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ABSTRACT

Emerging sources of mobile location data such as Strava and other phone-based apps may provide
useful information for assessing activity on each link of a network. Despite their potential to
complement traditional bike count programs, the representativeness and the suitability of these
emerging sources for producing bicycle volume estimates require further exploration. This study
investigates the challenges and opportunities by fusing Strava data with short-term and permanent
conventional count program data to produce bicycle volume estimations that could be expanded
to entire networks. This study finds that the concentration of permanent counters at high bicycle
volume locations presents a significant challenge to network-wide daily volume or AADBT
modeling. Strava data demonstrates some potential in mitigating the resulting bias at lower-volume
sites, but significant challenges remain to rely on Strava counts alone to characterize network-level
activities. A non-parametric method using treed regression generally reduces the sampling bias
and non-linearity between Strava and observed counts compared to a linear modeling approach;
however effective network-level modeling requires more extensive data collection to avoid
extrapolating the patterns present at higher volume sites to low volume sites. This study will help
planners and stakeholders to discern the challenges and opportunities of using emerging data in
bicycle volume estimation and to assess the potential for use in planning and decision making.
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1. INTRODUCTION

The recent increase in bicycling popularity nationwide has led to efforts to better measure riding
activity, to improve the interpretation of available data, and to assess the impacts of cycling.
Bicycle volumes (usually in the form of Daily Bicycle Traffic DBT or Average Annual Daily
Bicycle Traffic, AADBT) are useful for measuring trends and prioritizing infrastructure
investments, and as exposure/activity measures in safety and public health studies (1, 2). However,
observing bicycle traffic using automated counters across entire networks, or even large portions
of them, is seen as impractical. Hence, several approaches have been employed to capture a more
holistic picture of bicycle traffic throughout a network including factoring, extrapolation, and
modeling through passively-collected smartphone or similar data, and more recently, efforts to
fuse two or more of these approaches.

A handful of studies combined or “fused” count data with third-party volume and other data
sources to model observed bicycle volumes. Dadashova et al. (3) added segment functional
classifications and adjacent numbers of upper-income households (>$200k/yr). Jestico et al. (4)
included segment slope, speed limit, on-street parking presence, and a seasonal adjustment along
with Strava counts. Roll (1) combined Strava counts with segment functional class, bicycle facility
types, local accessibility and design measures, and a measure of network centrality. Sanders et al.
(5) included the number of bike lanes and proximity to the university in conjunction with Strava
data. Roy et al. (6) incorporated speed, land use, and socio-demographic variables in count
regressions including Strava counts. Even after controlling for facility and surrounding contextual
factors, third-party (mainly Strava) data significantly improved bicycle volume and safety
performance models.

This research begins to address several gaps in the existing literature on using third-party
mobile location data for network-wide DBT/AADBT estimation. First, we explicitly allow for
Strava prediction coefficients to vary by location context. Second, we use short term (low volume)
sites to enhance modeling capabilities networkwide, which has been rare in work to date. Third,
we employ non-parametric models alongside more traditional count models to understand whether
these estimation techniques which are increasingly common for motorized volume estimation
might also improve performance in non-motorized applications.

2. METHODOLOGY

This study investigates strategies to estimate network-wide bike volumes by fusing emerging data
sources such as Strava with permanent count (PC) and short-term count (SC) data. The study uses
a deliberate methodology that consists of three steps - preparation, modeling and assessment as
shown in Figure 1. Estimating network-wide counts requires temporal (e.g. weather or weekday)
and static (e.g. population, network, infrastructure and land use) variables to characterize factors
that may impact the bicycle counts. During the first step, bicycle counts and supplemental data are
gathered, followed by the second step where data fusion incorporates Strava data with the existing
data. The initial modeling stage estimates daily volumes based on temporal and static variables
using a linear structure. To handle different bicycle activity representations from various data
sources, this paper uses a staged approach, which creates a model based on temporal and Strava
count variables (M1) and then augments the model with static variables (Ml1a). This study
enhances the initial models based on user profiles created from Strava trip data using a K-means
clustering. Separated linear modeling by clusters creates a temporal (M2) and a static model (M2a).
In the advanced modeling stage (M3), the relationship between daily count data from either
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permanent or short-term sites and Strava is further investigated using a classification and
regression tree approach. This non-parametric model overcomes the issues captured from the
previous modeling step such as a sampling bias or non-linearity between variables.

Steps Descriptions

» Site selection
Site

* Data collection
Data | *® Datafusion

* Two-tiered OLS (M1 and M1a) .

Initial | o User-specific OLS(M2 and M2a) .
Model

Advanced ® Treed regression (M3- DT1-DT4) :
Model

* Comparative analysis .

Assessment ® Recommendation .

Study Approach

Portland, Oregon

Bike Counts — PC, SC, and Strava
Temporal and staticvarables

Daily volume estimations
AADBT estimations

Daily volume estimations
Baseline models (no Strava scenario)

Performance assessment
Issues ideitification

Figure 1 Methodology Overview
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Figure 2 Study Sites and Data Sources

3.1 Findings from the Linear Models
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High errors in the daily counts and AADBT along with the low goodness-of-fit in the user-specific
OLS maodels require further investigation of the data sources and bike count patterns.

3.2 Advanced Modeling with Treed Regression

The study tests a non-parametric Classification and Regression Tree (CART) model to overcome
the deficiencies observed with the linear framework.

Performance Comparisons of Treed Regression Models
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Figure 3(a) compares the performance of the daily MAPE from the four decision trees for cluster
1. Compared to the linear approach (M1 and M2), the CART structure improves the daily
estimation accuracy by over 10% for both training and testing datasets when applying daily counts
as a dependent variable. The daily factor(proportion of Strava counts to PC counts) approach (M3-
DT2) does not appear to improve the overall model performance although it significantly reduces
the overestimation problems for both training and testing sets. However, for cluster 1, Strava does
not seem to improve the accuracy since DT3 shows a lower MAPE than DT1 or DT2. However,
including low volume sites in a training data set seem to significantly enhance the spatial
transferability of the model, since the MAPE of DT4 increases to 80%.
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Figure 3 (a) Performance Comparisons of Cluster 1
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Figure 3(b) compares the performance of the four decision trees for cluster 2. The findings appear
largely the same as cluster 1 but show a higher testing MAPE (130%) for the DT4. For the daily
factor case, the errors appear much more like the daily volume model which may indicate DT2
well handles lower volumes sites of cluster 2. Based on the DT3, the Strava data appears to reduce
the error. This indicates that as bicycle volumes become smaller and less consistent the importance
of the Strava data likely increases.
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4. CONCLUSIONS

The regression models perform poorly due to non-linearities between Strava and counter
data. It was found that higher errors at lower volume short-term count sites with a MAPE of over
100 percent for both cluster 1 and cluster 2. The non-parametric CART modeling improves these
results significantly for low volume sites by handling low and high volume sites separately in its
model structure; however, the over-representation of high volume sites still remain in the datasets
and produce a MAPE of 80% for cluster 1 and a MAPE of 130% for cluster 2. Another tree
modeling approach that uses factors, rather than volumes, appears to better capture low volume
sites; however, the overall errors increase since the model under-estimates the counts of higher
volume sites. So, Effective network-level modeling requires more extensive data collection to
estimate the models, and most critically must avoid extrapolating the patterns present at higher
volume sites to low volume sites.
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