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The goals of active and safe transportation can be achieved by creating a pedestrian-
friendly environment. Since walking trips are more likely to be observed in dense urban areas
where motorized travel is congested, a safe environment from motorized vehicles is crucial to
protecting pedestrians and promoting walking. Thus, identifying locations where pedestrians are
most vulnerable is important to further promoting this environmentally friendly and healthy
mode of travel. The characteristics of the built environment at these locations help capture
attributes that can affect the risk of crashes: for example, development densities and some related
land uses attract pedestrian travel, while sidewalks and traffic signals can protect them from
colliding with vehicles. As a result, quantifying built environment attributes around a crash-risk
location is an important component in modeling pedestrian crashes. A variety of data and
methods have been used to identify crash-risk locations in different studies, which have limited
comparability across studies and caused complications in interpreting the results.

To date, most studies measured the overall characteristics of environments around
potential crash locations for pedestrian crash modeling. However, measuring the built
environment along an actual pedestrian route can more precisely capture the characteristics
related to the risk of a crash than those derived from location-based approaches. Objectively

measured mobility data coming from such devices as global positioning system (GPS) and



accelerometry have the potential to overcome limitations in location-based analyses. Processing
the massive GPS and accelerometer datasets to reconstruct mobility patterns in terms of trips and
travel modes requires robust computational power and sophisticated algorithms. Few studies
have focused on understanding the details on how these algorithms process data for the purposes
of quantifying travel behaviors.

In this dissertation, analyses first used a location-based pedestrian safety approach that
combined built environment and crash data to identify crash-risk locations and to model
pedestrian-motor-vehicle collisions. More specifically, a new protocol was developed to provide
a useful tool for identifying unique pedestrian crash-risk locations at intersection and non-
intersection areas. Second, the factors affecting pedestrian crashes were evaluated using fine-
grained built environment data. Lastly, the automated travel behavior detection algorithm
PALMS (Personal Activity Location Measurement System) was assessed: PALMS approach to
translate objective measures of individual mobility patterns (e.g., GPS and accelerometry) into
trips and travel modes was compared to trips recorded in travel diaries.

Studies in this dissertation contribute to the creation of consistent spatial analysis units
for location-based pedestrian crash models, which makes it possible for empirical results to be
comparable. A cost-effective method is offered to identify unique crash-risk locations. The
dissertation also contributes to the literature by showing that factors affecting pedestrian crashes
at intersection locations differed from those of non-intersection locations. It provides advanced
visualization approaches to interpret empirical model results which can be used to prioritize
safety countermeasures according to the characteristics of potential crash locations. Also
investigated is the potential of device-collected mobility data from GPS and accelerometers to

help identify individual travel modes, and to detect travel routes that can be used for quantifying



the built environment attributes. The PALMS algorithm was found to better classify vehicular
than pedestrian travel. Lastly, the methods developed to assess PALMS can be generalized and

can serve to evaluate different approaches to travel mode classification.
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Chapter 1 Introduction

Promotion of active transportation is an important goal of transportation planning and
public health 2. Traveling by non-motorized travel modes provides clean, economic, and
healthy travel options which have increased in popularity in recent years 3. The National
Household Travel Survey (NHTS) data show that in the US 9.7% of all person-trips were made
by non-motorized travel modes such as walking and bicycling in 2009, compared to 6.3% in
1995 4. Previous studies have shown that people who walk for transportation are more likely to
meet public health recommendations by accumulating more physical activity (PA) >°. Systematic
reviews also have shown that walking has favorable effects on many health and fitness
indicators, including the risks of obesity, hypertension, colon cancer, depression, cardiovascular
disease, and overall mortality "%, According to the Physical Activity Guidelines for Americans
(2018), sufficient PA is defined as at least 150 minutes to 300 minutes a week of moderate-
intensity, or 75 minutes to 150 minutes a week of vigorous-intensity aerobic PA, or an equivalent
combination of moderate and vigorous intensity aerobic PA for adults °. Walking is a good first
activity to meet the recommendation because it does not require special skills or equipment and
can be done indoors or outside by almost all age groups with little risk of injury -!1,

There is a wide geographical variation in the use of active transportation, but walking
trips are more important in urban areas %13, Major obstacles to active transportation remain in
low density sprawl areas that can generate long distance trips and where sidewalks are non-
existent, and walking trips are more likely to be observed in dense urban areas where motorized
travel is congested 2. While walking is an effective way to obtain physical activity, pedestrians

need to feel and to be safe in order to walk in these areas. Therefore, a safe environment is



crucial to protecting pedestrians for the sake of promoting physical activity 4. Studies conducted
to identify factors related to pedestrian road trauma have addressed the characteristics of the
micro-environment around crash-risk locations (e.g., roadway characteristics and traffic
conditions) as well as the characteristics of the macro-environments around potential crash
locations (e.g., neighborhood characteristics such as development densities and land uses that
generate or attract pedestrian travel ) 129, Roadway design and pedestrian-friendly
transportation facilities (e.g., wide sidewalks, traffic signals) have been found to reduce
pedestrian crashes 212, However, inconsistent results (regarding, for example, the association
between vehicular traffic volumes, speed limits, etc., and crashes involving pedestrians) have
been reported 13162324 suggesting the need for further investigations. Other built environment
factors, which support safe pedestrian travel can also enhance the desirability of walking and
may provide benefits of environmental health, obesity reduction, and injury prevention 423,

The characteristics of the micro and macro built environments can help define factors
associated with crashes. As a result, quantifying built environment attributes is an important
component in modeling pedestrian-motor vehicle collisions 4. Many studies have used locations
of potential crashes as the unit of analysis. These locations have been operationalized as points
(e.g., intersections), polylines (e.g., roadways), polygons (e.g., census tracts), and grid cells (i.e.,

rasterized maps) 182628

representing the spatial unit used to measure built environment
characteristics. Inconsistencies in identifying crash-risk locations has limited comparability
across studies and caused complications in interpreting the results. Consistent spatial analysis
units for pedestrian crash models are required to make empirical analysis results comparable. In

addition, spatial autocorrelation between crash-risk locations that are close together may bias

analyses: overlapping buffers around locations will generate environmental characteristics of



location 7 that will be associated with the outcomes of location j through the overlapping area
1529.30 also suggesting the need for further investigation.
To date, most studies have measured the characteristics of locations where crashes may

153134 An alternative approach is to measure the characteristics of locations along an

occur
individual’s walking path 4. The built environment attributes measured along the pedestrian
route (e.g., actual length of sidewalk taken by a pedestrian) can be more precisely defined and
measured than those of location-based approaches: for example, the characteristics of sidewalks
actually used by pedestrians can be measured as different from the characteristics of all
sidewalks with a given buffered distance of a crash-risk location. The use of such devices as
global positioning system (GPS) data loggers and accelerometers now provides information on
the actual route or path of one person’s travel. These data have the potential to overcome
limitations of aggregate measures of the built environment around location-based analyses.
Device-collected data help capture locations and built environment attributes of where
people actually walk. However, the translation of raw GPS and accelerometer data into travel
behavior is a challenging task. Processing the massive GPS and accelerometer datasets to
reconstruct mobility patterns in terms of trips and travel modes requires robust computational
power and sophisticated algorithms *°. Though these algorithms are increasingly used, limited
effort has focused on understanding the details on how the data are processed to quantify travel
behavior %37, To obtain reliable data on individual trips and travel modes and develop the
research methods in pedestrian crash modeling, it is required to assess travel behavior detection

algorithms.

This dissertation addresses three specific research objectives:



Develop a systematic and replicable protocol to create a consistent spatial unit of
analysis for use in location-based pedestrian crash modeling

Evaluate the factors affecting pedestrian-motor vehicle collisions at intersection and
non-intersection locations using fine-grained built environment data

Evaluate an existing automated travel behavior detection algorithm for processing

GPS and accelerometer data by comparing with travel diaries



Chapter 2 A Protocol for Defining Spatial Units for Crash-Risk Locations

Chapter Abstract

Background: Intersection and non-intersection locations are commonly used as spatial units of
analysis for modeling pedestrian crashes. While both location types have been previously
studied, comparing results is difficult given the different data and methods used to identify crash-
risk locations. In this study, a systematic and replicable protocol was developed to create a
consistent spatial unit of analysis for use in pedestrian crash modeling.

Methods: Four publicly accessible datasets were used to identify unique intersection and non-
intersection locations: roadway intersection points, roadway lanes, legal speed limits, and
pedestrian crash records. Two algorithms were developed and tested using five search radii
(ranging from 20 to100 m) to assess the protocol reliability.

Results: The algorithms which were designed to identify crash-risk locations at intersection and
non-intersection areas detected 87.2% of the pedestrian crash locations (r: 20 m). Agreement
rates between algorithm results and the crash data were 94.1% for intersection and 98.0% for
non-intersection locations. The buffer size of 20 m generally showed the highest performance in
the analyses.

Conclusions: The present protocol offered an efficient and reliable method to create spatial
analysis units for pedestrian crash modeling. It provides researchers a cost-effective method to
identify unique intersection and non-intersection locations. Additional search radii should be

tested in future studies to refine the capture of crash-risk locations.



Introduction

Pedestrian crashes have been a major concern globally, and especially in cities where
pedestrian travel is concentrated. Given the prevalence of motor-vehicles, unprotected
pedestrians are vulnerable and prone to experience serious injuries when colliding with motor-
vehicles. In 2017, nearly 6,000 pedestrians were killed in motor vehicle crashes in the US 33,
While non-pedestrian fatalities decreased by 14% from 2007 to 2016, pedestrian fatalities
increased at an alarming rate of 27%.

Studies have shown that the likelihood of pedestrian crashes are impacted by road and
traffic (e.g. roadway width, traffic volume), the built environment (e.g. residential density,
commercial land use) and socio-demographic characteristics (e.g. age, racial composition) '+!7-
2039 Past studies have focused on modelling two types of outcomes: the severity of pedestrian
injury and the frequency of pedestrian crashes. While the unit of analysis for injury severity
models has been an individual pedestrian crash 342, crash frequency models have adopted
location-based approaches. In frequency models, crash locations have been measured as points
(e.g. intersection) 3%, polylines (e.g. roadway segment) 264 | polygons (e.g. jurisdictional
boundary) 24, and grid cells (e.g. rasterized map) 254,

Pedestrian crash-risk locations come as two main types: intersections and non-
intersections *2. An intersection is defined as the general area where two or more roadways meet
47, Intersections are locations where most directional changes in travel take place, and
consequently where conflicts between pedestrians and vehicles are high ¥4, While intersection-
specific engineering safety measures are used to mitigate these conflicts, intersection design
standards often prioritize the operation of vehicles rather than the safety of walkers !7#°. A non-

intersection is any location within a roadway segment or along a transportation facility, that is



not at an intersection. Past research has shown that factors (e.g., vehicle type, roadway curves)
that impact collisions at intersections do not necessarily impact crashes at non-intersections 42,

The identification of crash-risk locations at intersection and non-intersection area is an
important part of modeling pedestrian crashes. However, there is limited definitions, data or
methods to appropriately identify crash-risk locations *°. Regarding intersections, the definition
of what constitutes an intersection might be similar in the literature 132304831 However, the data
and methods used to identify intersections vary across studies. For example, while some studies
extracted intersection point data from nodes on intersecting roadway polylines °, other studies
conducted field investigation to obtain intersection locations °!°2, More seriously, non-
intersections have broader definitions that range from highway sections 23 to mid-block, cul-
de-sac, curve ¥, and even toll plazas *'.

There are also issues associated with the spatial analysis tools used for measuring
features around crash-risk locations >*. Complex spatial analysis using Geographic Information
System (GIS) and advanced quantitative methods are often needed to measure the outcomes (e.g.
the number of pedestrian crashes) and predictors (e.g. residential density) of pedestrian crash
models ***. Buffering techniques are widely used given the many transportation facilities that
include GIS vectors . A wide range of bandwidths have been used for buffering, but most are
within a 100 m radius 435,

Regardless of buffer size, overlapping areas between buffers of different crash-risk
locations is a major cause of spatial autocorrelation, which impacts the interpretation of

pedestrian crash models 223943

. The statistical models estimated in previous studies were based
on the assumption that observations were mutually independent -8, However, the statistical

requirement that observations be independent and identically distributed (i.i.d) is often violated



because of the overlapping buffers. Adjacent crash-risk locations are more likely to violate this
assumption because they are more likely to have overlapping buffer areas.

Very few studies have accounted for the spatial autocorrelation in pedestrian safety
studies. Mixed-effects models have been adopted in some studies to reflect contextual
characteristics 2%2%%. Although these models mitigate the effects of spatial autocorrelation by
adopting advanced statistical methods, the source data for spatial analysis units might still
involve a problem of autocorrelation derived from overlapping buffers. A different approach is
the use of sampling to identify uncorrelated crash-risk locations. For instance, a subset of
intersections that were considered to be independent through field investigation can be used in

3132 However, this requires extensive time and efforts, with a small sample

statistical analyses
size.

The objective of this study was to introduce a systematic and replicable protocol to create
uncorrelated spatial units of analysis for pedestrian crash modeling for intersection and non-
intersection areas. Although the modeling results from previous studies provide valuable
insights, measurements of pedestrian crash-risk locations are often not consistent among research
projects, in part due to differences in collecting and processing the source data 2. This has led to
complications in interpreting and comparing model results. A standardized method to identify
pedestrian crash-risk locations would help improve the reliability, accuracy, and validity of
locational factors. With a clear and replicable unit of analysis for pedestrian crash modeling,

researchers and transportation planners could better understand the factors that influence the

pedestrian crashes.



Methods

Data

Pedestrian crashes

Pedestrian crash data came from the Transportation Data, GIS & Modeling Office of
WSDOT and covered the years between 2013 and 2017. The data included all crashes that had
been reported to and recorded by local police or State Highway Patrol. There were 2,222
pedestrian crashes on state routes during the study period, with data including individual-level
information such as time, weather, road condition, and socio-demographic and behavioral
characteristics of both drivers and pedestrians. In the data, crash location came as milepost on
state routes and county roads; and as distance from the closest intersection on city streets. Crash
latitude and longitude were identified by WSDOT using Linear Referencing System (LRS) and
geocoding tools in GIS.

The data included information as to whether pedestrian crashes occurred at intersections
or non-intersections. The crash data was segmented into nine location types:

e Type 1: At driveway within major intersection;

e Type 2: At intersection and not related;

e Type 3: At intersection and related,

e Type 4: Circulating roundabout;

e Type 5: Exiting roundabout;

e Type 6: At driveway;

e Type 7: Driveway related but not at driveway;

e Type 8: Intersection related but not at intersection;

e Type 9: Not at intersection and not related.



For the forthcoming analysis, this information was re-categorized into two groups;
intersection (type 1 to 5), and non-intersection (type 6 to 9). Among 2,222 state route pedestrian
crashes, 1,423 (64%) occurred at intersection and 799 (36%) occurred at non-intersection. This
information was used as a reference to test the performance of the algorithm for detecting unique

intersection and non-intersection locations.

Roadway lanes and legal speed limits

Two transportation network datasets were obtained from the Office of Information
Technology of the WSDOT: 1) roadway lane polyline data, 2) legal speed limit polyline data.
First, roadway lane data included state routes, county roads, and city streets. The data included
roadway width, number of increasing/decreasing lanes, and milepost information for state routes.
Jurisdictional information such as city names was also included for county roads and city streets.
There were 18,999 state route segments and 127,652 non-state route roadway segments used in
this study. Second, legal roadway speed limit information was obtained as a separate dataset
which contained 2,478 records. The data included speed limit information for each state route

polyline segment.

Investigating intersection point data

Roadway intersection point data came from the Office of Information Technology of the
Washington State Department of Transportation (WSDOT). In this dataset, intersections related
to vehicular travel, and were derived not from road or street center lines, but from vehicular
traffic lanes. Intersections were defined as any location where vehicular traffic could change

travel direction. Different intersections were generated based on traffic direction (e.g. a left-turn

10



lane from the north of an intersection had a different intersection with straight travel lanes than a
left turn lane from the south of the same intersection) (NOTE: this definition is generated by the
researchers based on their investigation of the data, and has not been confirmed by WSDOT—
there is no meta data attached to the intersection dataset).

The data contained 26,204 records of intersections and provided intersection type
information. Nine types were identified:

e Type G: an intersection where roadways are crossed at a common grade;

e Type A: a lane becoming an on ramp to a limited access road;

e Type E: an off-ramp lane to a limited access road;

e Type Y:a WYE (Y) connection where lanes formed three legs in the general form
of a’Y and the angle between two legs is less than 60 degrees;

e Type T: an entrance or an exit lane to a limited access road;

e Type N: an entrance lane to a limited access road;

e Type X: an exit lane from a limited access road; type

e Type R: roundabouts;

e Type O: on and off ramp lanes to limited access roads.

Many of the intersection types included in the data did not correspond to locations where
pedestrians would cross streets or roads (Figure 1). Two trained GIS analysts investigated over
100 intersection data points and compared them with aerial photos and Google Maps to extract
intersection data points where pedestrians could actually walk and cross a street or a road.
Overall, they found that only intersection types G (grade intersection) and T (entrance and exit)
corresponded to intersections that pedestrian would use. These intersection types were included

in the pedestrian intersection data.
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Several observations emerged for intersection type G, and T. Figure 1 shows intersection
points identified in the data and pedestrian crash locations. In Figure 1a, Interstate-5 is a limited
access highway which pedestrians are prohibited from using. Yet, the facility intersects with
locations where pedestrians are allowed to cross. In Figure 1b, lanes from State Route 99, a
limited access highway where pedestrians are prohibited to use, intersect with Denny Way, a city
street that pedestrians can cross. The data identified five points where vehicular lanes intersect.
Yet these intersection points are so close to each other that they are representing one pedestrian

crossing location.

. o
Lt
e, 5y
{
i =
: o3 T &
“

W (O :WSDOT Intersection point data
@ : Pedestriancrash point

Figure 1 Examples of WSDOT data identified intersection points in Seattle, at [a] (Interstate-5 and NE
Northgate Way) and [b] (state route 99 and Denny Way) in Seattle, Washington State. The blue lines
represent the vehicular lanes in the respective facilities.

There were two issues identified from these aerial photos. First, in Figure 1a, the
WSDOT intersection point data convey information on possible directional changes for vehicles

that are not often on or near intersections used by pedestrians. In other words, the intersection
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point data are not restricted to streets or roads that can be crossed by pedestrians. Thus, the raw
intersection GIS data might not be appropriate for modeling pedestrian crashes because some
areas are not actually accessible by pedestrians. To model pedestrian crashes, intersection points
on limited-access highways (e.g. interstate) needed to be removed before analysis 2. However,
some of these limited-access highways are located near local streets (e.g. city street), where
pedestrians are allowed. Hence, a systematic protocol was needed to distinguish the pedestrian
accessible intersection points from the inaccessible ones.

Second, as observed in Figure 1b, when multiple intersection points are in close
proximity, intersection locations could be double-counted, leading to double-counting of
pedestrian crashes. If crashes are allocated to only one intersection buffer, there will be cases and
controls that have the similar locational attributes. Furthermore, intersections along a certain
corridor will share similar roadway characteristics and land use. Also, adjacent intersections
share similar traffic conditions, and therefore drivers’ behaviors in those locations might also be
alike. Thus, crash-risk locations in close spatial proximity are most likely correlated, leading to a

biased model 3948,

Decision tree algorithms

Two algorithms were developed and tested to detect unique crash-risk locations. Figure
2shows the steps used in the data reduction process. First, an algorithm was created to identify
unique intersection locations. Figure 2a is workflow of the algorithm. Intersection point data
from WSDOT were used as the input dataset for this process. Pedestrian accessible intersection
points were extracted by using intersection type, road type, and legal roadway speed limit

information. Figure 2b shows the decisions made for detecting unique non-intersection locations.
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WSDOT pedestrian crash data were used as a baseline dataset. Buffering techniques were also
used to identify non-intersection locations with crashes (cases of case-control model). Voronoi
diagram techniques were applied to detect random non-intersection locations without crashes
(controls of case-control model). Detailed description for each process is explained in the

following sections.
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Figure 2 The decision tree algorithms show processes for detecting unique intersection locations [a] and
non-intersection locations [b]

Intersection points on limited access roadways

From a legal perspective, intersection points on the main thoroughfares of limited-access

roadways are not to be used by walkers for transportation purposes. However, in some cases,
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these intersection points were physically accessible by walkers at ramps and other locations
where the highway connects to local streets such as county roads and city streets. And pedestrian
crashes have occurred at some of these locations. To identify these locations, 10 m buffers from
local streets were created and pedestrian accessible intersection points were extracted.

For the next step, intersection points on non-interstate routes were examined using a state
route network dataset, which included legal speed limit information for each roadway segment.
State route segments where the speed limits are greater than or equal to 50 mph were used to
represent locations inaccessible to pedestrians. Intersections that were beyond 10 m from these
segments were identified as being pedestrian-accessible. Pedestrian accessible intersection points
on interstate and non-interstate route segments were then merged as a single GIS point layer for

detecting unique intersection locations.

Detecting unique intersection locations

Creation of Euclidean buffers using state route intersections resulted in many overlapping
buffers, leading to potential autocorrelation. Considering two intersections with overlapping
buffers (i and j), environmental characteristics of intersection i will be associated with the
outcomes of intersection j through the overlapping area between two intersection buffers. We
applied buffering techniques described in Figure 3 to account for potential autocorrelation. Three
steps were used to identify uncorrelated intersection locations without overlaps.

Pedestrian-accessible intersection points identified from previous analysis and street
network data were used as an input dataset. Euclidean buffers were first developed from each
intersection point to represent initial intersection locations. If there is an overlapping area

between Euclidean buffers, a dissolved buffer was created to capture overlapping areas of
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polygons. A single centroid was then detected from each dissolved buffer and used as a unique

intersection location. Lastly, Euclidean buffers were re-created from each point to represent

unique intersection locations.

Step Description Graphical Example
. r(radius)
Input: Pedestrian-accessible intersection data points were used c 4
as an input. e :
1 a Nk S (street network)
1a: Euclidean buffers (radius: ) were created centered on each -
intersection point (i1, iz,..., in). r
—o
d, . \
Iz
2a: If there is an overlap between Euclidean buffers, a single j e
dissolved buffer (di, d, ..., dx) was created to represent -
2 overlapping area. is J S (street network)
2b: A single centroid (cy, ¢, ..., cn) Was extracted from each /\
dissolved buffer and used as a unique intersection location. ® d:
Co=ly
uy N
e )
3 3a: Euclidean buffers (u, uz, ..., un; radius: r) were re-created ’ 5 (street network

based on each unique intersection location (cy, ¢, ..., ¢n).

Figure 3 Processing intersection point data and street network for detecting unique intersection locations

Detecting unique non-intersection locations

According to the WSDOT pedestrian crash data, 36% of the pedestrian crashes on state

routes occurred at non-intersections. To account for non-intersection pedestrian crashes, an

algorithm was developed to detect non-intersection locations with or without pedestrian crashes.
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Figure 4 shows the five steps used in the analysis. Non-intersection pedestrian crash points and
state route network data were used as baseline datasets. Buffering techniques developed for
identifying unique intersection locations were applied to detect unique non-intersection locations
with pedestrian crashes (case observation). To identify non-intersection locations without
pedestrian crashes (control observation), a Voronoi diagram was created based on case
observation points. Since all Voronoi polygon boundaries are the farthest lines from the location
of cases, the chance of overlaps between cases and controls is minimized. Lastly, to extract
unique non-intersection locations removing overlapping area, same buffering techniques used in

previous steps were repeated.
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Step

Description

Graphical Example

Input: Non-intersection pedestrian crash points (n, no, ..., nn)
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Figure 4 Processing pedestrian crash data and street network for detecting unique non-intersection

locations
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Parameter setting and comparison

The algorithm relies on Euclidean buffers with a defined search radius to identify unique
intersection and non-intersection locations. Since the outcomes of the algorithm can be affected
by this parameter, five performance runs were generated to test the agreement rates between the
algorithm and the locational information from crash data using search radii of 20, 40, 60, 80, and

100 m.

Results
Unique intersection locations

Table 1 shows the number of unique intersection locations for case and control based on
each search radius setting. The total number of unique intersection locations decreased and the
relative proportion of case locations increased as a search radius increased. For example, using a
20 m radius produced 7,522 unique intersections with 10.6% having crashes, whereas a 100 m
radius produced 3,019 unique intersections with 14.2% having crashes.

Table 1 Count of unique intersection locations for cases (having crashes) and controls (no crashes)

Parameter 20m 40m 60m 80m 100m
Case 794 818 596 514 428
(10.6%) (12.3%) (12.8%) (13.8%) (14.2%)
Control 6,728 5,808 4,056 3,212 2,591
(89.4%) (87.7%) (87.2%) (86.2%) (85.8%)
Total 7,522 6,626 4,652 3,726 3,019

Unique non-intersection locations
Results of the algorithm for non-intersection data were similar to results with intersection
data. Table 2 shows the number of unique non-intersection locations for case and control by each

parameter setting. The total number of unique non-intersection location decreased from 1,608 at

20



20 m to 955 at 100 m. The proportion of case (non-intersection location with state route
pedestrian crashes) increased from 35.3% at 20 m to 38.7% at 100 m.

Table 2 Count of unique non-intersection locations for cases (having crashes) and controls (no crashes)

Parameter 20m 40m 60m 80m 100m
Case 567 455 419 374 370
(35.3%) (38.0%) (38.3%) (37.9%) (38.7%)
Control 1,041 743 674 612 585
(64.7%) (62.0%) (61.7%) (62.1%) (61.3%)
Total 1,608 1,198 1,093 986 955

Pedestrian crashes at crash-risk locations

Pedestrian crashes occurred at algorithm-identified intersection and non-intersection
locations as well as at locations not identified as intersections or non-intersections. There were
2,222 state route pedestrian crashes in Washington State (2013-2017). The proportion of
pedestrian crashes captured within intersection location buffers ranged between 35.7% (r: 100 m)
and 61.4% (r: 40 m). The proportion slightly increased from 20 m to 40 m, then decreased
sharply at and above 60 m. The proportion of pedestrian crashes detected by non-intersection
location buffers was relatively stable compared to intersection locations. It was lowest at 40 m
(22.8% of crashes) and highest at 20 m (27.6% of crashes). The proportion of pedestrian crashes
occurring at locations not identified using the algorithm was lowest at 20 m (12.8% of crashes)
and highest at 100 m (39.2% of crashes).

Table 3 Count of pedestrian crashes at intersection, non-intersection, and other locations

Parameter 20m 40m 60m 80m 100m
1,324 1,364 1,063 928 793
(59.6%) (61.4%) (47.8%) (41.8%) (35.7%)
614 507 530 510 558
(27.6%) (22.8%) (23.9%) (23.0%) (25.1%)

Within intersection location buffers

Within non-intersection location buffers

Others (not captured by crash-risk 284 351 629 784 781
locations) (12.8%) (15.8%) (28.3%) (35.3%) (39.2%)
Total 2,222 2,222 2,222 2,222 2,222
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Agreement between crash-risk location and location type in crash data

Agreement rates between algorithm-identified locations and WSDOT-recorded crash
location characteristics (intersection versus non-intersection) were computed to compare
algorithm-generated and empirical data. Table 4 shows counts of pedestrian crashes within
algorithm-identified intersection location buffers. A total of 1,324 pedestrian crashes occurred
within 20 m buffer of intersection locations, of which 94.1% identified as intersection-related
crashes from the crash data. The agreement rates decreased gradually with increasing buffer
radius. The lowest agreement rate (79.2%) was found with 100 m intersection location buffers.

Table 4 Agreement rates between intersection location and crash data

Count of pedestrian crashes within intersection location

Buffer -
! Location type from crash data
Radius () All Intersection Non-Intersection Agreement
20m 1,324 1,246 78 94.1%
40 m 1,364 1,202 162 88.1%
60 m 1,063 907 156 85.3%
80 m 928 761 167 82.0%
100 m 793 628 165 79.2%

Table 5 shows concurrence between algorithm-identified non-intersection locations and
WSDOT data for pedestrian crashes that were recorded as having occurred at non-intersection
locations. Of the total of 614 pedestrian crashes within 20 m of non-intersection locations, 98.0%
were categorized as non-intersection crashes from the crash data records. The agreement rates
showed a sharp decrease after and beyond 60 m. The lowest agreement rate (77.8%) was found

with the longest search radius (100 m).
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Table 5 Agreement rates between non-intersection location and crash data

Number of pedestrian crashes within non-intersection location
Location type from crash data

Buffer

Radius (r) All Intersection Non-Intersection Agreement
20m 614 12 602 98.0%
40 m 507 11 496 97.8%
60 m 530 65 465 87.7%
80 m 510 86 424 83.1%
100 m 558 124 434 77.8%

Discussion

This study produced a systematic and reproducible protocol to identify unique pedestrian-
motor-vehicle crash-risk locations at intersection and non-intersection areas. A unit of spatial
analysis for pedestrian crash modeling was derived from two algorithms, and the reliability of
the protocol was assessed by comparing the outcomes with the actual pedestrian crash data. A set
of parameters was tested to check the sensitivity of the algorithm results.

Unique intersection locations were first identified using state route intersection points and
street network GIS data. Since larger buffers create more overlapping areas between initial
intersection locations, the total number of unique intersection locations decreased as the search
radius of buffer increased. The shortest search radius (20 m) generated 7,522 unique intersection
locations from 26,204 initial intersection points, which means that 3.5 initial intersection points
on average were spatially correlated through overlapping areas. This problem can be mitigated
by identifying unique intersection locations. Although the total number of unique intersection
location was largest with 20 m buffer radius, the number of case observations was largest with
40 m search radius. Considering pedestrian crashes are rare events, a search radius should be
decided based on the purpose of study not just based on the total number of observations.

Unlike intersection locations, pedestrian crash data were used to detect unique non-

intersection locations. Since non-intersection locations cover much broader area than intersection
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locations, pedestrian crash data points occurred at non-intersections were used at the first step of
algorithm to narrow down the possible candidates for unique non-intersection locations (case
observation). The algorithm then adopted a Voronoi diagram to detect unique non-intersection
locations without pedestrian crashes (control observation). Since any location within a Voronoi
cell is closer to its associated point than to any other point input feature, newly detected control
observations have the farthest distance from case observations. In this way, the possibility of
overlaps between cases and controls was minimized. The number of unique non-intersection
locations showed a sharp decrease between 20 m and 40 m of search radius, and the number
remained almost steady after 40 m. The results imply that if a certain study requires a large
number of non-intersection locations, then it would better to use a search radius shorter than 40
m, preferably 20 m.

The performance of protocol was assessed with over 2000 pedestrian crashes that
occurred on state routes between 2013-2017. Intersection locations captured the largest number
of pedestrian crashes with 40 m search radius (61.4% of the total of 2,222), showing a major
decrease after applying 60 m search radius (47.8%). Non-intersection locations captured
relatively steady number of pedestrian crashes (22.8 — 27.6%) compared to the intersection
locations across five search radii. This is mainly because the algorithm for detecting non-
intersection locations initially started from the location of empirical pedestrian crash points.
Overall, the proportion of pedestrian crashes captured within algorithm-detected intersection and
non-intersection locations was highest with 20 m search radius.

Although algorithm-detected intersection and non-intersection locations captured most of
pedestrian crashes (87.2% of the total of 2,222 with 20 m search radius), there might be some

misclassified crashes by the algorithm. For instance, a non-intersection pedestrian crash that
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occurred close to the intersection location can be classified as an intersection-related crash when
using a large search radius. To assess the accuracy of the algorithm, agreement rates between
algorithm-identified locations and WSDOT-recorded crash locations were computed. Although
empirical pedestrian crash data are not a gold standard for evaluating the algorithm (e.g. human
errors in recording and reporting pedestrian crash locations), they can still work as a useful
reference to assess the protocol. The agreement rates between two measures was highest with 20
m buffer radius for intersection locations (94.1%), showing a gradual decrease as search radii
increase. The agreement rates were stable for non-intersection locations between 20 m to 40 m,
showing a rapid decline after 60 m.

Overall, the algorithms showed excellent performance in identifying two types of crash-
risk locations. Especially, the protocol presented in this study has major benefits. First, the
algorithms developed for identifying unique intersection and non-intersection locations can
reduce human errors and labor hours to clean the data. There are 26,204 intersection points on
state routes in Washington State. It will take a lot of time for researchers to manually classify
uncorrelated intersections by comparing with satellite maps.

Second, the algorithm generates non-intersection locations with a clear definition and
processes, allowing researchers to make comparisons between studies. There has been little
consistency in identifying non-intersection locations in the literature, which made it difficult for
empirical studies being comparable. By using the same protocol for creating non-intersection
locations, empirical analysis results from pedestrian crash models on non-intersection locations
can be easily compared.

Third, an individual module of the protocol can be separately used to identify crash-risk

locations even though a complete dataset is not available. In this study, four publicly accessible
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datasets were used. Since availability of the data is different across states and countries, each
individual module of algorithm can be applied and adapted circumstantially. For instance, some
states do not offer intersection point data, so researchers mainly rely on roadway network GIS
data to create nodes as intersection points. Still, modules for buffering techniques introduced in
this study as a part of algorithm can be applied to locate unique intersection locations without
overlaps. Also, modules for creating Voronoi cells also can be used to detect non-intersection
locations without the input of public intersection point data.

Lastly, a larger number of crash-risk locations can be obtained if a certain research
project requires them. In this study, we generated a Voronoi diagram only for one time to
identify non-intersection locations without pedestrian crashes. However, this module can be
repeated multiple times to create more control observations. Depending on the purpose of study
or data availability, the algorithm offers a useful way to create a balanced sample of crash-risk
locations.

The study has limitations. First, the algorithm eliminated overlapping intersection points
and found lower number of intersection locations compared to the original intersection point
data. Although, we evaluated the algorithm with multiple criteria (e.g., sample size, coverage,
and accuracy), additional manual check for randomly selected data points (e.g., comparison with
aerial photos) might enhance the reliability of this protocol. Second, although each module of the
algorithm can be used circumstantially, non-intersection locations with crashes (case
observation) are not easy to detect without empirical pedestrian crash data. The availability and
quality of pedestrian crash data are different between cities and states though they are generally
archived based on the police-recorded reports. Consistency of the pedestrian crash data across

jurisdictions will make this algorithm more useful.
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Conclusions

The protocol developed in this study provides an efficient and effective way to create
spatial analysis units for pedestrian crash modeling. It can provide a substantial time saving in
identifying unique intersection and non-intersection locations. The algorithm will also make it
possible for researchers to compare their modeling results with other studies by using the same
unit of analysis.

The algorithms showed great performance in identifying crash-risk locations at
intersection and non-intersection areas. The performance of algorithms can be considered in
terms of sample size, coverage, and accuracy. Depending on the objective of study, different
standards can be accentuated to make a decision for search radii. For example, the buffer size of
20 m generally showed the highest performance in the analyses. However, 40 m search radius
can be an alternative when the study needs larger number of cases at intersection locations.
Regardless of study purpose, we suggest not to use larger than 60 m buffer size, which showed a
sharp drop of performance in the analyses. Also, more divided search radii should be tested in
the future studies to better capture crash-risk locations.

The protocol discussed in this study provides a tool for integrating pedestrian crash data
with the transportation network for detecting unique intersection and non-intersection locations.
Pedestrian crash modeling using this protocol will broaden the applicability of algorithms and

enrich the discussion in the future.
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Chapter 3 Environmental Risks and Benefits of Pedestrian-Motor Vehicle Collisions

Chapter Abstract

Background: The promotion of non-motorized travel modes is an important goal of
transportation planning and public health. The steady increase in trips taken by non-motorized
travel modes has raised important safety issues as walkers are the most fragile and vulnerable
road users. This study explores the impact of built environment on the frequency of pedestrian-
motor vehicle collisions occurring at intersection and non-intersection locations.

Methods: A retrospective cross-sectional analysis was conducted within the jurisdictional
boundary of King County, Washington, USA. The outcomes were the occurrence and frequency
of collisions on state routes. A number of micro and macro-environment factors were quantified
for statistical modeling using geographic information system (GIS). Multivariate mixed-effects
models were used to reflect correlations between crash-risk locations on state routes.

Results: Wider and major roadways were associated with higher number of pedestrian crashes.
Surrounding environmental factors that encourage high pedestrian activities were also associated
with higher number of pedestrian crashes on both intersection and non-intersection locations.
These factors included bus ridership, employment density, park and ride, residential area, and
service area of land use. Protective effects of pedestrian crashes were observed with household
income in all models.

Conclusions: Environmental factors of pedestrian collision identified from this study should be
prioritized to reduce the number of pedestrian crashes. Especially, the results in this study

offered valuable insights about the need for developing different pedestrian safety strategies and
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policies regarding two types of crash-risk location. Future studies are warranted to investigate the
effects of detailed traffic condition and behavioral characteristics of drivers and pedestrians on

collisions.

Introduction

There was a steady increase in the share of trips taken by non-motorized travel modes in
recent years. According to the National Household Travel Survey (NHTS) data, 9.7% of all
person-trips were made by non-motorized travel modes such as walking and bicycling in 2009,
compared to 6.3% in 1995 3. The benefits of increases in non-motorized travel modes have been
addressed in a broad range of literature. Increases in walking support national and state
departments of transportation goals to reduce vehicle miles traveled (VMT) and traffic
congestion #3260, 33% of total greenhouse gas (GHG) emissions were created from
transportation sector, and CO2 accounts for 95% of the GHG emitted from motorized trips in the
US !, Traveling by non-motorized modes can reduce a variety of GHG emissions and the use of
fossil fuels. Walking is an environmentally-friendly alternative to mitigate these problems, and
the promotion of active travel modes is an important goal of transportation planning !.

Walking has been on the public health agenda since 1996, after a publication from the US
surgeon general’s report on physical activity showed clear benefits >3 It has been identified as
a common form of leisure time physical activity in Canada, the US, and Europe 136455, Walking
has clear benefits for physical and mental health 456 and is associated with greater longevity and
reduced chronic diseases ¢7-7°, Walking is also reflected in national and local directives to redress

physical inactivity and obesity epidemics through active transportation >°. With an increase
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emphasis on walking, there are also safety issues that need to be addressed as walkers interact

with motorized road users.

Environmental correlates of pedestrian collisions

Reducing road trauma is one of the most important safety goals in concentrated urbanized
areas, where the prevalence of people walking and pedestrian exposure to traffic are greatest '6.
Extensive studies have been conducted to understand the factors that are associated with
pedestrian-motor vehicle collisions. These factors can be separated into micro and macro
environmental factors. The micro-environmental factors include roadway characteristics and
traffic conditions and are closely associated with driver and pedestrian behavior near high crash-

16-20,43

risk locations . Pedestrian collisions have been associated with higher numbers of roadway

71,72

lanes 7172, roadway functional class 2, and posted speed limits 9232443, High density of

sidewalks, transit ridership, and annual average daily traffic (AADT) have closely correlated to

pedestrian and vehicle volumes 4*72

, which might be associated with high number of crashes.

Macro-environments relate to the characteristics of neighborhood and activities of
people. In the literature, socio-demographics such as population size and density, racial
composition, employment, household income were used to estimate the number and severity of
collisions 1643-3873-75 Degpite the pedestrian volume is an essential component of estimating
pedestrian collisions, few transportation agencies collect pedestrian count data on a regular basis
since collecting site-specific pedestrian volume information costs much and requires a lot of time
33, Alternatively, various land use types were taken into account in the analysis to represent

pedestrian activities 16182343,
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Crash-risk locations and spatial autocorrelation

Statistical models developed for estimating pedestrian collision frequency have adopted
location-based approaches to count the number of pedestrian-motor vehicle crashes within the
boundary of spatial unit. A variety of spatial analysis units have been applied in previous studies,
to include: regions 7°, counties %77, districts 78, census tracts 7%, census block groups %°, and
traffic analysis zones (TAZs) 8!. Although various spatial units have been widely used in the
literature 23, intersection and non-intersection locations can offer much finer-grained analysis
results since they are generally identified as point features with higher-resolution 718313343/ An
intersection is a place where two or more roadways cross, and a non-intersection is any location
within a roadway segment or along a transportation facility, that is not at an intersection 4. Two
locations are where pedestrian-motor vehicle collisions may occur hence need more attention for
pedestrian crash modeling. The modeling results from intersection and non-intersection locations
might be different 2. And, using a common model to jointly estimate impacts on the frequency
of collision at both types of locations may result in biased estimates. Thus, it’s necessary to
investigate each location, respectively.

While intersection and non-intersection locations have clear advantages with respect to
the resolution of data, they can be a challenge to analyze given the existence of spatial
autocorrelation. That is, the spatial objects are correlated with adjacent objects across a spatial
area, thus violating statistical assumptions of mutual independency. Generally, two approaches
have been adopted in the literature to mitigate spatial autocorrelation. The first approach is to use
refined spatial data that are considered to be uncorrelated. This approach requires extensive site
surveys, field investigation, and data processing 32. The other approach is applying statistical

models which can control the correlations within spatial clusters. This approach is more widely
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used because it is relatively less time-consuming and labor-intensive compared to the first
approach 27-2956-5883 ‘The structures of spatially correlated data can be clarified through mixed-
effects models, which can account for the correlations within spatial clusters using random

effects.

Objectives

This study intends to empirically assess the impacts of built environment attributes on the
frequency of pedestrian-motor vehicle collisions at intersection and non-intersection locations.
Especially, unique crash-risk location data were developed and used in the model to mitigate
spatial autocorrelation. And, multivariate mixed-effects models were applied to reflect
correlations within and between state routes. Specific objectives were (1) to estimate incidence
rate ratio (IRR) of pedestrian-motor vehicle collisions by each environmental factor; (2) to
compare significant environmental correlates of pedestrian collisions between intersection and
non-intersection locations; (3) to visualize marginal effects of environmental factors and predict
the number of crashes at crash risk locations, which would inform safety programs how and
where to prioritize their limited resources. We hypothesized that pedestrian-motor vehicle
collisions were more likely to occur on principal arterial roads with wider roadways and
surrounding environmental factors that support higher pedestrian activities. Also, we expected
that walkable neighborhood characteristics are related to lower number of pedestrian-motor

vehicle collisions.
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Methods
Study design

A retrospective cross-sectional analysis was conducted to estimate the frequency of
pedestrian-motor vehicle collisions at crash-risk locations within the jurisdictional boundary of
King County, Washington, USA. The county had 29.6% of the state population (2.2 million in
2017), still had a disproportionate 45.1% of all statewide pedestrian-motor vehicle collisions.
The central city of King County, Seattle (population size: 0.72 million in 2017) had more than
half (51.3%) of the total pedestrian crashes occurred in King County.

A protocol was developed to identify uncorrelated and unique intersection and non-
intersection locations as a spatial unit of analysis. Four publicly accessible datasets were used in
the process: roadway intersection points, roadway lane polyline data, legal speed limit polyline
data, and pedestrian crash records. Crash-risk locations on limited access roadways (e.g.
interstate) were removed from the analysis since they lacked pedestrian access. 1,455
intersection locations and 460 non-intersection locations in King County were identified and
used in the analysis. A number of micro and macro-environment factors were quantified for

statistical modeling using geographic information system (GIS).

Measurement and data sources

Qutcome

The outcome of this study was the occurrence and number of pedestrian-motor vehicle
collisions occurred on state routes between January 1, 2013 and December 31, 2017 within the
boundary of King County. The data were directly obtained from the Transportation Data, GIS &

Modeling Office of the Washington State Department of Transportation (WSDOT). There were
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860 pedestrian-motor vehicle crashes on state routes within the study period. A Euclidean buffer
with 100 m search radius from each crash-risk location was created to count the number of
pedestrian-motor vehicle crashes.

All reported collisions were recorded based on the federally mandated Fatality Analysis
Report Systems (FARS) protocols 6. Each collision was counted as one incident regardless of
the number of pedestrians involved. The data had assorted individual crash level information, to
include: jurisdiction, time, weather, road surface condition, lighting condition, vehicle
characteristics, socio-demographic and behavioral characteristics of drivers and pedestrians.
Linear Referencing System (LRS) using state route milepost information was applied to locate
each crash point. Latitude and longitude of each collision were derived from this method and

used to map pedestrian crashes.

Micro-environments

The micro-environment factors examined included roadway design and traffic condition
such as number of roadway lanes, roadway width, roadway functional class, posted maximum
speed, length of sidewalk, bus ridership density, annual average daily traffic (AADT). Roadway
characteristics data were collected from the Office of Information Technology of the WSDOT.
The data were originally extracted from the State Highway log and the Transportation
Information and Planning Support (TRIPS) mainframe database. Continuous variables (e.g.
roadway width) were used in the analysis. But, categorical variables (e.g. functional class) were
also created to represent mutually exclusive characteristics of variables. Sidewalk data were
generated in Urban Form Lab (UFL) using various GIS data sources from King County 4. Bus

ridership density was measured by using daily average boarding and alighting information from
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each bus stop. Annual Average Daily Traffic (AADT) data were obtained from the WSDOT
traffic geoportal. Buffering techniques were used for partitioning the space for the measurement
of locational characteristics. Euclidean buffers with 100 m search radius from intersection and

non-intersection locations were created to quantify micro-environment characteristics.

Macro-environments

Macro-environments are related to the characteristics of neighborhood and land use.
Euclidean buffers with 400 m search radius from intersection and non-intersection locations were
created to capture macro-level environmental factors, including the following: residential
density, employment density, intersection density, public school, school enrollment, park and
ride, trail, population size, racial composition, household income, proportion of each land use
category.

The measurement of residential and employment density were conducted using
SmartMaps, a novel approach to the quantification of built environment . To create SmartMaps,
spatially continuous surfaces of grid cells (30 m x 30 m) were produced for quantifying the unit
counts within a search radius (400 m). The value of each raster cell represents the number of
residential unit counts and jobs for the focal cell’s neighborhood. The data for residential density
were derived from the property parcel GIS data created by the Department of Assessments, King
County, Washington. The source data of employment density were obtained from the tax
assessor and US Bureau of Labor Statistics 3. Intersection density was measured by counting the
number of unique intersection locations within the buffers. Locations of public schools and
school enrollment data were obtained from the National Center for Education Statistics (NCES).

Park and ride data contained information about active park and ride lots across Washington
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State, and the source data came from WSDOT. Trail data were obtained from the King County
GIS Open Data.

Neighborhood sociodemographic data including population and racial composition were
derived from the US census data at the census block level. Household income data were
collected from the American Community Survey (ACS) at the census block group level. Parcel
level land use data were obtained from the King County Department of Assessments. To
quantify the sociodemographic and land use characteristics around intersection and non-
intersection locations, area-weighted arithmetic values were calculated by using the proportion of

census block, census block group, and parcel-level land use within the buffers.

Statistical analyses

Descriptive statistics including the distribution of data and correlation matrix were
checked and analyzed before statistical modeling. A binary outcome from intersection and non-
intersection location was created to examine the univariate association between environmental
factors and the occurrence of pedestrian-motor vehicle collision. Odds ratios (OR) with 95%
confidence intervals (CI) were estimated from this analysis.

Multivariate mixed-effects Poisson regression models were applied in the next step to
estimate the incidence rate ratios (IRR) and 95% confidence interval (CI) for the relationship
between environmental factors and the number of pedestrian-motor vehicle collisions. Since all
intersection and non-intersection locations were clustered within state routes, the random effect
component of the regression models accounted for the correlation within and between crash-risk
locations and state routes. Specifically, random intercept models were applied in the analysis as

follows:
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In (L) = yo + z Yo¥pij +U; + Ryj ¢y
p:

where L is the number of pedestrian-motor vehicle collisions, i represents a crash-risk
location, j indicates a state route, y, is the intercept, y, is a regression coefficient corresponding to
the p” predictor variable x,;, U; is a random effect for the j* cluster. y,+U;is the random intercept
for the j cluster. R; is a random error. This model assumes that the set of Uj, set of Ry, and
covariates x,; are mutually independent. Since the data were not over-dispersed, the Poisson link
in the regression model accounts for the distribution of number of pedestrian crashes and results
in coefficients taking the form of incidence rate ratios (IRR) when exponentiated.

A full model with all variables was first estimated as a reference, then a refined model
was developed based on the results from stepwise variable selection processes in R
programming. The Akaike Information Criteria (AIC) and Bayesian Information Criteria (BIC)
were used to identify the best-fit model. When a high correlation was observed between some
factors in previous analysis, those variables were excluded in the final models. Based on the
refined model, two more models were estimated by crash-risk location type. Intersection and
non-intersection models were separately developed to show the difference of affecting factors of

pedestrian-motor vehicle collisions between two types of location.

Model visualization and marginal effects

The refined intersection and non-intersection models developed were compared visually
and numerically. Coefficients and associated confidence intervals (95% CI) were plotted using a
forest plot. Marginal effects of all variables (where other variables were set to mean values) were
also estimated and visualized. Marginal effects of predictors with confidence intervals (95% CI)

were compared by location type in the analysis.
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Prediction of pedestrian collisions and PKDE maps

The expected number of pedestrian-motor vehicle collisions at each intersection and non-
intersection location was estimated based on the refined models. An inverse link function was
applied to calculate the number of pedestrian collisions using given environmental characteristics
from each crash-risk location. The results of predicted number of pedestrian collisions were then
exported as CSV format files using a unique identifier of each intersection and non-intersection
location. The expected number of pedestrian crashes were merged to original intersection and
non-intersection location GIS layers in ArcGIS.

A planar kernel density estimation (PKDE) map was created to calculate the density of
predicted pedestrian collisions in a neighborhood around each crash-risk location. A smoothly

curved surface was fitted over each crash-risk location as a distance decay function as follows:

PKDE,, = Zn ik (E) (2)

=1 r? \r
where PKDE; is the density of pedestrian-motor vehicle collisions at crash-risk location
s, r 1s a search radius of the function. k is a weight of point i at distance d;; to location s. The
function calculates the distance decay effect from the centroid of the raster cell to all crash-risk
locations within the search radius. A 100 m search radius was used from the centroid of each grid
cell. The 30 m x 30m raster cells were used to calculate and visualize the expected density of

pedestrian collisions.

Results
Descriptive statistics and univariate analysis
There were 682 crash-risk locations that included any pedestrian collisions (intersection:

67.3%, non-intersection: 32.7%) and 1,233 locations with no collisions (intersection: 80.8%,
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non-intersection: 19.2%) in King County. Table 6 shows some of the summary statistics.
Univariate analyses were conducted to describe the patterns of each continuous or categorical
variable. A binary outcome from each intersection and non-intersection location was created to
examine the univariate association between environmental factors and the occurrence of
pedestrian-motor vehicle collision. Odds ratios (OR) with 95% confidence intervals (CI) were
estimated from this analysis.

Many environmental characteristics were identified as affecting factors of the occurrence
of pedestrian-motor vehicle collisions, to include: number of roadway lanes (> 2), roadway
width, principal arterial roads, sidewalk, bus ridership, residential density, employment density,
intersection density, school enrollment, park and ride, population size, and land use of service
area. Whereas, some variables showed protective effects of the occurrence of collisions: posted
maximum speed limits (> 40 MPH), trail, household income, and land use of industrial area.
There were some inconclusive factors that showed statistical insignificance including annual
average daily traffic (AADT), presence of public school, racial composition, park area, and

residential area.
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Table 6 Descriptive statistics by crash-risk locations with pedestrian collisions compared to crash-risk
locations with no pedestrian collisions. Unadjusted odds ratio (OR) of pedestrian crash occurrence and
95% confidence interval (CI) for each continuous or categorical variable.

Any crashes No crashes )
N: 682 N: 1,233 g&l(fsdg;tida
Mean (SD) or Mean (SD) or (95% CI)
Count (%) Count (%)
Crash-risk location type
Intersection 459 (67.3%) 996 (80.8%) 0.49 (0.40-0.61)

Non-intersection

223 (32.7%)

237 (19.2%)

Ref.

Micro-environment characteristics (100-m Euclidean area around crash-risk locations)

Number of Roadway Lanes °
1 lane
2 lanes
3 lanes
4 lanes and more
Roadway width (m)
Roadway functional class
Principal arterial

Non-principal arterial

Maximum speed
<40 MPH
> 40 MPH
Sidewalk (m)
Bus ridership density ©

Annual average daily traffic (count)

59 (8.7%)
475 (69.6%)
138 (20.2%)
10 (1.5%)
8.3(1.9)

446 (65.4%)
236 (34.6%)

415 (60.9%)
267 (39.1%)
430 (340)
5,900 (13,300)
48,000 (44,000)

349 (28.3%)
619 (50.2%)
214 (17.4%)
51 (4.1%)
7.6 (2.8)

525 (42.6%)
708 (57.4%)

577 (46.8%)
656 (53.2%)
250 (340)

1,500 (8,100)
52,000 (53,000)

Ref.

4.54 (3.36-6.13)
3.81(2.69-5.41)
1.16 (0.56-2.41)
1.12 (1.08-1.16)

2.55(2.10-3.09)
Ref.

Ref.

0.57 (0.47-0.68)
1.15 (1.12-1.19)
1.07 (1.05-1.08)
0.98 (0.97-1.00)

Macro-environment characteristics (400-m Euclidean area around crash-risk locations)

Residential density ¢
Employment density ©

Intersection density (count per km?)

Public school

Presence

Absence
School enrollment (count)
Park and ride

Presence

Absence
Trail (m)

Census (blocks, block groups)
Total population f

Race (% of white) f
Household income ($USD) ¢

1,140 (1,280)
4,300 (13,500)
10 (6.2)

107 (15.7%)
575 (84.3%)
120 (390)

121 (17.7)
561 (82.3)
240 (420)

2,200 (1,300)

77.1 (10.6)
66,767 (21,526)
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750 (1,140)
2,000 (6,600)
8.7 (6.3)

160 (13.0%)
1,073 (87.0%)
70 (240)

145 (11.8%)
1,088 (88.2%)
330 (530)

1,600 (1,200)
76.3 (11.9)
78,275 (26,785)

1.03 (1.02-1.04)
1.02 (1.01-1.04)
1.03 (1.02-1.05)

1.25 (0.96-1.63)
Ref.
1.05 (1.02-1.08)

1.62 (1.25-2.10)
Ref.
0.96 (0.94-0.98)

1.47 (1.36-1.58)
1.01 (1.00-1.02)
0.82 (0.79-0.86)



Parcel-level land use

Park area (%) 1.2 (4.1) 1.6 (5.6) 0.98 (0.96-1.00)
Residential area (%) 31.5(19.2) 30.1 (21.3) 1.00 (1.00-1.01)
Industrial area (%) 0.4 (1.4) 1.0 (2.9) 0.88 (0.83-0.93)
Service area (%) 12.7 (12.8) 8.5(11.2) 1.03 (1.02-1.04)

* Odds ratio (OR) per rescaled unit (sidewalk and trail per 100 meters; bus ridership per 1,000 count;
annual average daily traffic per 10,000 traffic; residential density per 100 units; employment density per
1,000 jobs; school enrollment per 100 students; total population per 1,000 people; household income per
10,000 $USD).

® The total number of increasing and decreasing roadway lanes was divided by two.

¢ SmartMaps (daily average boarding and alighting per square km using 100-meter buffer).

4 SmartMaps (units per square km using 400-meter buffer).

¢ SmartMaps (jobs per square km using 400-meter buffer).

' Using census block information.

& Using census block-group information.

Multivariate mixed effects Poisson models

Modeling for all types of crash-risk location

Multivariate mixed effects Poisson models were applied to estimate the risk and
protective factors of pedestrian-motor vehicle collisions at all types of crash-risk location (Table
7). A full model that included all factors was initially developed, followed by a refined model
using a stepwise variable selection process in the statistical package, R version 3.5.0. Some
environmental factors were removed from the final model since they had a high correlation with
other factors (e.g. sidewalk and total population).

Regarding micro-environment characteristics, the number of lanes (> 2) was strongly
associated with higher number of crashes compared to a single lane. Principal arterial roadways
showed more than two times higher number of crashes when compared to non-principal arterial
roadways. Bus ridership showed an IRR slightly higher than 1. At the macro-environment level,
employment density, residential area, and service area were associated with higher number of
pedestrian crashes. The presence of park and ride also showed an IRR higher than 1. Household

income and industrial area showed significantly lower IRR (<1.00).
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Table 7 Multivariate mixed effects Poisson models for estimating pedestrian-motor vehicle crash

frequency. Incidence rate ratio (IRR) and 95% confidence interval (CI) comparison between full model

and refined model.

Full Model
IRR 2 (95%CI)

Refined Model
IRR 2 (95% CI)

Crash-risk location type
Intersection
Non-intersection

0.70 (0.61-0.79)
Ref.

0.72 (0.64-0.81)
Ref.

Micro-environment characteristics (100-m Euclidean area around crash-risk locations)

Number of Roadway Lanes

1 lane

2 lanes

3 lanes

4 lanes and more
Roadway width (m)
Roadway functional class

Principal arterial

Non-principal arterial
Maximum speed

<40 MPH
> 40 MPH
Sidewalk (m)
Bus ridership density

Annual average daily traffic (count)

Ref.

1.67 (1.21-2.31)
1.47 (0.98-2.21)
1.52 (0.87-2.68)
1.07 (1.02-1.12)

2.24 (1.85-2.71)
Ref.

Ref.

0.80 (0.69-0.92)
1.07 (1.05-1.09)
1.02 (1.01-1.02)
0.98 (0.96-1.01)

Ref.

2.21(1.67-2.94)
2.40 (1.75-3.31)
2.67 (1.67-4.27)

2.49 (2.09-2.98)
Ref.

1.02 (1.01-1.02)

Macro-environment characteristics (400-m Euclidean area around crash-risk locations)

Residential density

Employment density

Intersection density (count per km?)
Public school

Presence
Absence
School enrollment (count)
Park and ride
Presence
Absence
Trail (m)
Census (blocks, block groups)
Total population
Race (% of white)

Household income ($USD)
Parcel-level land use

Park area (%)

Residential area (%)

0.99 (0.98-1.00)
1.02 (1.01-1.02)
1.00 (0.99-1.01)

1.02 (0.83-1.25)
Ref.
1.02 (1.00-1.04)

1.45 (1.24-1.68)
Ref.
0.98 (0.97-1.00)

1.15 (1.07-1.24)
0.99 (0.99-1.00)
0.93 (0.90-0.97)

0.98 (0.96-1.00)
1.01 (1.00-1.02)
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1.01 (1.00-1.01)
1.02 (1.01-1.02)

1.46 (1.26-1.70)
Ref.

0.91 (0.87-0.94)

1.01 (1.01-1.02)



Industrial area (%) 0.93 (0.88-0.98) 0.89 (0.85-0.94)
Service area (%) 1.02 (1.02-1.03) 1.03 (1.02-1.03)

* Incident rate ratio (IRR) per rescaled unit (sidewalk and trail per 100 meters; bus ridership per 1,000
count; annual average daily traffic per 10,000 traffic; residential density per 100 units; employment
density per 1,000 jobs; school enrollment per 100 students; total population per 1,000 people; household
income per 10,000 $USD).

Modeling by crash-risk location type

Based on the refined model, separate intersection and non-intersection models were
developed to identify differences between the two location types (Table 8). At the micro-
environment level, the number of lanes (> 2) was associated with higher number of crashes.
However, it was not statistically significant in non-intersection model. Roadway functional class
and bus ridership density showed an IRR higher than 1 in both models. In terms of macro-
environment characteristics, employment density, the presence of park and ride, residential area
and service area were associated with higher number of crashes in two models. Residential
density was also related to higher number of crashes. However, it was statistically significant
only in the intersection model. Household income was associated with lower number of crashes
in both models. Industrial area also showed a lower number of crashes. However, it was
significant only at intersection locations.

Table 8 Multivariate mixed effects Poisson models for estimating pedestrian-motor vehicle crash
frequency by crash location type. Incidence rate ratio (IRR) and 95% confidence interval (CI) comparison
between intersection and non-intersection model.

Non-intersection
Model

IRR 2 (95% CI)
Micro-environment characteristics (100-m Euclidean area around crash-risk locations)

Intersection Model
IRR ? (95%CI)

Number of Roadway Lanes

1 lane Ref. Ref.

2 lanes 3.20 (2.22-4.62) 1.02 (0.67-1.54)
3 lanes 3.37 (2.25-5.06) 1.05 (0.63-1.74)
4 lanes and more 4.31 (2.15-8.61) 1.10 (0.58-2.10)

Roadway functional class
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Principal arterial 2.64 (2.11-3.31) 2.01 (1.49-2.72)

Non-principal arterial Ref. Ref.

Bus ridership density 1.02 (1.01-1.02) 1.03 (1.02-1.04)
Macro-environment characteristics (400-m Euclidean area around crash-risk locations)
Residential density 1.01 (1.00-1.02) 1.00 (0.99-1.01)
Employment density 1.02 (1.01-1.02) 1.02 (1.01-1.03)
Park and ride

Presence 1.47 (1.23-1.76) 1.62 (1.24-2.12)

Absence Ref. Ref.
Census (block groups)
Household income ($USD) 0.89 (0.85-0.93) 0.92 (0.86-0.99)
Parcel-level land use
Residential area (%) 1.01 (1.01-1.02) 1.01 (1.00-1.02)
Industrial area (%) 0.89 (0.84-0.94) 0.92 (0.84-1.01)
Service area (%) 1.03 (1.02-1.03) 1.03 (1.02-1.03)

* Incident rate ratio (IRR) per rescaled unit (bus ridership per 1,000 count; residential density per 100
units; employment density per 1,000 jobs; household income per 10,000 $USD).

Model visualization

Model comparison

The forest plots for the intersection and non-intersection models are shown in Figure 5.
The plots include the incidence rate ratio (IRR) and 95% confidence interval (CI) of the model in
each panel. The vertical black line on each panel represents the null hypothesis (IRR=1). Bars
that do not touch the vertical black line indicate a significant relationship. Positive and negative
relationships were visualized with two colors (blue > IRR of 1, red < IRR of 1). Many factors

were not statistically significant in non-intersection model (Table 8).
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Figure 5 Forest plots of incidence rate ratios (IRRs) and 95% confidence interval (CI) for comparison
between intersection and non-intersection models. A vertical black line on each panel represents null
hypothesis (IRR=1).

Marginal effects

The marginal effects are shown in Figure 6. Marginal effects of predictors by location
type were compared in each panel. There were several crash risk factors identified including bus
ridership density, employment density, residential area, and service area. The incidence rate ratio
(IRR) decreased with higher values of other variables including household income and industrial

arca.
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Figure 6 Marginal effects and 95% confidence interval (CI) of predictors by crash-risk location type
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PKDE maps of expected pedestrian collisions

Figure 7 shows the planar kernel density estimation (PKDE) map of predicted number of
pedestrian-motor vehicle collisions along the state routes based on the multivariate mixed-effects
modeling results. High number of collisions was predicted on downtown areas and a part of
arterial roadways. The PKDE value means the predicted number of pedestrian-motor vehicle

crashes per square kilometer.
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Figure 7 Planar kernel density estimation (PKDE) maps of expected number of pedestrian-motor vehicle
collisions along the state routes in the city of Seattle (a), Renton and Kent (b).
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Discussion

In this study, environmental risks and benefits of pedestrian-motor vehicle collisions
were evaluated by applying multivariate mixed-effects models. Unique intersection and non-
intersection locations were identified to reduce the risk of spatial autocorrelation. A systematic
protocol was applied to eliminate overlapping areas between crash-risk locations. Retrospective
cross-sectional analyses were conducted using pedestrian collision frequency as the statistical
outcome. Micro and macro environmental characteristics were quantified and assessed by
creating Euclidean buffers from intersection and non-intersection locations.

All location models were first developed to estimate the effects of environmental factors
on the pedestrian collision frequency. A full model was presented as a reference using all
environmental variables. A refined model was then estimated based on the results from
descriptive analysis and variable selection processes. Since these models did not capture
interaction effects of location with other variables, two location-specific models were estimated
based on the refined model by crash-risk location type; one for intersection and one for non-
intersection. These models were visualized and compared through forest plots and marginal
effects plots. Prediction of pedestrian collisions was made and mapped based on location-
specific models.

In the refined model using all crash-risk locations, several micro-environment variables
were shown to have a significant association with pedestrian crashes. The number of roadway
lanes (> 2) showed a strong association with higher number of crashes. Higher number of
roadway lanes is strongly related to higher volumes of vehicles !°. In our model, principal arterial
roads showed high number of collisions compared to non-principal arterial roads. Major arterials

are generally used by larger vehicles (e.g. trucks) with higher speeds when compared to vehicles
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on local/residential roads. Bus ridership density was also associated with higher number of
crashes. Since higher density of transit ridership is related to higher pedestrian activity *’, this
variable represents high volume of pedestrians around crash-risk locations.

We hypothesized that higher vehicle speed would be associated with higher number of
pedestrian collisions. However, our full model showed that the higher posted speed limits (> 40
MPH) was associated with lower number of crashes when compared to those posted speeds of 40
MPH or less. Because posted maximum speed limits are different from direct measures of
vehicular speed, this variable may be picking up other locational characteristics. A state route
with a high posted speed limit is typically not accessible by pedestrians since they lack
transportation sidewalks and other facilities for walkers. For these reasons, the posted speed
limits showed negative (or non-significant) relationships with high (or severe) pedestrian-motor
vehicle collisions in previous studies 64,

Neighborhood and land use characteristics were included as macro-environments in the
model. Locations with more housing and businesses were represented as high residential density,
employment density and proportion of service area. These factors capturing the level of
pedestrian activity were associated with high number of crashes in the model. The presence of
Park and Rides might generate walk trips to and from the transit stops %, and it was associated
with higher number of crashes. Increased proportion of residential area within crash-risk location
was also related to higher number of crashes. The protective effects of pedestrian-motor vehicle
collisions were found in household income and proportion of industrial area. Lower income areas
were associated with higher number of crashes, similar to findings in previous studies 31

Industrial areas were less attractive places for walkers, lacking pedestrian infrastructural facilities

92
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Affecting factors of pedestrian-motor vehicle collisions were different between
intersection and non-intersection models. The number of roadway lanes was statistically
significant only in the intersection model. When a pedestrian is exposed to a roadway for longer
time (e.g. crossing four-lane roadway), the risk of collision will be high. However, this
association was only effective at intersection locations where most crossings of pedestrians are
occurring. Residential density and industrial land use were also statistically significant only in
the intersection model though the signs of coefficients were same between two models. The
results of other micro/macro-environments were consistent in two models.

The models developed in this study shows many benefits. First, spatial autocorrelation
was mitigated by using unique crash-risk location data and statistical models that control the
correlation within and between clusters. Specifically, a systematic protocol to create unique
crash-risk location data without overlaps was used in the study. Further, the spatial
autocorrelation between crash-risk locations caused by similar environmental attributes along a
vehicle corridor was mitigated by applying multivariate mixed-effects models. Fixed and random
effects were estimated to account for variations within and between state routes. Although these
approaches required extensive GIS data processing and computational power, it led to enhanced
performance of modeling results.

Second, comparison between intersection and non-intersection location models gave
insight into what kind of countermeasure should be prioritized on each type of location. Since
some micro-environment variables were only significant in the intersection model, different
pedestrian safety strategies might be required for each type of location. Previous studies pointed
out the limitation of engineering based measures to reduce the number of pedestrian collisions

1643 Generally, non-intersection locations have less complicated roadway design and traffic
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signal system compared to intersection locations. Thus, behavioral countermeasures of drivers
and pedestrians might be more important than engineering-based solutions at these locations.

Third, statistical modeling results were provided with advanced visualization techniques
which are comprehensible to policy makers and general audience. Forest plots are easier to grasp
than tables of statistical modeling results. The association between each environmental
characteristic and the frequency of pedestrian collisions was visualized in a marginal effects plot
by controlling other factors. Especially, the expected number of collisions were estimated based
on final models and provided as PKDE maps. These maps may serve a policy purpose by
prioritizing locations with high predicted number of pedestrian collisions #*.

There were limitations observed. First, the study covered intersection and non-
intersection locations within the boundary of King County, Washington. Although we collected
extensive environmental datasets from various sources, some data were not available for the
county. Previous studies conducted with the city level data included more detailed information
on traffic condition 3%7*#!, Considering the results from non-intersection location model where
some environmental factors were not significant, further models including detailed traffic
condition variables should be tested even though the model covers smaller areas.

Lastly, behavioral characteristics of drivers and pedestrians were not taken into account
in this study. Since the unit of analysis was an individual crash-risk location, it was difficult to
obtain aggregate behavioral information of drivers and pedestrians. These data were only
available through pedestrian collision data which were created based on the police records. Since
the collision data only included characteristics of occurred collisions (case observation), another

dataset needs to be developed to include control observations for modeling purpose.
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Alternatively, individual crash level modeling where the outcome is severity of pedestrian crash

can be estimated using behavioral characteristics of two parties in further studies.

Conclusions

In this study, environmental risks and benefits of pedestrian-motor vehicle collisions at
intersection and non-intersection locations were examined using micro and macro environment
data. Several environmental factors capturing roadway characteristics, traffic condition,
neighborhood characteristics, and land use were associated with high number of pedestrian-
motor vehicle crashes. Especially, differences in results between intersection and non-
intersection location models provided justification for the separation of two models in the
analysis. Also, the results offered valuable insights about the need for developing different
pedestrian safety strategies and policies regarding two types of crash-risk location.

Since wider major roadways on intersection locations showed high number of crashes,
pedestrian safety programs should be more focused on them. Other correlates of high number of
pedestrian-motor vehicle collisions, which were common to both intersection and non-
intersection locations were related to pedestrian volumes, to include: bus ridership, residential
density, employment density, park and ride, residential area, and service area of land use.
Locations with high rates of these characteristics should be prioritized to reduce the number of
pedestrian collisions. Household income showed robust protective effects of pedestrian collisions
in all models, suggesting that great attention should be paid to low income neighborhoods.
Lastly, future studies are warranted to investigate the effects of more detailed traffic condition

and behavioral characteristics of drivers and pedestrians on collisions.
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Chapter 4 Capturing Fine-Scale Travel Behaviors

Chapter Abstract

Background: Device-collected data from GPS and accelerometers for identifying active travel
behaviors have dramatically changed research methods in transportation planning and public
health. Automated algorithms have helped researchers to process large datasets with likely fewer
errors than found in other collection methods (e.g., self-report travel diary). In this study, we
compared travel modes identified by a commonly used automated algorithm (PALMS) that
integrates GPS and accelerometer data with those obtained from travel diary estimates.
Methods: Sixty participants, who made 2,100 trips during seven consecutive days of data
collection, were selected from among the baseline sample of a project examining the travel
behavior impact of a new light rail system in the greater Seattle, WA (USA) area. GPS point
level analyses were first conducted to compare trip/place and travel mode detection results using
contingency tables. Trip level analyses were then performed to investigate the effect of
proportions of time overlap between travel logs and device-collected data on agreement rates.
Global performance (with all subjects’ data combined) and subject-level performance of the
algorithm were compared at the trip level.

Results: At the GPS point level, the overall agreement rate of travel mode detection was 77.4%
between PALMS and the travel diary. The agreement rate for vehicular trip detection (84.5%)
was higher than for bicycling (53.5%) and walking (58.2%). At the trip level, the global
performance and subject-level performance of the PALMS algorithm were 46.4% and 42.4%,

respectively. Vehicular trip detection showed highest agreement rates in all analyses. Study
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participants’ primary travel mode and car ownership were significantly related to the subject-
level mode agreement rates.

Conclusions: The PALMS algorithm showed moderate identification power at the GPS point
level. However, trip level analyses found lower agreement rates between PALMS and travel
diary data, especially for active transportation. Testing different PALMS parameter settings may
serve to improve the detection of active travel and help expand PALMS’s applicability in

geographically different urbanized areas with a variety of travel modes.

Introduction

Identifying and understanding human location and movement is a crucial part of
transportation planning, public health, and health geography research 3. Previous studies have
shown that people who walk or bike for transportation are more likely to meet public health
recommendations by accumulating more physical activity >°. Since the 1970s, governmental
planning agencies have relied on travel survey data in order to create transportation models *+°7,
including identifying origins and destinations of people’s reported movements, travel modes, and
related activities. More recently, a growing interest in active transportation (primarily walking
and bicycling) on the part of public health 3628 has lead researchers to obtain more
objectively measured mobility data through the use of such devices as global positioning system
(GPS) data loggers and accelerometers to inform transportation models. However, computational
algorithms are required to process the massive quantities of GPS and accelerometer data

36,95,98,100-102

generated in these studies , and to date, limited work has evaluated these algorithms

to understand the details on how they quantify fine-scale travel behaviors.
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Self-reported travel diaries are one of the most common instruments for obtaining data on
people’s locations and movements 93194, Traditionally, travel diaries have been considered as
the comprehensive source of information for travel behaviors 9. This self-report approach
allows for the collection of data on trip purposes, departure and arrival times, travel mode, and
related respondent characteristics including age, sex, race/ethnicity, education level, income,
health status, etc. Unfortunately, self-reported travel surveys are a burdensome, leading to low
compliance and inaccuracy. The resultant data are susceptible to human errors such as recall or
social desirability bias '°. Common problems include missed trips, incomplete entries, and
misreported time stamps and travel behavior characteristics '°7. Nevertheless, important
behavioral data such as purpose of travel, visited place names, addresses, and certain travel
modes cannot be obtained without study participants’ direct input '%. In addition, in many
instances, the primary measurement method for travel behaviors remains self-reported because of
cost and feasibility 103104,

Combined use of individual-based GPS and accelerometer devices to measure location,
speed, and physical activity levels has provided new opportunities to characterize travel

behaviors at fine spatial and temporal scales 1%%10?

. During the last few years, the use of these
types of devices to obtain objectively measured travel behaviors has taken a salient role in active
transportation and physical activity studies %!, Although not entirely error-free, these
techniques are considered to provide more objective and accurate measures of travel behavior
than the traditional methods that rely on active respondent reporting 2. As passive data
collectors, GPS and accelerometer devices reduce study participant burden and likely enhance

data quality !'3. Also, GPS data offer information on traveler’s route choice and corresponding

speed, which have been difficult to collect through travel survey methods °°.
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However, processing massive GPS and accelerometer data sets to reconstruct mobility
patterns in terms of trips, trip origins and destinations, and travel mode, requires robust
computational power, sophisticated algorithms, and expertise in data management skills 3¢. In
addition, algorithms often require expert user input for specification of parameter settings for
data processing.

PALMS (Personal Activity Location Measurement System) is a web-accessible system
enabling the development of travel behavior and physical activity variables from device data
N5 Tts main purpose is to merge and process time-stamped data from devices such as GPS
data loggers, accelerometers, and heart-rate monitors. PALMS was developed by the Center for
Wireless and Population Health Systems, University of California, San Diego. PALMS identifies
trips and places, and it categorizes trips into three travel modes: walking, bicycling, or vehicular
trips. In addition to processing raw time-stamped data, PALMS can aggregate the data into more
manageable sets by day, participant, or event.

Besides PALMS, several algorithms have been developed to measure and quantify visited
locations, travel behaviors, and physical activities by using GPS and accelerometer data. Some of
these algorithms rely solely on the geographical coordinates information collected via standalone
GPS data loggers or mobile phones 33116 These algorithms use frequency, density, and speed
information from the spatially-referenced data to detect and classify activity locations and trips.
Other algorithms including PALMS use GPS with accelerometer data to identify fine-scale travel
behaviors such as walking 01117118,

The performance of the PALMS algorithm was evaluated in previous studies **!!4, and
results showed moderate agreement rates for travel modes (agreement using SenseCam '!#: 65.3-

93.4%; agreement using travel logs *%: 74.2-89.8%). The performance of other algorithms varied
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considerably across studies, to include: the percentage of correctly identified trips that were
recorded in a travel diary (78.9-86.0%) °°; the proportion of correctly identified stop locations
(92.3%) *%; the proportion of locations for which a GPS-interview results match was found (50-
100%) ''6; the proportion of GPS data time that correctly identified activity location and trip
occurrence by comparing with recall interview results (95.8%) 3°.

In the travel diary framework, respondents are instructed to record characteristics of
individual trips, rather than at fixed time intervals. Therefore, many previous studies assessing
specific algorithms used trips as the unit of analysis by connecting consecutive GPS data points
sharing a single identified travel mode *>!''°-122, Since people perceive their travel behaviors
based on the trip unit, this approach is appropriate.

However, since PALMS produces output data as GPS points with corresponding
trip/place information at every time interval (e.g., minute), previous studies assessed the PALMS
algorithm using individual GPS point records as the unit of analysis. PALMS was assessed in
previous studies by comparing its classification of trips by mode with SenseCam images from

114 "and travel logs from two research assistants 8. In these studies, the

forty adult cyclists
PALMS algorithm was evaluated through a collective measure; person-level GPS data were
coalesced into a single data set and analyzed in aggregate. Data were aggregated because the
sample size was too small to conduct subject-level analyses, and socioeconomic and other
demographics information was not obtained from study participants.

The objective of the present study was to compare PALMS travel behavior information
with that of travel diaries to address the strengths and weaknesses of the PALMS automated
algorithm. According to reviews of GPS data processing methods and studies of the reliability of

123,124

wearable activity trackers , no other study assessing PALMS or other algorithms conducted
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the analyses at both GPS and trip levels using the same data sources. In the present study, we
first combined data from all subjects to assess PALMS global performance, and second, we
evaluated PALMS performance at the participant level to assess individual performance. Lastly,
to investigate reasons for possible discrepancies across different levels of analyses, we looked

into the socioeconomic characteristics of study participants.

Methods
Data Development

Participants and Sampling

Participant data came from the Travel Assessment and Community (TRAC) project,
which recruited >700 baseline participants within the greater Seattle, WA (USA) area between
July 2008 and July 2009. The purpose of TRAC was to investigate effects of a new light rail
transit (LRT) system on people’s travel behaviors in two follow-up data collection efforts 101125,

For this study, we sampled 60 subjects from baseline TRAC participants. Because the
analysis focused on travel mode identification, we conducted a stratified random sample of
participants to ensure adequate coverage of the less common travel modes (e.g., transit, walking).
Participants were first sorted into groups of drivers (58.1% of the full cohort), transit users
(3.8%), or walkers (30.9%), based on the travel mode that each person reported most frequently
in his or her travel diary (the remaining 7.2% of participants used bicycle, motorcycle, or taxi for
their primary travel mode). From among each of the 3 groups, we randomly selected 20
participants.

Subjects in the final sample were 52.4 years old on average, 46.7% were male, 73.3%

were white non-Hispanic, 65% completed a bachelor’s or higher degree, 48.3% had full time
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jobs, 48.3% reported an annual household income < $50k USD, 43.3% were married/partnered.
The average household size was 2.1 with 0.4 children. Households had an average of 1.1 cars,

and 45% lived in single-family housing.

Accelerometer, GPS, Travel Diary, and LifeLog

Participants were enrolled for one week and wore a GPS data logger (GlobalSat DG-100;
New Taipei City, Taiwan) to record geospatial locations, and a hip-mounted accelerometer
(ActiGraph GT1M; Pensacola, FL, USA) to measure movement. Participants also recorded place
names, addresses, times of arrival and departure, activities at each place, and travel mode from
place to place in a travel diary during the same days in which they wore the GPS and
accelerometer.

Using the time-stamp as a common identifier, accelerometer, GPS, and travel diary data
were combined into a “LifeLog”, which is an individual-level master table for each participant.
One record in the LifeLog represents a 30-second time-stamp with corresponding accelerometer
counts, GPS latitude, longitude, and speed, and travel diary place or trip characteristics. Detailed

methods and description for creating the LifeLog were documented in previous studies '1:198,

Processing GPS and accelerometer data with PALMS and Merging it with the LifeLog

PALMS allows researchers to specify analytical parameter settings for identifying trips
and places. In this study, PALMS version R4 default parameters were used to process GPS and
accelerometer data from the sixty subjects. PALMS calculates the distance and speed between
sequential GPS points. Subsets of GPS points were flagged as being members of trips if they

spanned >100m within an interval of 180 seconds. Trips with a 90™ percentile speed of >25
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km-h! were categorized as driving. Trips with a 90" percentile speed >10 km-h"! and <25 km-h"!
were classified as bicycling. Finally, trips with a 90" percentile speed >1 km-h"! and <10 km-h"!
were identified as walking. Stationary places between trips were identified as having a duration
of > 300 seconds with GPS points within a 30 m radius.

To generate complete tables (i.e., with one GPS measurement per accelerometry epoch),
PALMS imputes GPS points that were missing due to signal loss by duplicating records at the
mean coordinate of the 20 records collected before signal loss (see Meseck et al. 2016 26 for
detailed information on imputation of GPS data). For the 60 participants over the one-week
measurement period, there were 1,712,721 measured records, and PALMS imputed 177,779 GPS
records (10.4%). Output from PALMS included original variables (XY coordinate, speed,
accelerometry counts), as well as calculated trip and place variables. For comparison with the
LifeLog data, PALMS was configured to use 30s time-stamps.

Results from PALMS were exported as CSV format files. We linked PALMS trip and
place information with the LifeLog using subject ID, date, and time stamp as common
identifiers. Incomplete travel diary records (e.g., missing trip start or end time, 0.01%), trips with
an unspecified travel mode (0.3%), trips taken on ferries (0.002%), and tours (trips recorded with
the same start and end location, 0.3%) were removed from the data set. Consequently, 987,550
observations of GPS points with complete PALMS and LifeLog data (99.4% of merged data)

remained.

GPS point level analyses
PALMS and travel diary data were first compared at the GPS point level to determine the

amount of agreement between PALMS and travel diary identified trips, places, and travel mode.
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For trip/place identification comparison, two variables were created for each observation: one
indicating whether the PALMS algorithm classified the GPS point as part of a trip or place, and
another indicating whether the travel diary classified the observation as part of a trip or place.
These two variables were used in a 2x2 contingency table to calculate trip classification
agreement at the GPS point level.

For travel mode identification comparison, three variables were created for each
observation. PALMS classifies trips into one of three travel mode categories (pedestrian, bicycle,
or vehicle), whereas the travel diary included 14 options: 1 (auto/truck/van), 2 (carpool/vanpool),
3 (bus), 4 (light rail), 5 (monorail/trolley), 6 (heavy rail), 7 (dial-a-ride/paratransit), 8 (school
bus), 9 (ferry), 10 (taxi/shuttle bus/limousine), 11 (motorcycle/moped), 12 (bicycle), 13 (walk),
14 (airplane). For this analysis, we recoded the ten motor vehicle-based travel modes in the
travel diary (1-8, 10, 11) as vehicle. These three categories were used in a 3x3 contingency table
to calculate travel mode classification agreement.

The merged GPS point level data were examined at the subject level to compare the
number of trips and places for each participant i. The average difference (D) between PALMS

and travel diary was calculated in Equation (1), where xp,, x7p are the number of trips (places) in

PALMS i and travel diary 7, and » is the number of study participants.

?:1(xpi - xTDi)

n

D =

(1)

Trip level analyses
Trips recorded in the travel diary were used as the unit of analysis in a trip-level data set.
PALMS and travel diary data were first tested for matching based on the overall number of trips,

and more stringently, based on the temporal overlap between trips identified in these two
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sources. Each travel diary recorded trip had a unique trip number, together with information
about starting time, ending time, duration of a trip, and travel mode. Trips from PALMS also had
unique trip IDs and were matched with travel diary trips based on subject ID, date, and time.

Trips from PALMS and the travel diary were considered to match if they had any
temporal overlap. We computed an agreement rate (AR;) as the proportion of trips recorded in
travel diaries that were matched to PALMS trips (Equation 2), where m, is the total number of
matching trips, and xrp, is the total number of trips from travel diaries.

t

m
AR, = x 100 )

XD,

Next, because times reported in travel logs may not match device times precisely, we
performed a sensitivity analysis by repeating the matching analysis using different proportions of
overlap time. Specifically, we tested >0%, >25%, >50%, >75% and 100% of PALMS trip
duration overlapping with travel diary trip duration. We computed the percentage of overlapped
time (OT) between each PALMS and travel diary trip in Equation (3), where r is duration of
temporal overlap between PALMS and travel diary, and t;p is time duration of a trip recorded in

travel diary.

r
OT =—x 100 (3)
trp

Lastly, trip-level OT data were aggregated to subject-level agreement rates (AR;) using
the five OT cut-off points of >0%, >25%, >50%, >75% and 100%, as an assessment of PALMS
subject-level performance in Equation (4), where m; is the total number of matching trips from

participant i.

m.
AR, = —x 100 (4)
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To investigate factors associated with differential PALMS subject-level performance
across the sixty participants, personal characteristics including primary travel mode and
socioeconomic factors (e.g., age, sex, race, education, household income, children, car
ownership) were taken into account. Two types of response variables were used in statistical
modeling. First, subject-level agreement rates were used as a response variable. Second, since
subject-level agreement rate is the proportion of correctly identified trips recorded in travel diary,
we also investigated the relationship between the number of matching trips and participants’
personal characteristics. Ordinary least squares and linear mixed effects models were used for the
first response variable; negative binomial and mixed effects negative binomial models were

applied for the second response variable.

Results
GPS point level performance

Classification of GPS points in PALMS and travel diary

PALMS classified 56.0% of trip observations in the travel diary as trips and 94.7% of
place observations in travel diary as places (Table 9). The level of agreement between the two
measures was also assessed by the inter-rater reliability test. Cohen’s kappa statistic was 0.463
(p-value <0.01) between PALMS and travel diary.

Table 9 Trip and place classification agreement at the GPS point level

Travel Diary (LifeLog)
Trip Place
GPS Point 0 GPS Point o
Counts (%) Counts (%)
Trip 41,495 (56.0%) 48,016 (5.3%)
PALMS
Place 32,613 (44.0%) 860,970 (94.7%)
Total 74,108 908,986
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Table 10 shows the travel mode classification results across all participants at the GPS
point level. The overall GPS point level agreement rate for travel mode match between PALMS
and travel diary was 77.4%. Cohen’s kappa statistic was 0.484 (p-value < 0.01). The agreement
rate between PALMS and travel diary observations was higher for vehicle versus bicycling and
walking.

Table 10 Travel mode classification at the GPS point level

Travel Diary (LifeLog)
Vehicle Bicycle Walking
GPS GPS GPS
Point (%) Point (%) Point (%)
Counts Counts Counts

Vehicle 25,963 (84.5%) 1,024  (45.6%) 2271  (26.6%)

PALMS Bicycle 2,916 (9.5%) 1,202 (53.5%) 1,299  (15.2%)

Walking 1,835 (6.0%) 20 (0.9%) 4965  (58.2%)

Total 30,714 2,246 8,535

Comparing trips and places identification by individual participant

Figure 8 shows the difference in the number of places and trips per day extracted from
the travel diary and from PALMS by participant. Differences did not appear to be consistent
across participants. PALMS found an equal or greater number of trips for 71.7% of the sample
and fewer trips for 28.3% of the sample relative to the travel diary (Figure 8a). Also, PALMS
identified an equal or greater number of places for 55% of the sample, and found fewer places
among 45% of the sample (Figure 8b). On average, PALMS identified 3.1 more trips and 2.1
more places per day by participant during the seven consecutive days than were found in the

travel diary.
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Figure 8 Count of trips (a) and places (b) per day by study participant

Comparing travel diary and PALMS data for one day of activity from two subjects

Visualization of travel diary and PALMS outcomes with corresponding maps provides
some insight into the observed discrepancies. Figure 9 shows travel diary and PALMS data for
one day of activity from two subjects. The upper and lower panels show an example of high and
low agreement between travel diary and PALMS outcomes, respectively.

In the high agreement case (Figure 9a, Figure 9b), eight vehicular trips and two walking
trips were reported in the travel diary; PALMS identified seven vehicular trips and two walking
trips for this day for this subject. Based on these visuals, we could conclude that both travel diary
and PALMS travel behavior identification algorithm worked well for this subject for this day.

In the low agreement case (Figure 9c, Figure 9d), the travel diary records included six

vehicular trips and one walking trip. However, PALMS identified eight vehicular trips, seven
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bicycling trips, and nine walking trips within the same time period. Considering GPS speed and
accelerometer count patterns between 09:00 and 14:00, and 19:00 to 00:00, this subject may have
neglected recording some walking trips in travel diary. On the other hand, a single vehicular trip
might have been identified as multiple vehicular and bicycling trips in PALMS. It is possible that

vehicular trips with low speed were identified as bicycling trips in PALMS.

vehicle - Travel diary - - - -— - - -

bicycle -

walking - - —

Y 4 — —

vehicle PALMS - - - — - - -

bicycle -

walking - - —

y —

== GPS speed (km h) 2 | ®@ ACCcounts |
21 , .{

F

30 40
T

20

&H *: L ‘ visited places
e I
e, L ‘[j w B ——— travel routes
3 B SSE . asllhy =
: . Ledi s, 1]

23:00

10
500 1000 1500 2000 2500

0

03:00 08:00 13:00

vehicle | Travel diary -—— - —— —
bicycle | c

walking -

Y - — - - —

vehicle PALMS ——— — — -—

bicycle

walking | - - -- -

Y - - -

=== GPS speed (km h) ‘ ) @ ACC counts
o
0 . b

40
T
1000 1500

20
T
500

04:00 09:00 ‘ 14:00 19:00 00:00
Figure 9 (a) and (c) show an example of high and low agreement between travel diary and PALMS

outcomes, respectively. (b) and (d) represent places and travel routes identified by PALMS for each case.
A bigger circle means high frequency of visit in the map
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Trip level performance

Global Performance

There were 2,100 trips in the travel diaries of the sixty subjects across all modes. The
days on which these trips were recorded had 2,483 trips across all modes derived from PALMS.
1,233 trips from the travel diary were identified by PALMS as trips (regardless of mode)
(58.7%), 598 (28.5%) travel diary trips were not matched to a PALMS trip, and 269 (12.8%)
travel diary trips were split into more than one trip in PALMS. Of the 598 travel diary trips that
were not captured by PALMS, 56% were reported as vehicular trips, 41.1% were reported as
walking, and the remaining 2.9% were reported as bicycle trips.

Figure 10 shows the agreement rates (AR;) by varying the percentage of overlap time
(OT) (0-100%) between PALMS and the travel diary. As expected, agreement rates were greater
for lower values of OT percentage. The overall agreement rate (OT > 0%; where there was any
temporal overlap between PALMS and travel diary trips) across the three travel modes was
46.4%. The agreement rate for vehicle, bicycle and pedestrian trips was 52.5%, 35.7%, and

34.8%, respectively.
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Figure 10 Agreement rate in the different modes by percentage of overlapped time (OT)

Subject level performance

To assess subject-level correspondence between PALMS and travel diary trip
identification, we calculated agreement rates for each subject (AR;). The total number of
correctly identified trips per subject was first calculated by applying the same methods used in
global performance analyses. This number of matched trips was divided by the total number of
trips recorded in the subject’s travel diary.

Figure 11 shows inter-subject variation in agreement rates based on having any OT. Of
the 60 subjects, 10 (17%) had an agreement rate that was lower than 20%. Among these subjects,

three had 0% agreement rates. Proportions of subjects that had an agreement rate of 20-40%, 40-
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60%, 60-80%, 80-100% were 27.1%, 32.2%, 20.3% and 3.4%, respectively. Based on these

subject-level agreement rates, the mean agreement rate was calculated as 42.4% (OT > 0%).

80

60

Subject-level Agreement Rate (%)
20

Study Subjects (n=60)

Figure 11 Subject-level agreement rates (OT > 0%)

Statistical modeling for PALMS subject-level performance

Four statistical models were applied to investigate variations in subject-level performance
(OT > 0%) (Table 11). Models I and IT show OLS and negative binomial modeling results. Also,
since all subjects were clustered in three primary travel modes, we applied mixed-effects models
to reflect hierarchical data structure in models III and I'V. The average subject-level agreement
rate was 59.4%, 20.5%, 48.2% for driver, transit user, and walker groups, respectively.

Car ownership was statistically significant and positively associated with PALMS

subject-level performance in all models with 95% confidence interval except for model II (p-
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value=0.057). Primary travel mode was also statistically significant in models I and II. Being in
the driver or walker group (with the transit user group as the reference category) was related to
higher performance in PALMS. Primary travel mode was also used as a random intercept in
mixed-effects models (IIL, IV). The intra-class correlation coefficient (ICC) was higher in model
III. Other personal characteristics were not related to PALMS subject-level performance.

The hierarchical data structure was better explained in the linear mixed-effects model
(model IIT), which is summarized in Figure 12. Bars that do not span 0 (e.g., travel mode and car
ownership) indicate a significant relationship. For comparison, OLS model (model I) results
were also included in the figure. With car ownership being the only statistically significant
variable in model I11, it was visualized using random intercepts by setting all other covariates to
zero in Figure 13, which shows both of random intercepts and the fixed coefficient of car
ownership. Agreement rates increased with car ownership for all subjects, but transit users had

significantly lower agreement rates compared to the high drivers and high walkers.
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Figure 12 Coefficient and confidence interval plot for subject-level agreement rate regression (Model I
and Model III)
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Table 11 Statistical modeling results

Model 1 Model 1T Model III Model IV
(OLS) (Negative Binomial) (Linear Mixed Effects) (Mixed Effects Negative Binomial)
Response Variable Subject-level Agreement Rate # of Matching Trips Subject-level Agreement Rate # of Matching Trips
(PALMS subject-level performance; OT > 0%) B CI p IRR CI p B CI p IRR CI p
Fixed Parts
(Intercept) 20.78 -5.15-46.72 0.114 021 0.11-0.40 <.001 38.38 10.40-66.36 0.007 0.38 0.18 -0.80 0.011
Age 0.07 -037-050  0.758 I 099-101 0961 0.07 -032-047 0719 1 0.99-1.01 0.907
Sex (ref. female) -346 -12.85-593 0462 095 0.79-1.15 0.622 -4.56 -13.04-3.92 0.292 0.93 0.76 —1.13 0.469
Race (ref. non-white) -7.78  -19.65-4.08 0.193 0.87 0.67-1.14 0311 -7.73 -1853-3.08 0.161 0.89 0.67-1.17 0.394
Education (ref. <college grad) -3.46 -15.54-8.61 0567 095 073-124 071 -19 -12.78-898 0.732 0.98 0.75-1.29 0.909
Household Income (ref. <$§50k) -2.92 -1549-9.66 0.643 092 0.72-1.19 0.531 -1.93 -13.34-9.49 0.741 0.94 0.72-1.22 0.628
Children (ref. no children) 1.51 -1236-1538 0.828 1.02 0.77-136 0.869 2 -10.63-14.63 0.757 1.02 0.76 — 1.37 0.891
Car Ownership (ref. no car) 15.01 1.61-2841 0.029 134 099-1.82 0.057 16.54 4.47-28.61 0.007 141 1.03-1.93 0.034
Primary Travel Mode (ref. transit user) Random Parts
driver 32.96™ 16.78 -49.14 <.001 2.62 1.74-3.97 <.001 c?=219.324 -
walker 26.87"" 12.38-41.36 <.001 234 1.60-3.45 <.001 00 = 154.055 o0 = 0.138
- - - - - - - N=3 N=3
- - - - - - - ICC=0.413 ICC=0.056
Observations 57 57 57 57
R?/adj. R? .581/.501 - R?/Q¢*=.578/.577 Deviance = 51.43

*p<0.1; *p<0.05; **p<0.01
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Discussion

This study compared PALMS place, trip, and travel mode identification results with
travel diary data from sixty adults living in a mid-sized U.S. metropolitan area, the greater
Seattle area, and selected for having different primary travel modes. Compared to previous GPS
algorithm assessment studies 3398114 the study used a larger sample and examined travel mode
agreement among 2,100 recorded trips with 987,500 GPS point observations. The two data sets
offered two levels of analysis.

At the GPS point level analysis, PALMS trip and place classification agreement rates
were quite different at 56.0% and 94.7%, respectively. The place identification agreement rate
was similar to that of a study which compared PALMS outcomes with SenseCam images
sampled every minute (93.4%) !, but the trip identification agreement rate was lower (88.5%)
14 Since the present study used the self-reported travel diary as reference data, the results cannot
be directly compared with objectively captured photographic data. However, the difference
between the two studies suggest that diary data for places is more precisely recorded than it is for
trips. The selected population mixing primarily drivers, transit users, and walkers could also
explain the different results.

Agreement rates varied significantly by travel mode. While the rate was high at 77.4%
for all observations, they were lower for bicycle (53.5%) and walking trips (58.2%) compared to
vehicular trips (84.5%) at the GPS point level. Notably, 45.6% of bicycling trip GPS points
recorded in the travel diary were classified by PALMS as driving. Distinguishing between
driving and bicycling can be difficult due to primary reliance on speed recorded in GPS data. In
PALMS, the cut-off speed used for differentiating driving from bicycling was 25 km-h'!. Results

would likely be different using higher or lower cut-off speeds. In addition, the number of
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observations for bicycling trips in our sample (2,246 GPS points from 70 trips) was relatively
small compared to other travel modes (vehicle: 30,714 GPS points from 1,367 trips; walking:
8,535 GPS points from 663 trips). It is also likely that distinguishing between motor vehicle
travel and bicycling is more challenging in higher traffic and congested areas due to lower
vehicular speeds. The use of ancillary data, such as measured heart rate, which was not available
for this study, would enhance the performance of PALMS for separating bicycle trips from
driving 1?7,

The difficulties in identifying trips and travel modes were also confirmed through
individual participant level analyses. PALMS identified an average of 23.9 more trips per subject
than were recorded in the travel diary, and 71.7% of subjects had more trips identified by
PALMS than were recorded in the travel diary. Disparities in trip counts were much higher than
the discrepancies seen for PALMS place identification algorithm results (16.3 more places per
subject on average; 55% of subjects with more places in PALMS versus the travel diary).
Visualizing mapped data from two subjects helped points to known limitations in travel diary
data, which are prone to errors and omissions in recorded trips *>19%1%, Evidence of unrecorded
trips can be found in GPS and accelerometer data. Also, many single trips as recorded in the
travel diary were split into multiple trips by PALMS. However, these errors could be minimized
by careful selection of parameter settings in PALMS and by varying tolerances for acceptable
short-duration stops within trips.

Since the GPS point level analyses revealed some limitations, we reconstructed our data
at the trip level and compared PALMS outcomes with the travel diary. We took a novel approach
of reporting global and subject-level performance. In the global performance analyses, we found

that 12.8% of trips recorded in the travel diary were split into multiple trips in PALMS. This
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result confirmed one of our speculations about why PALMS identified more trips than travel
diary records. For trip level analyses, we took the most conservative perspective by excluding
these divided trips from correctly identified trip group.

In the global performance analyses, we advanced the agreement analyses by introducing
the percentage of OT between PALMS and travel diary. In the analyses, the overall agreement
rate was lower (46.4%, OT > 0%) than the results from GPS point level analyses (77.4%). Since
we used strict rules by removing divided trips from the correctly identified trip group, many GPS
points previously labeled as matched points were classified as unmatched trips in this level of
analysis.

The agreement rate between PALMS and travel diary travel modes at the trip level was
highest for vehicular trips (52.5%, OT > 0%), consistent with GPS point level analysis results.
Bicycling had the second highest agreement rate (35.7%, OT > 0%), with walking trip agreement
rate being slightly lower (34.8%, OT > 0%). At the GPS point level, agreement for walking was
higher than for bicycling (58.2% versus 53.5%). However, the agreement rate for vehicular trips
was much higher (84.5%). This discrepancy is likely due to the parameters for speed used to
identify walking, bicycling, driving, which were specified as 1-10 km-h!, 10-25 km-h'!, and >
25 km-h!, respectively. Walking and bicycling usually do not exceed 25 km-h'!. However,
motor vehicles often drive at 25 km-h™! for extended intervals, particularly in urban areas with
high traffic congestion. The overlap in actual speeds increases the difficulty in differentiating
different travel modes. The agreement rate was also highest in vehicular trips in a previous study
that assessed PALMS 114,

In the subject-level performance analyses, the overall agreement rate (42.4%, OT > 0%)

was slightly lower than in the global performance analyses (46.4%, OT > 0%). Subject-level
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agreement rates were highly variable across subjects, with a range of 0% to 87.5%. To further
investigate this discrepancy, we included primary travel mode and socioeconomic information as
covariates in subject-level models.

Primary travel mode was found to be the strongest explanatory variable examined for the
discrepancy between PALMS and travel diary travel modes. Subject-level agreement rates were
highest among those identified primarily as drivers and lowest among primarily public transit
users. A previous study showed that transit users have more walking trips than non-users, which
will ostensibly affect their individual-level agreement rates '28. Also, transit trips have spatial and
temporal characteristics that may make them more difficult to identify: they have more short-
duration stops in designated areas than driving trips; public transit vehicles mostly run along
arterial roads with stop-and-go traffic signals and congestion; and they may be more subjected to
the urban canyon effects than driving trips, which can lower the quality of GPS data *>. Owning a
car was also found to be significantly related to higher subject-level agreement rates, in line with
the global performance analyses results which showed that PALMS can best detect vehicular
trips. This was notable because car ownership was significant in these models even after
accounting for the primary mode grouping (driver, transit user, walker) and the high level of
vehicle ownership in the sample.

Overall, the results from this study showed lower agreement rates than previous studies
98,114 because we took a more conservative approach and applied strict rules to assess the
algorithm. However, the detailed investigation methods will provide new information and help
developers and users to improve their future algorithms. Our study also has limitations. First,
there is currently no gold standard criterion measure for travel behavior identification, and it is

likely that both the PALMS algorithm and the travel dairy had errors and omissions. Future
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studies could be aided by the use of additional objective reference data (e.g., heart rate
monitoring for walking and bicycling) to evaluate the algorithm. Second, we used default
parameter settings in PALMS for our analyses. Agreement rates for active travel modes may be
improved through careful selection of PALMS parameters.

Third, the TRAC study participants were sampled from the greater Seattle area, which
contains pockets of high-density development and experiences severe commute-time traffic
congestion on expressways and on arterial roads. The quality of individual-level GPS data might
be better in suburban and rural areas where the configuration of built environments is less
complex and traffic congestion is less frequent. Fourth, the TRAC sample did not include people
with physical disabilities, which affect the travel mode choice. Still, anyone can suffer temporary
physical or mental disabilities during the study period. Future studies may consider these
confounders to better explain the subject-level performance of PALMS. Fifth, although the
descriptive statistics of study participants showed that the sample is not biased, there is a
possibility of self-selection in survey samples. To mitigate the problem, we applied a stratified
random sampling method to proportionally include under-represented travel mode groups (e.g.,
public transit user). The performance of PALMS needs to be tested in different geographic areas
where a higher proportion of the population uses transit or non-motorized modes. Such areas will
likely also have different built environments and socio-demographics. Lastly, compared to
previous studies, our larger sample still did not provide ample power for statistical modeling.

Future studies may include a larger population.
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Conclusions

The use of objectively measured data from such devices as GPS and accelerometers has
dramatically changed research methods in the transportation planning and public health fields
during the last fifteen years. Automated algorithms have enabled researchers to process large
data sets and to identify fine-scaled and active travel behaviors in less time and with fewer
errors. This study investigated the performance of PALMS, a widely used travel behavior
identification system.

For a thorough investigation, we used multiple methods to compare PALMS outcomes
with travel diary data. In analyses at the GPS point level, PALMS showed moderate agreement
for trips and travel modes. Trip level analyses yielded moderate agreement rates for vehicular
trips, but walking and bicycling trips had lower agreement rates. At the subject level, agreement
rates were lower for the public transit user group than for the driver and the walker groups. It
appears that trips taken by individuals who are primarily transit users are more difficult to
identify: transit users take more walking trips and their many transit trips occur in densely
developed areas with more traffic congestion, stop-and-go traffic flow, and lower quality GPS
data due to poor reception in canyon-like settings.

PALMS appears to perform well in identifying vehicular trips and corresponding travel
routes, indicating that the algorithm can help reduce the burden of processing GPS data into
travel behavior data. To enhance the overall performance of the algorithm, further efforts are
needed to identify non-motorized travel modes. The use of shorter measurement intervals for
GPS and accelerometer data, as well as adjustments to speed thresholds suggested as defaults in
the algorithm, may improve differentiation between walking and other modes. Ancillary data

sources, such as heart rate monitoring, may help differentiate active (walking, bicycling) and
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passive (vehicular) modes. Efforts to discriminate between public transit and automobile trips
will further expand the usefulness of PALMS. Geographic information systems (GIS) data
already in existence, such as transit routes, stops, and stations may play a strong role. Finally,
systematic evaluation of different parameter settings in PALMS could lead to better detection of
places versus trips and short-duration stops within trips.

PALMS is a promising tool that serves to link data capturing health and transportation
behaviors. Its performance in detecting active travel modes will be improved with further testing
of the different parameter settings. Also, testing and evaluating PALMS internationally in a
range of urbanized areas where travel modes other than driving are common will broaden the

applicability of the algorithm.
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Chapter 5 Conclusion

Safe active transportation can be achieved and promoted by increasing the number of
pedestrian-friendly environments.'*!?° Quantifying built environment attributes around crash-
risk locations (e.g., residential density within intersection buffers) are popular in active
transportation safety study. However, measuring the built environment characteristics along the
actual walking path using objective data (e.g., residential density along the individual walking
path identified by GPS data) may improve the research methods in the field. In this dissertation,
analyses first used a location-based pedestrian safety approach that combined built environment
and crash data to identify crash-risk locations. More specifically, unique pedestrian crash-risk
locations at intersection and non-intersection areas were detected by introducing a new protocol.
Second, the factors affecting pedestrian crashes were evaluated using fine-grained built
environment data within crash-risk locations. Lastly, the automated travel behavior detection
algorithm PALMS (Personal Activity Location Measurement System) was evaluated to explore
the potential of GPS and accelerometer data for the measurement of built environments along the
pedestrian route. These analyses document how the now increasingly used sensor-based mobility
data calls for reliable methods to translate the objectively measured activity and location
information into trips that are actually taken by pedestrians.

In Chapter 2, a protocol was introduced to provide a useful tool for identifying unique
crash-risk locations at intersection and non-intersection areas. Since it takes a lot of time and
effort for researchers to manually classify uncorrelated crash-risk locations (e.g., collecting
exclusively located intersection data by conducting a field investigation or comparing with

satellite maps) '%#2, the protocol developed in the study can reduce labor hours and human errors
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to clean the data. The reliability of the protocol was assessed in terms of sample size, coverage,
and accuracy by comparing with pedestrian crash data as a reference. A set of search radii was
tested to check the sensitivity of the results, and the protocol showed excellent performance in
identifying crash-risk locations. Search radius was the main parameter of the protocol. Its
dimension can be selected based on the study of interest. In general, the search radius of 20 m
showed high performance with regard to sample size, coverage, and accuracy. However, the 40
m search radius can be a better option for a study requiring a larger sample at intersection
locations. The protocol provides researchers with a cost-effective method to identify unique
intersection and non-intersection locations. It is also an efficient and reliable method for creating
spatial analysis units for pedestrian crash modeling, allowing researchers to make comparisons
between studies. Further investigation is necessary to improve the performance of the protocol
for identifying unique crash-risk locations. Testing more granular and subdivided search radii
will refine the capture of intersection and non-intersection locations, leading to create better
spatial analysis units for pedestrian crash modeling

In Chapter 3, the risk factors of pedestrian-motor vehicle crashes were evaluated and
compared between intersection and non-intersection locations identified from Chapter 2. Key
findings include: (1) Wide roadways and principal arterial classification on intersection locations
showed high number of pedestrian collisions; (2) Proxy measures of pedestrian volume showed
high number of collisions at both intersection and non-intersection locations, to include bus
ridership, residential density, employment density, park and ride, residential area, and service
area; (3) Household income showed robust protective effects of pedestrian collisions. Built
environment factors of pedestrian collision identified from the study should be prioritized to

reduce the number of pedestrian crashes with the limited resources. Estimating the number of

82



pedestrian motor-vehicle collisions in a single all-location model may not capture interaction
effects of location type (intersection/non-intersection) with BE variables (e.g., roadway width) 4.
In this study, based on the refined all-location model, two different models were developed for
each crash-risk location type. Factors affecting pedestrian motor-vehicle collisions were different
between two locations, which suggests different safety programs and strategies for each location
type. Pedestrian volumes are found to be correlated with land use, development density, and
street network in previous studies %131, Although methods have been developed to estimate

130,132,133 "\which made it

pedestrian volumes, they do not have a fine-grained geographic scale
difficult to be applied in this study. Reliable data on pedestrian volumes at a small geographical
scale are needed to improve the modeling results.

In Chapter 4, an automated travel behavior detection algorithm PALMS (Personal
Activity Location Measurement System) was evaluated; the algorithm used GPS and
accelerometer data from the Travel Assessment and Community (TRAC) project which were
compared with travel diaries from the same study. Key findings include: (1) The algorithm
showed moderate identification power at the GPS point level analyses. The overall agreement
rate of travel mode detection was 77.4% between PALMS and travel logs; (2) The trip level
analyses showed lower agreement rates (42.4 — 46.4%) between two measures than those of the
GPS point level analyses. Using additional objective data (e.g., combining GPS with heart rate
monitoring to measure physical activity '3#) may improve the performance of the algorithm. (3)
The agreement rate for vehicular trip detection was higher than for bicycling and walking in all
analyses. The performance of identifying active travel modes might be improved by further

testing of the different algorithm parameter settings. (4) Study participants’ primary travel mode

and car ownership were significantly related to the agreement rates. Because GPS and
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accelerometer data help identify individual travel routes, and may lead to improving the
detection and quantification of micro and macro environmental characteristics directly associated
with individual travel, further studies should evaluating the algorithm in a range of urbanized
areas where a higher proportion of the population uses transit or non-motorized travel modes will
broaden the applicability of the algorithm. Overall, the improvement of tools for identifying
individual travel modes and routes may offer a new opportunity for better understanding of
individual exposures to the built environments.

The protocol developed to create consistent spatial analysis units for location-based
pedestrian-motor vehicle crash models, makes it possible for empirical results to be comparable.
Also, it is a time saver which provides researchers a cost-effective method to identify unique
crash-risk locations. The dissertation also contributes to the literature on factors affecting
pedestrian crashes by comparing differences in crash-risk at intersection and non-intersection
locations and by providing advanced visualization of empirical model results which can be used
to prioritize safety countermeasures according to the characteristics of potential crash locations.
The dissertation also highlights the potential of device-collected mobility data from GPS and
accelerometers for identifying individual travel modes and routes that can be used for identifying
the built environments along the pedestrian route. Lastly, the methods developed to assess the
PALMS algorithm can be generalized and can serve to evaluate different approaches to travel
mode classification. Detecting active transportation using mobility big data remains a
challenging task. However, it is a crucial component for innovating the research methods in

active transportation safety.
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