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Abstract
Mobility data from tracking apps and stationary counters are often limited by biased
sampling, uneven spatial distribution and low spatial coverage, respectively. Data fusion
approaches attempt to combine the advantages of both sources. However, the observed
correlation of tracks and counts is often mediocre. The reasons for these differences are often
ascribed to sampling bias. However, we argue that this is an oversimplification of the real
relationship. We present our work in progress concept for relating tracking data and
stationary counting data to critically reflect on the factors influencing their correlation and
how this can inform data fusion approaches.

1. Introduction
Tracking data opens new opportunities for researchers and practitioners in the mobility
domain and particularly in pedestrian and cycling research (Lee and Sener 2020). While
stationary counters (such as video, induction loop, radar, infrared) only provide local
information, tracking apps can collect quasi-continuous movement data covering the
transport network or movement space in general. Stationary counters provide full counts at
the respective locations, while the penetration rates of tracking apps are usually far from
representative. Therefore, the fusion of tracking and counting data promises to provide
additional insights into movement dynamics and spatial variabilities (Romanillos et al. 2016).

The most common way to relate track and counter data is to count the number of tracks at
the location of the counter within the same time period. Table 1 presents an overview of
recent studies on cycling that bring together track and counter data. The correlation is
typically expressed as correlation coefficient R or coefficient of determination R². Correlation
values vary widely between studies and within studies, between different counting sites and
temporal aggregations. However, to the best of our knowledge, the conceptual relation of
track data and stationary counting data has so far received no attention within GIScience.

Many studies discuss the non-representative character of crowdsourced data, which are
biased towards male users, younger age groups and sportive or leisure cycling (Garber et al.
2019) influenced by users’ individual practices, app design, data acquisition setting (Tironi
and Valderrama 2017). Consequently, some authors use spatial variables, such as land use and
socio-economic environment, to correct skewed distributions of flows (Munira and Sener
2000, Sun et al. 2017).

However, three sources of error are hardly ever considered: First, the spatial deviation of
measurements with GNSS-enabled devices and the consequence for spatially relating tracks
to stationary counting locations are not taken into account. Second, the quality and suitability
of the counting data, which are used as reference, is only scrutinized by Boss et al. (2018),
who determine the accuracy of their counting data between +0 and -5%. Third, it remains
widely unclear to which degree the spatial distribution of counting stations within the area of



interest, the observation period and the temporal aggregation affects the correlation. We
hypothesize that these sources of errors influence the correlation analysis substantially and
that this limits the explanatory power of derived conclusions. We therefore aim to provide a
concept for critically reflecting studies, which are built upon track and counter data.

Table 1. Studies correlating cycling track and counter data.
Reference Datasets Correlation
Hochmair et al. (2019) Strava & video-based counters R = 0.55
Jestico et al. (2016) Strava & manual counts during peak times

(7-9am and 3-6pm)
R² = 0.40 (hourly)
R² = 0.56 (peaks)
R² = 0.58 (total)

Roy et al. (2019) Strava & municipal counting data R² = 0.76
Conrow et al. (2018) Strava & manual counts (7-9am) R = 0.79
Boss et al. (2018) Strava & permanent counting stations

(weekdays)
R = 0.76-0.96* (hourly)

Oksanen et al. (2015) Sports Tracker & manual counts (workday
7am-7pm)

R² = 0.49-0.50*
R² = 0.72-0.96*1

Rupi et al. (2019) European Cycling Challenge & manual
counts (weekdays 8:30-10:30am)

R² = 0.73 (hourly)

* depending on counting site; 1 after removal of outliers

2. Influencing Factors
To systematically explore the factors influencing the observed correlation, we identify spatial,
temporal, technical and population specific factors, as illustrated by Figure 1. The following
sections present preliminary results for a subset of these factors (the ones highlighted in
Figure 1) based on track data for Vienna, Austria from the cycle to work campaign
“Österreich radelt zur Arbeit” and public counter data from twelve permanent counting
stations (Figure 2) for one year (Sept 2015 to Sept 2016), as well as track data from Bike
Citizens (a navigation and bicycle community app) and public counter data for Salzburg,
Austria. In the future, we will extend our analysis to more cities in order to gain insights into
the relation between the two data sources and to critically reflect the presented approach.

Figure 1. Factors influencing the correlation between tracks and counters.



Figure 2. Locations of counters in Vienna. (Background map © Stamen,
OpenStreetMap)

2.1 Matching Distance
Depending on the spatial accuracy of the GNSS measurements, tracks are scattered around
the true path. Most studies apply a pragmatic approach to match tracks to counting sites based
on Euclidean distance. Therefore, the maximum matching distance is key to avoid excluding
valid tracks while preventing the inclusion of tracks which did not pass the counter location.
We therefore propose an iterative approach using matching distances between 1-70m and a
fixed weekly temporal resolution to find the matching distance leading to the highest
correlation coefficient R. Our results (Figure 3) show how R varies with the matching
distance as well as by station. Two stations (Liesingbach and Langobardenstraße) differ
considerably from the other stations, even exhibiting negative correlations. Considering only
the ten remaining stations, a matching distance of 30m results in the highest overall
correlation and is therefore used for the following analyses.

Figure 3. Matching distance effect at the twelve Viennese counting stations.



2.2 Temporal binning
Temporal bin choices affect the correlation since small bins (e.g. hours) lead to random
correlations due to uncontrollable external variables in track data. In contrast, large bins
result in fewer values, which do not allow for robust correlation analysis. We therefore
propose testing a variety of different temporal aggregations and see how those affect the
correlation coefficient. We use seven temporal binning modes: monthly (M), weekly (W), and
daily (D) over all days or weekdays from Monday to Friday only (Mo-Fr), as well as day of
week (DoW) over the whole year. Our results (Figure 4) show that DoW bins outperform all
other modes. This confirms the previous statement that aggregation into fewer bins (DoW: 7,
M: 12, W: 56, D: 365) tends to result in higher R values.

Figure 4. Temporal binning effect at the twelve Viennese counting stations.

2.3 Location
We assume that correlations are higher at central locations with a high volume of cyclists,
than in peripheral areas with comparatively low volumes where potential bias has a larger
effect. For example, single users who repeatedly travel low-frequency paths will cause an
overrepresentation of the respective street segments. We therefore propose to compare the
correlation coefficient at different locations. Our results (Figure 5) show a decrease of R in
low frequented areas compared to high frequented locations, confirming our assumption that
the correlation depends on the location.

2.4 Counter Malfunctions or Reference Data Quality
Data from stationary counters is used as ground truth or reference data. However, counting
stations are also prone to errors. We therefore recommend checking for counter malfunctions
resulting in abnormally low/high or null counts and exclude corresponding records from
further analyses. For illustrating this effect, we used data from the city of Salzburg and
compared them to trajectory data from the tracking and navigation app, provided by Bike
Citizens. The latter data source is sparse and the overall correlation is weak. However, what
becomes evident in Figure 6 is the effect of cleaning the reference data. Interestingly, the
changes of the correlation can be in either direction. The counting station “Elisabethkai alt”
shows a decreasing correlation after cleaning. This is due to the low number of trajectories at
this location and the averaging effect of wrong 0 counts in the reference data.



Figure 5. Correlation over total counts at the twelve Viennese counting stations.

Figure 6. Correlation at six counting stations in Salzburg before and after reference
data cleaning, aggregated weekly and monthly.

3. Outlook
Other potential error sources not included in this work in progress paper are the accuracy of
data preprocessing steps, including privacy protection measures, cleaning (Loidl et al. 2020)
and map matching (Rupi et al. 2019). The observation period may also affect correlation
analysis results. Longer time periods may lead to a more robust correlation coefficient.
Hence, we plan to compare the correlation coefficient of shorter observation periods with the
entire period. Temporal patterns of track data may differ from those of counting stations due
to specific behavior patterns of tracking app users. To account for the periodicity at different



temporal scale levels, the patterns over the course of a day (hours per day), over the course of
a week (days per week) and over the course of a year (seasons or weeks of a year) should be
compared.
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