| “YOU DON'T DO HCI”

STORIES OF PERSISTENCE, PUSHBACK, & PURSUIT

ofessor, Computer Science
Core Faculty, Urban Design & Planning
Associate Director, CREATE & PacTrans

SIGCHI Societal Impact Talk
Apr 14, 2026

w DS  drcreare PAULG.ALLENSCHOOL ~_ UNIVERSITY of
k. i) OF COMBUTRSEIENCE & ENGINEERING WASHINGTON

MAKEABILITY LAB DESIGN USE BUILD



SIGCHI SOCIAL IMPACT

MY PHD STUDENTS

Arnavi Chheda- Kotaro Hara Liang He Jared Hwang Dhruv Jain Seokbin Kang Jaewook Lee
Kothary UMD CS UW CS UW CSE UW CS UMD CS UW CSE
UW CS

Chu Li Matthew L Manaswi Saha Mikey Saugstad Lee Stearns Xia Su Daniel Campos
UW CS Mauriello UW CSE UW CS UMD CS UW CS Zamora
UMD CS UW CS



SEVEN LESSONS

PhD Student Professor

A KNOCKDOWN A GULMINATION
2009 2016




/ /
2008 | 4

VIEW FRUM MY APARTMENT

Photo by Jon E. Froe



N

il

Froehlickrall J C A




|JCAI'09

Froehlich, Neumann, Oliver
Sensing & Predicting the
Pulse of the City through

Shared Bicycling

Sensing and Predicting the Pulse of the City through Shared Bicycling

Jon Froehlich', Joachim Neumannz, Nuria Oliver?

'Computer Science and Engineering
University of Washington
jfroehli@cs.washington.edu

Abstract

City-wide urban infrastructures are increasingly
reliant on network technology to improve and ex-
pand their services. As a side effect of this digitali-
zation, large amounts of data can be sensed and
analyzed to uncover patterns of human behavior. In
this paper, we focus on the digital footprints from
one type of emerging urban infrastructure: shared
bicycling systems. We provide a spatiotemporal
analysis of 13 weeks of bicycle station usage from
Barcelona's shared bicycling system, called Bicing.
We apply clustering techniques to identify shared
behaviors across stations and show how these
behaviors relate to location, neighborhood, and
time of day. We then compare experimental results
from four predictive models of near-term station
usage. Finally, we analyze the impact of factors
such as time of day and station activity in the
prediction capabilities of the algorithms.

1 Introduction

Observing and modeling human movement in urban
environments is central to traffic forecasting, understanding
the spread of biological viruses, designing location-based
services, and improving urban infrastructure. However, little
has changed since Whyte (1980) observed in his "Street Life
Project” that the actual usage of New York's streets and
squares clashed with the original ideas of architects and city
planners. A key difficulty faced by urban planners,
virologists, and social scientists is that obtaining large, real-
world observational data of human movement is challenging
and costly (Brockman et al., 2006).

As websites have evolved to offer geo-located services,
new sources of real-world behavioral data have begun to
emerge. For example, Rattenbury et al. (2007) and Girardin
et al. (2008) used geo-tagging patterns of photographs in
Flickr to automatically detect interesting real-world events
and draw conclusions about the flow of tourists in a city. In
addition, as city-wide urban infrastructures such as buses,
subways, public utilities, and roads become digitized, other
sources of real-world datasets that can be implicitly sensed
are emerging. Ratti er al. (2006) and Gonzalez et al. (2008)
used cellular network data to study city dynamics and
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Figure 1. (top) A Bicing station; a close-up of a bicycle and parking slot;
and a user at a station kiosk using RFID to check-out a bicycle: (bottom)
The 390 Bicing stations distributed across the city of Barcelona, Spain.

human mobility. McNamara er al. (2008) used data
collected from an RFID-enabled subway system to predict
co-location patterns amongst mass transit users. Such
sources of data are ever-expanding and offer large, under-
explored datasets of physically-based interactions with the
real world.

In this paper, we introduce a novel source of real-world
human behavioral data from a new type of urban infra-
structure: shared bicycling systems. We show how station
usage data from Barcelona’s Bicing system (Figure 1) can
be used to infer cultural and geographic aspects of the city
and predict future bicycling station usage behavior, which
corresponds to human movement in the city.

In particular, the main contributions of this paper are: (1)
demonstrating the potential of using shared bicycling as a
data source to gain insights into city dynamics and
aggregated human behavior; (2) exploring the relationship
between spatiotemporal patterns of bicycle usage and
underlying city behavior and geography; and (3) studying
patterns in bicycle station usage, including the prediction of
usage patterns and an analysis of how factors such as the
time of the day affect this prediction. In our analysis, we
emphasize not just what the bicycling station usage data
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Figure 5. The five Activity Clusters created by progressively combining

similar Activity Score station DayViews via dendrogram clustering.

Activity Clusters. The clustering algorithm returned five
activity clusters (Figure 5), each with a similar three-
pronged spike shape (see also Figure 3). The clusters gener-
ally become more active (from Al to AS) as one moves
from the outward edges of the city into downtown. The least
active cluster, Cluster A1 (N=207), surrounds nearly the
entire perimeter of Barcelona. The more active clusters (A3,
A4, and A5) become noticeably more active as the day ad-
vances.

Bicycle Clusters. Our algorithm identified six bicycle
clusters (depicted in Figure 6) with three classes of
behavior: outgoing (Clusters B3 and B4), incoming
(Clusters BS and B6) and flat (Clusters B1 and B2). The
outgoing clusters show a precipitous drop in available bi-
cycles around 7-8AM as people leave for work, a slight rise
at 2-3PM during lunch and a return to early morning levels
by 10-11PM. These stations are spread around the edges of
the downtown and midtown sections of the city. The
incoming stations are located in high density commercial
areas and along two major arterial routes: Rambla de
Catalunya and Avinguda Diagonal. The incoming station
shape is nearly inverse of the outgoing stations: people be-
gin arriving around 7-8AM and begin leaving around
1-2PM. Many financial businesses in Barcelona open at
9AM and close around 2:30PM, which aligns well with the
temporal patterns of these two clusters. Finally, clusters B1
and B2 have relatively flat usage patterns. Cluster B2 tends
to have a high degree of available bicycles (on average, it is
66% full) whereas cluster Bl is just the opposite (15%
availability). One reason for this discrepancy is likely due to
Barcelona’s topography: the city itself is built on a long
incline. Stations located at the top of Figure 6 are between
80-110 meters above sea level versus those at the bottom,
which are at 0-10 meters above sea level. People tend not to
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Figure 6. The six Bicycle Clusters created by progressively combining
similar available bicycle DayView clusters via dendrogram clustering.

bicycle up to the higher altitudes, thus leaving those stations
in Cluster B1 starving for bicycles.

4 Station Behavior Prediction

We focus next on the prediction of station usage. In
particular, we are interested in predicting the number of
available bicycles at each station at a given time in the fu-
ture. This work is related to traffic forecasting. Most
approaches in traffic engineering rely on flow theory and
incorporate queue-theoretic models (Vandaele et al., 2000).
Horvitz et al. (2005) took an alternative approach that is
closely related to ours: they successfully modeled key traffic
bottleneck areas using a Bayesian network and ignored the
underlying flows. Similarly, we do not attempt to model
individual bicycle movements in the city but rather focus on
modeling Bicing station usage directly.

Predictive station usage models would (a) allow for more
accurate load balancing of the stations; (b) assist urban
planners and city officials by providing them with
information about expected activity in the city; and (c) open
the way to new mobile services for Bicing users. In the
previously mentioned online survey, Bicing users identified
finding an available bicycle and parking slot as the two
most important problems in their Bicing experience (76%
and 66% of respondents, respectively). Therefore, we are
also interested in predicting the probability of finding a free
bicycle and slot in a station at a given time in the future.
Furthermore, our models shed light on some of the factors
that influence the predictability of station usage behavior.
4.1 Models of Station Behavior
We have implemented four simple predictive models,
including a Bayesian network (BN) to predict the
availability of bicycles at each station. All models have
three input parameters: (1) the current time tp; (2) the last
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