in the marketing literature. Building on this
concept, we can, for instance, talk about a trade-off between elevation gain and distance, and
illustrate how much additional distance an average pedestrian considers walking to avoid each
additional meter of elevation gain. To interpret such trade-offs, model coefficients need to be de-
transformed to reflect desired unit increases in corresponding route characteristics. For instance,
our de-transformed coefficients in Table 3 suggest that the tradeoff between a one-meter

elevation gain, g pvarion, and walking distance in meters, Spistance, 1S:

BeLevarion _ —0.0404

= ~ 3.8
Bpistance  —0.0105

22



This ratio indicates that the effort of walking one vertical meter uphill is perceived as equivalent
to 3.8 meters of walking on flat ground. Similarly, the trade-off between individual amenities,

Bamenities, and walking distance, Sp;srancy, can be found as:

BameniTIES _ 0.0193 B
Ppistance  —0.0105

This suggests that an average pedestrian is willing to extend the walk by 1.8 meters in order to
pass by one additional ground floor amenity. A route that passes 30 amenities is perceived as 54

meters shorter than a route with no amenities, keeping all other route attributes constant.

Variable Length equivalent interpretation (meters): | M4 (with M5 (w/o  |Absolute
Path Size) | Path Size) |Diff (%)
Turns One extra turn along the route is perceived as: 62.3 70.1 12%
One meter of elevation gain along the route is 3.8 4.2 8%
Elevation gain perceived as:
Amenities Passing one extra amenity is perceived as: -1.8 2.1 15%
A 10ft increase of avg sidewalk width along the -83.7 -82.8 1%
Sidewalk width route is perceived as:
An average increase in SVF by 10% along the 8.1 4.9 39%
Sky View Factor (SVF) |route is perceived as:
A 10mph increase in avg traffic speed along 56.3 45.4 19%
Traffic speed route is perceived as:
A 1000 cars per hour increase in avg traffic 61.5 79.5 29%
Traffic volume volume along the route is perceived as:
Mean 17.7%

Table 3. Interpretation of Model 4 and 5 coefficients from Table 2 as “Equivalent walking
distance”. Although they share the same specification otherwise, M4 includes the path size
correction, while M5 does not. The final column in this table (Absolute Diff %) denotes the
absolute percentage difference between the equivalent walking distance values calculated using
parameter estimates from M4 and M5.
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Table 3 extends the concept of “equivalent walking distance” to all seven variables other than
distance in our final model M4, providing a consistent way of interpreting model results in
comparable distance units. These results (from column M4 with Path Size) are further interpreted
in the next paragraph. In order to gauge how sensitive the results are to the inclusion of the path
size correction, Table 3 also compares the same transformations to the coefficients obtained from
MS5, where path size was not included in estimation (column M5 w/o Path Size). We find from
the final column in Table 3 that omitting the path size correction can affect the distance-
equivalence results by 17.7% on average, even if alternative routes are pre-selected to have no

more than 25% overlap with the observed routes.

The number of turns along a route indicate a substantial effect on perceived distance—each
additional turn is perceived as equivalent to 62.3 meters of extra walking distance. A negative
effect was expected, given that turns can represent both the cognitive complexity of a route as
well as the physical inconvenience of crossing more roads (Hill 1982; Sadalla and Montello
1989; Golledge 1995). Having sidewalks that are 10ft wider, on the other hand, reduces the
perceived length of a walk by 83.7 meters, on average. As we already discussed above, the
presence of amenities also has a positive effect. The effect of street enclosure suggests that the
less enclosed, the longer the route feels. A 10% increase in sky view (SVF) along the route is
perceived as 8.1 meters of additional walking distance. A route, on which traffic speeds are
10mph higher, on average, is perceived as 56 meters longer. An additional negative effect of
traffic is captured in vehicular throughput, where an increase of 1,000 vehicles per hour along

the entire route is perceived as equivalent to 61 meters of extra walking distance.
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The concept of “equivalent walking distance” is theoretically universal and can be applied to any
route. The results presented above are based on a utility function calibrated on actual

pedestrians’ route choices (i.e., revealed preference data) in San Francisco. They therefore reflect
environmental characteristics of a particular study area (city of San Francisco), the preferences of
its particular population, as well as the specific sample of data used in our study. However, as a
potentially representative and robust sample, the reported coefficients can be expected to
represent a typical pedestrian’s route choice in San Francisco and therefore also operationalized

for route choice prediction.

The concept of “perceived distance” can be used, for instance, to illustrate pedestrian
accessibility to amenities (e.g. shops, services, parks) or to public transit stations. Towards this
end, original segment lengths of the street network can be transformed according to their
physical characteristics and behavioral response coefficients from above to reflect their shortest
“perceived length”. We have implemented such transformations for the variables used in this
study. Figure 4 presents 15-minute walksheds (1km network radius) around Bay Area Rapid
Transit (BART) stations in San Francisco using all variables from Model 4 in Table 2. The blue
polygon illustrates the objective 15-minute walkshed, where locations on the street network that
are up to 1,000 meters away from a station are included. The overlapping red polygons illustrate
the “perceived” 15-minute walkshed for the same stations, where distance is transformed

according to the estimated coefficients from M4.
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Figure 4. Objective 1,000m distance walksheds (blue) and perceived 1,000m distance walksheds

(red) around BART stations in San Francisco.
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The map shows that objective distance can significantly over-estimate the perceived extent of the
15-minute walkshed around all stations. The difference between objective and perceived distance
is largest in areas that feature unfavorable walking conditions—topography, circuitous routes
(more turns), lack of amenities, narrower sidewalks, higher traffic volumes etc. For instance, the
cumulative length of streets captured in the objective 1,000m catchment area around Balboa
Station is 34.43km, but less than a third of that (10.34km) according to the perceived extent of
the same distance. Perceived catchment areas are more similar to the objective 1,000m ones
around downtown stations, where streets have wider sidewalks and more ground floor amenities,
but even there they tend to reach only 60-70% of the absolute walkshed. Understanding how
route features transform perceived walking distances can help planners estimate more realistic
catchment areas for transit stations as well as other types of pedestrian destinations according to

expected behavioral responses to streets that link them.

5. Discussion and Conclusion

This paper presents the results of a pedestrian route choice model using an unprecedented large
number of GPS traces in San Francisco. Using route choice data that covered all parts of the city
allowed us to discuss how street environments affect a typical pedestrian in San Francisco, rather
than a specifically recruited sample of users or in a specific geographic neighborhood of the city.
Eleven different route characteristics were tested, eight of which showed a significant
relationship to pedestrian route choice. The estimated model demonstrated over two-thirds

(67.9%) improvement in choice predictions over an initial benchmark of random choices.

In addition to detailed route characteristics measured in GIS, GVI and SVF were operationalized

by processing a large number of Google Street View API images with a state-of-the-art feature
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detection algorithm that classified the extent of greenery and the extent of sky exposure at 10-
meter intervals along all streets. We found both variables to reliably capture the anticipated
effects on pedestrian routes, though only SVF was found to be significantly related to pedestrian
route choice. Google Street View data offer potential capabilities to capture more detailed visual
characteristics of streets in future work, but significant computation is required in harvesting
such data. Google Street View data thus appears better justified for variables that do not have
reasonable alternatives using simpler data sources. For instance, vegetation cover along a route
(GVI) can be measured in simpler ways, using GIS data on tree canopies. However, our SVF
metric, which captures the sense of street enclosure, does not have obvious alternatives and has

been difficult to include in past research (Ewing and Handy 2009).

A particularly challenging but inevitable element of all path choice studies involves the
generation of alternative routes. In this study, we explored generating path alternatives using
pedestrian directions from Google Maps API, but found these alternatives to be too biased
towards more attractive or pleasant trajectories. We ultimately implemented a software solution
to source route alternatives using the constrained enumeration approach that returns all possible
non-looping route options between trip origins and destinations that can deviate up to a given
percent longer than the shortest path. From a potentially large set of routes between each O-D
pair, a user can indicate how many random paths to draw for inclusion in the choice set. This
approach was implemented as part of the XXX software plugin, which we have made freely
available for choice set generation online (Ref XXX, masked to preserve author anonymity

during the review process).
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The methodology we used does not come without shortcomings. Even after cleaning and
filtering, data from GPS trajectories includes biases and unknowns. First, given the anonymous
nature of our data, trip purpose remains unknown to us, thus preventing us from exploring
systematic differences in pedestrian route choice preferences by trip purpose or type of user. We
do not have information on whether the pedestrians were going to work, conducting errands or
taking a leisurely stroll. We also could not detect gender, age, race or class differences among
travelers. Trip purpose and user type can have a significant influence on route choice, which
remains unobserved in our study. This is a documented shortcoming of passive route data
collection (Shoval and Isaacsion 2006). Second, GPS tracking requires an open sky environment
to detect signals from multiple satellites simultaneously. Signal can be lost in dense built
environments where building forms obstruct sky view. This problem may be resolved if auxiliary
signal transmitters are distributed in the environments where satellite signals are weak or
unavailable (Akura and Irya 2005), but we cannot estimate whether and how much signal
obstructions might have affected the raw data we used. Third, using anonymous GPS trajectories
from smartphones always comes with the caveat that raw data may not cover complete activity
trajectories—users could decide to turn off the app temporarily during their walks. Although
certainly plausible, we think that people are unlikely to repeatedly turn their smartphone GPS
transceivers on and off during the same walk. If GPS is toggled on or off once during the walk,
the recorded trajectory still contains a valid, but partial route. Fourth, and most importantly,
using an activity-based app to trace walking routes inevitably comes with a selection bias. Not
everyone is equally likely to install or use such an app—our results could therefore be biased
towards younger, wealthier, more technologically savvy, and more active users that chose to use

the activity-based app that generated the data. Despite these issues, we believe anonymized GPS
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traces offer ample potential for better understanding spatial mobility choices at significantly

larger scales than traditional survey methods allow.

One of the shortcomings of not just this study, but most pedestrian route choice studies to date,
has been the relative lack of application of route choice coefficients to predictive purposes. We
hope to follow up on this study, where calibrated model results are used to empirically validate
both individual pedestrians’ route choices as well as aggregate pedestrian flows in key areas of
the city. Similar to Guo and Loo (2013), it would be also interesting to repeat a similar project in
a different city using the same variables. This would allow the analysis to reveal whether and
how pedestrians’ response to analogous environmental features may vary in different cities or
urban cultures. While the ‘equivalent walking distance’ construct we presented earlier can help

in cross-cultural comparisons, this will have to remain a subject of future work.
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