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Abstract

City-wide urban infrastructures aiecreasingly reliant on networked technology to improve and expand their
services. As a side effect of this digitalization, large amounts of data can be sensed and analyzed to uncover patterns
of human behavior. In this paper, we sense and analyze dataafreew type of urban infrastructure called shared
bicycling. We provide a spatimporal analysis of six weeks of usage data from Barcelona's shared bicycling
system called Bicing. We show how these digital traces can be used to uncover daily radtimasjrdfluences and
the role of time and space in city dynamics.

I. INTRODUCTION

We are nearing a time when even the most mundane objects and services will be digitized. As a result of this
computational pervasiveness, our interactions in the physical world are increasingly leaving dighaid
footprints Recent work has shown thalwe in sensing these footprints to uncover nesights into human
behavior[2], urban dynamicf3], and tourist movemenig]. I n this paper, we expl ore
cityo of Barcelona through the |l ens of a new type
program calledBicing. We emphasize not just what the data reveals about the patterns of human movement but
also how these patterns reflect culture and the overall spatial context of the city. Our objective is twofold: (1) to
highlight the potential of using shared bicycling aseavmlata sourc¢o gain insights into ty dynamics and
human behavior anR) to introduce preliminary analysis techniques that we are developing to analyze the ever
expanding amounts of spatiemporal data produced by urban infrastructures.

[l. BICING: BARCELONAGS SHARED BICYCLING PROGRAM

Community shared bicycle programs offer an environmentally friendly, healthy and inexpensive alternative to
automobile transportation. Recent technological advances have lead to a hew generation of systems, which utiliz
technology such as RFID, mobile data services, and automatedpaiaments to increase operational efficiency
and reduce bicycle theft and vandal i s mncheB m Marehlofo n a 6 ¢
2007 (Figure 1). It is one of a series of extremely successful 3rd generation shared bicycle programs recently
deployed in Europdn late Summer 2008Bicing grew to373 stations with an avega of 25.5 bicycle parking
slots, 6,000 bicycles, and over 150,000 subscribers.

To checko u t a bicycl e, users swipe their RFI D member .
displays, via an LCD screethe bicycle on the rackhat has been unlocked. This information is uploaded to a
server that &eps track of who has checked out what bicycle and updates the Bicing website wiitmeeal
information about the number of available bicycles and vacant slots at each station. Authpohvides 30
minutes of free ride time, every hddbur beyondthat o st s 0 0. 30 f ®icyclas panliecetumedtm h o L
any stationwhere they are placed inanaltmwmc ki ng r ack. War ni ngs, monetary
suspension of membership are possible if a user consistently returns a bigyatethe two hour limit. Bicing is open
from 5AM to midnight on Sunday through Thursday and 24 hdunisg the weekend.o maintain even distribution of
the bicycles (load balancing), a small number of trucks equipped with trailers move bicyahestheccity.
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Figure 1. (a) A nearly full Bicing station; (b) A station kiosk; (c) A closeup of a locked bicycle; (d) A map of Barcelona showing
the location of the 373 Bicing stations. The five highlighted stations are discussed below.

A. Our Bicing Dataset

The Bicing website reports the status of all bicycle statiomsa Google Maps visualizatibnWe scrape this
webpage every five minutes and ext rgaodotationh the mumberdoh t a ¢
available bicyclesand the number ofacant parking slotsWe do not obtain personally identifiable information.

Our data loger automatically accounts for new Bicing stations as they appear online. About 1% of the raw data
extracted from the Bicing website suffers from one of the following problems: (1) the numbers are unreasonably
large; (2) the numbers jump by more than fhieycles and then return to their previous values at the next
observation; (3) sometimes all stations simultaneously report zero available bicycles and/or zero vacant parking
slots. We clean the data simply by replacing the erroneous value with the pwot valid value. Our cleaned
dataset includes siweek$ of station observations starting on May 23rd and ending on July 3rd, 2008 for a total of
over 4.3 million data points. Note that 2 of the 373 stations consistently reported invalid data and svere thu
disregarded from our analysis.

In the following section, weanalyze the temporal and spatial patterns of the Bicing dataset, in order to explore
the underlying human behaviors and movement dynamics in the city of Barcelona.

! http://www.bicing.com/localizaciones/localizaciones.php
2 Although our web scraper has been logging continyasisice May 2%, the Bicing website was down from Jul§ 330"
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Figure 2. (a) The total number of bicycles checkedut from all E 15}
stations over a week, averaged across the observation period. (b) %

The average number of available bicycles at Station 47, Ramon g 10
Trias Fargas, averaged across all weekdays (Me#ri) in our E
dataset (c) Same as previous but over the weekend (S&in). The =3
dashed line in (b) and (c) indicates the number of parking slots at

Station 47. 0 2 4 6 8 10 12 14 16 18 20 22 24
time of Day [hours]

I1l.  ANALYZING THE APULSE OF THECITYO

A. Temporal Patterns: Sensing Culture and Daily Routines

The temporal patterns of a city are a reflection of the dailtimes of its citizenskigure 2a shows the average
number of Dbicycles fion the moved during a given po
graph is the repeating thrpeonged spike, which corresponds to the morning, lunch, and evening commutes. As
one might expectthe morning commute is absent in the two weekend days, resulting inpadaged spike. In
addition, observe that trdlectingithatSpaniards 4epd thk eablateduoch unr s a't
addition, thewo most popular Bicing periodsi.e., the periods with the largest number of bicyclegf@mmové
areMonday and Wednesday night at around 10PM and that, on average, people tend to use Bicing more during the
work wee than they do during the weekehd.

To further highlight the contrast between weekday and weekend adigtyr,e2b and ¢ portray the number of
available bicycles at station 47, Ramon Trias Fargas, which is situated next to the University of Pompeu Fabra
(seeFigureld). Early on weekday mornings there are relatively few bicycles at the station. Then, at around 8AM,
students, staff and faculty begamriving on campus and the number of available bicycles increases quickly as
people begin dropping them off. A local minimum occurs at 2PM as people leave fordnddmsecond dip
occurs around -BPM as people seem ta heaving for the night. In contrast to the weekday activity, on the
weekends there is no sign of the 8AM commute. Instead, bicycles slowly trickle in throughout the day.
Interestingly, however, both the weekday local minima and the weekend local mieimacstmporally align (at
around 2PM and 8PM, respectively). We are not certain if this is a reflection of the lunch and dinner routines of
these Bicing users or perhaps an artifact of the-bzdancing implemented in Bicing via truck&’'e are curreny
exploring methods to automatically detect the presence of the trucks in our data. However, our intuition is that they
do not sijnificantly bias our analysis.

% A keen reader may observe that the number of bicycles on the move does not drop to zero on weekday nights when tlosgsteiidsbelieve thian
artifact of Bogistica(gidyces aveptakenaff racksrdarihg tHis time for maintenance) and not a reflection of human.behavior
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Figure 4. Average number of available bicycles at stations (a) 185 Olzinelles, (b) 203 Diagonal, and (c) 170 Litoral.

B. Spatial Patterns: Sensing tiéow of the City

The spatial layout of a city has an obvious influence on the movement patterns and social behaviors found
therein. Barcelona has a mixture of residential, commercial, and recreational areas connected via narrow streets
oneway avenues and multitude of public transportation options. Figure 4, we explore the interrelation
bet ween a stationds | ocation and its wunderlying ten
temporal patterns differ from place to pdelout what these differences seem to reveal abouype®f place. For
example, station 183-{gure4a) is on the city edge and station 2@dglre4b) is in a commercial district along
Avinguda Diagonala major arterial roathesestations are marked Figureld). Their weekday patterns are near
opposites: on the city edge, bicycles are checked out startngda7AM just as bicycles begin arriving in the
commercial district. These usage patterns arandication of the surrounding locale.g.,the city edge is more
residential people take bicycles in the morning and return them in the evening as they commute to and from work.

Although not as pronounced, the subtle differences between station 203 and statibigdi@4¢) reflect a
fundament al di fference in the reasons why people tr
station 170 is located at the beach. Thus, the 7AM rush of adivy not occur and the rise in incoming bicycles
is less pronounced than in the commuter stations, as people casually arrive without the pressures of an explicit
work schedule. Although the weekend figures are not shown above, we also observed thhewitijectige and
commer ci al stations have considerably different we
usage pattern remains relatively constant throughout the whole week.

The "one hump" pattern depicted in bdtigure 4b andFigure 4c is one of approximately eight corom
tempor al patterns in our dataset. It is the simples
an area that attracts people during the day. In the next section we report a preliminary analysis that begins to teas
out how differet types of usage patterns relate across stations.

C. Understanding the Role of Time and Space

I n previous sections, we oOobserved the influence o
pattern. The usage of Bicing involves a multitude of underlying motivating factors such as commuting, shopping
and going to eaClustering allows uso measure the relative importance of these effects. By placing the clustering
results on a map, we can begin to see the interrelationship between activity and space. This allexglar®to
guestions -lloickaet efiDost@d i ons share the same wusage pé
di stributed in the city?o

For clustering,we used the ExpectatieMaximization (EM) algorithm found in the Weka toolk#]. To
compute our clustering features, we split each weekday into seven time bins: early mor@ig)(Mmid-
morning (9AM-1PM), lunch (33PM), afternoon(3PM-5PM), early evening (5PN8PM), late evening (8PM
12AM) and night (12AM5AM). I n addition, we considered the entir
(from 5AM to 12AM). For each time bin, we calculated the average number of available hitlyelekfference
bet ween the number of bicycles at the beginning and
defined as the percentage of change in the features with respect to the features observed 5 minutes earlier (i.e. tr






