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Abstract

Effectiveness of an urban bike rental service de-
pends on how well-planned are the layout of
stations and the balancing activities which take
bikes from full stations to empty stations. Layout
and balancing decisions require the analysis and
forecast of bike rental demand. To this date we
are not aware of any public bike rental datasets
which would cover many cities to facilitate large-
scale analyses of demand. We provide a dataset
of bike rental station status logs from 3584 sta-
tions in 27 cities of 11 countries, over the period
of 7 months. The dataset is accompanied with
weather information from the same cities over
the same period. We have performed some ex-
ample analyses to demonstrate that the dataset
provides a rich source for many types of analy-
ses, including analyses about the weekly profiles,
station dependencies and relationships between
weather and demand. We plan to provide updates
to this dataset on a regular basis.

1. Introduction

Bicycle sharing/renting systems for sustainable urban mo-
bility are gaining increasing popularity in many cities as
an alternative to intensive car use (DeMaio, 2009). As
with any public transportation system, success relies on a
well-planned layout of stations and good connectivity. The
virtue of bike sharing is that any station connects to any
other, people can freely choose their starting points and
destinations. The matters are complicated by the possi-
bility that stations become empty or full. A good layout
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can decrease the frequency of these events, but bike rental
systems still need additional balancing activities. These ac-
tivities are usually implemented by vans or trucks moving
bikes from (almost) full stations to (almost) empty stations
(Schlote et al., 2013).

For effective planning of stations layout and balancing ac-
tivities it is important to perform demand analysis and fore-
cast (Frade & Ribeiro, 2014). There are many factors influ-
encing demand, such as time of day, time of week, season,
weather, location and events (Fanaee-T & Gama, 2013).
Planning the layout of stations requires the analysis of long-
term patterns in the mobility of people, whereas balancing
requires short-term predictions.

Bike sharing systems are implemented in more than a thou-
sand cities in the world (DeMaio, P. and Meddin, R., 2013)
and a significant amount of literature related to these sys-
tems has been published, see the review (Fishman, 2015)
and Section 6 with related work. A public dataset about
the bike rental usage in Washington DC (UCI Repository,
2015) was used to set a challenge to predict the num-
ber of rented bikes in a given hour (Kaggle, 2015). An-
other dataset has been published about Valencia, Spain,
by a challenge which evaluates prediction of the number
of bikes in stations with only 1 month of historical in-
formation, three hours in advance. The challenge pro-
motes model reuse and provides models learned from other
stations of Valencia with 2 years of history (REFRAME
Project, 2015). However, there do not seem to be any pub-
lic datasets involving many cities.

In this paper we propose a novel dataset with bike rental
data from 3584 rental stations in 27 cities of 11 countries
(Kull et al., 2015). The data span 7 months (from Sept 26,
2014 to Apr 26, 2015) and are accompanied with weather
data from the same cities in the same period. The data col-
lection is being continued and we plan to provide updates
to the dataset on a regular basis.
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We have performed some example analyses to demonstrate
that the proposed dataset provides a rich source for many
types of approaches. After presenting a detailed descrip-
tion of the data in Sections 2 and 3, we have discussed
in Section 4 the bike rental demand estimation and pro-
files and analysed the differences in the predictive power
of weekly (and daily) demand profiles across cities. We
have also shown locational dependencies of demand with
closer stations correlating on the average stronger than dis-
tant stations. In Section 5 we demonstrate that both tem-
perature and the amount of rain correlate significantly with
the bike rental demand. Currently the collected time-series
are too short for long term trends and seasonality analyses,
but we plan to provide updates on a regular basis. The re-
lated work is described in Section 6 and the paper closes
with the conclusions in Section 7.

2. The Proposed Public Dataset

With this paper we present a novel public dataset of bike
rental and weather information across dozens of cities. The
dataset is publicly available athttp://tinyurl.com/
mo8e6co and it has been compiled using the following
open data services:

e JCDecaux open data service for bike rental infor-
mation (http://developer. jcdecaux.com).
This service delivers both static data (station position,
number of bike stands, payment terminal availabil-
ity) and dynamic data (station state, number of avail-
able bikes, number of free bike stands and timestamp).
Static data can be downloaded manually in a text file
format or accessed through the API. Dynamic data
are refreshed every minute and can be accessed only
through the API by means of a personal and free API
key provided by the service. Request to the dynamic
data uses a GET call where one of the parameters is
your “apiKey” and the user gets data in JSON format.
Data are provided under an Open Data license'.

e OpenWeatherMap open data service api.
openweathermap.org, see details at
http://www.openweathermap.org/api

Data collection started on Sept 26, 2014 and has been run-
ning continuously since then. The proposed dataset has 7
months of data ending with April 26, 2015 but we plan to
provide new versions of the dataset with new information
on a regular basis. We are downloading bike rental data
once every minute about all bike stations provided by the
JCDecaux open data service. The current weather informa-

'Open Data terms of wuse can be found at
https://developer. jcdecaux.com/files/
Open-Licence-en.pdf

tion is downloaded once every 15 minutes about each city
where the JCDecaux bike rental stations are. The informa-
tion is queried by the geographical location which is ob-
tained by taking the median of the longitudes and latitudes
of the stations of that city. The detailed description of bike
features is provided in Section 3 and of weather features in
Section 5.

In order to minimise the amount of missing data we use 3
independent downloading servers to collect the data. Nev-
ertheless, there are some missing values due to denials of
service by the used open data services. In total, there are
0.7% of missing bike data (37 hours with no data from any
stations) and 2% of missing weather data (different missing
hours in different cities).

3. Description of Bike Data

The number of stations in the bike data is continuously
growing. By the end of this dataset’s Version 1, there are
3584 stations in 27 cities in 11 countries (at the beginning
3412 stations in 25 cities in 10 countries). Most of the sta-
tions (2295) are in the 12 cities of France, and among those
most (1240) are in Paris, see Table 1. The station sizes are
mostly between 10 and 50 with the median at 20 docks per
station. The distributions of the station sizes for each city
are shown in columns 5-7 of Table 1.

For each station we have the following data:

e static data: station number, name, address, geograph-
ical location (latitude, longitude), city;

e almost static data (changing very seldom): number
of docks (stands), is the station open or not, does the
station have banking facilities, is it a bonus station;

e dynamic data: time of last update, the number of
available bikes at that time, the number of available
empty docks at that time.

Although we query the status of all stations every minute,
the status updates within the open data service are often
less frequent (see details in Table 1). As a result, we obtain
for each station a time series with varying interval. The
average interval between two updates is for most stations
in the range from 3 to 10 minutes with the median at 7
minutes. The distributions of the average interval for each
city are shown in Table 1.

Most stations are almost always open and on the average
filled to about 45%, the averages per city are given in Ta-
ble 1. One of the challenges for the bike rental companies is
to reduce the number of situations where a station is empty
(because then the clients cannot rent a bike) or full (because
then the clients cannot return a rented bike). These situa-
tions can be prevented or dealt with by taking bikes from


http://tinyurl.com/mo8e6co
http://tinyurl.com/mo8e6co
http://developer.jcdecaux.com
api.openweathermap.org
api.openweathermap.org
http://www.openweathermap.org/api
https://developer.jcdecaux.com/files/Open-Licence-en.pdf
https://developer.jcdecaux.com/files/Open-Licence-en.pdf

Bike Rental and Weather Data across Dozens of Cities

a full or nearly-full station to an empty or nearly-empty
station. The average percentage of time when a station is
empty or full for stations of each city are listed in Table 1.

4. Bike Demand Analyses
4.1. Demand Estimation

Our data source does not explicitly provide the number of
rented bikes per time interval. However, we can get a lower
estimate of this number from the updates to the number of
bikes in the stations. If we see that the number of bikes in
the station has decreased by k, then we know that at least k
bikes have been rented in that time interval. Unfortunately,
it is also possible that n bikes have been returned and n + k
have been rented out, for some positive integer n. There-
fore, the observed decrease in the number of bikes between
consecutive timepoints is a lower estimate of demand.

However, most of the demand should be captured by these
decrements because out of all decrements, 71% of times
the number of bikes decreases by exactly 1. The detailed
histogram of changes per time interval is summarised by
the following table:

<3| -3 -2 -1 0 +1 +2 +3 >+3
<1%| 1% | 5% 18% | 54% | 15% | 6% | 1% | <1%

Another factor which affects our demand estimates is the
activity of the bike company in balancing the number of
bikes in the stations. If the company decides to remove
some of the bikes from the station (and take these to an-
other), then in our dataset it is indistinguishable from the
same number of bikes being rented by the clients. The ef-
fect of the balancing activities on our demand estimates can
be reduced by eliminating timepoints where the absolute
change is larger than some threshold, because the company
usually moves many bikes at a time. In the analyses of this
paper we have not done this, because the effect is relatively
small if the threshold is high, and for low thresholds too
much client activity would be eliminated as well.

When the station is empty, then bikes cannot be rented and
our demand index remains at zero. This is again an under-
estimate, because some clients might have wanted to rent
a bike but we have no information about this. It would
be possible to set the demand index to be not defined (a
missing value) for this case, but we have not done this and
instead use this lower estimate of demand.

We refer to the decrement in the number of bikes between
consecutive timepoints as pickup demand index and to the
increment as dropoff demand index. If the number of bikes
increases (decreases) then we define the increment (decre-
ment) to be 0. In this paper we only consider pickup de-
mand which we hence call simply demand index. The de-
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Figure 1. Demand index for the station Paris.4002 across all
30 full weeks during 7 months. The vertical scale is the same in
all rows, with maximum chosen to fit all data.

mand index for the station Paris. 4002 across all 30 full
weeks during 7 months is visualised in Figure 1. The inter-
ruptions in weeks 21 and 30 are due to missing data. Lower
curves in the middle rows show that demand is lower in
winter.

4.2. Demand Profiles

It is well known that bike rental data have a strong weekly
periodic component (Fishman, 2015). Therefore, we con-
sider the weekly demand profiles. To obtain these, we first
aggregate our data to obtain demand at every hour. Demand
index at an hour is calculated as the sum of decrements
across that hour.
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# | city country| # sta- #docks Joopen| %filled| update frequency % Yotull
tions (percentiles) in minutes empty
(percentiles)
10th 50th 90th 10th 50th 90th
1 | Paris FR 1240 | 18 30 52 100% | 43% | 3.9 5.7 7.8 4 % 4 %
2 | Bruxelles BE 348 20 25 25 100% | 45% | 6.4 8.8 9.7 3% 2%
3 | Lyon FR 347 13 19 29 100% | 46 % | 4.1 6.2 8.5 5% 7 %
4 | Toulouse FR 281 16 20 24 100% | 45% | 4.8 7.2 9.4 4 % 4 %
5 | Valence ES 276 15 20 25 100% | 41% | 4.6 6.4 8.3 7 % 4 %
6 | Seville ES 260 15 20 25 100% | 42% | 5.3 7.1 9.3 6 % 5%
7 | Marseille FR 124 10 14 19 100% | 40% | 7.3 8.4 9.4 8 % 4 %
8 | Nantes FR 103 14 15 25 100% | 46% | 5.9 7.8 8.6 4 % 4 %
9 | Dublin 1IE 101 20 30 40 100% | 42% | 34 55 6.9 8 % 4 %
10 | Luxembourg LU 72 15 20 20 100% | 50% | 8.6 9.4 9.8 1% 1%
11 | Goteborg SE 62 20 20 30 78% 50% | 7.4 8.3 9.1 5% 3%
12 | Cergy-Pontoise | FR 42 16 20 27 100% | 36 % | 8.2 9.3 9.9 0% 0 %
13 | Mulhouse FR 40 11 14 18 100% | 41 % | 8.1 9.2 9.6 2 % 1%
14 | Vilnius LT 38 12 18 24 99% 36% | 20.2 234 28.2 15% | 2%
15 | Ljubljana SI 36 17 20 23 100% | 29% | 5.1 6.4 8.1 2% | 1%
16 | Nancy FR 30 15 18 28 100% | 41% | 7.6 8.2 9.1 3% 1%
17 | Besancon FR 30 10 12 15 100% | 499% | 7.7 8.8 9.4 3% 4 %
18 | Namur BE 26 10 15 15 100% | 53 % | 8.7 9.4 9.7 0% 1%
19 | Amiens FR 26 18 20 20 100% | 45% | 7.7 8.4 9.3 1% 0 %
20 | Rouen FR 22 15 20 25 100% | 45% | 6.5 7.7 8.4 1% 1%
21 | Santander ES 18 15 20 30 100% | 46 % | 9.0 9.5 10.3 0% 0 %
22 | Toyama Jp 18 16 16 25 100% | 46 % | 8.6 9.5 104 0% 0 %
23 | Lund SE 17 20 23 30 100% | 55% | 7.9 9.2 9.8 0% 0 %
24 | Creteil FR 10 19 23 34 100% | 38% | 8.6 9.6 9.9 0% 0 %
25 | Kazan RU 7 20 25 27 100% | 18 % | 61.5 62.9 65.6 40% | 0%
26 | Lillestrom NO 5 20 20 20 33% 38% | 9.1 9.9 10.8 20% | 6%
27 | Stockholm SE 5 30 30 42 62% 56% | 9.4 9.6 9.9 0% 0 %

Table 1. Summary of 3584 bike rental stations in 27 cities of 11 countries.

A weekly demand profile is a vector of length 168 where
the N-th element quantifies the average demand in the N-
th hour of the week, where Monday Oam-1lam is the first
and Sunday 11pm-12pm is the 168th hour of the week. For
a given station, the Nth element of the weekly profile is
calculated as the average demand index across all Nth hours
of the week in the time-series. Figure 2 shows the weekly
profiles for a random selection of 30 stations. For a city, we
define its weekly profile as the average of weekly profiles
of all stations. Figure 3 shows the weekly profiles of all
cities in our dataset.

4.3. Demand Deviations from Profiles

The amount of regularity in the rental stations can vary and
some stations follow their weekly profile to a stronger ex-
tent than others. In the following analysis we quantify reg-
ularity across cities.

In order to measure regularity of a station we calculate
Mean Absolute Error (MAE) between the actual demand
and the demand suggested by the weekly profile. To make
the errors between stations more comparable we divide this
error by the mean absolute error of the constant model, to
obtain Relative Absolute Error (RAE). For comparison we

calculate MAE and RAE for daily profiles as well. The
daily profile is a vector of length 24 where the Nth element
quantifies the average demand in the N-th hour of the day
and is calculated as the average demand index across all
Nth hours of the day in the time-series.

The results are presented in Table 2. After the city names
in the first column, the next three columns contain the av-
eraged MAE using all the stations in each city. The last
two columns show the same but for the RAE. wk stands
for the weekly profile, da for the daily profile and av for
the constant model, which is worked out as the mean of the
total demand. According to the table, cities with few sta-
tions such as Stockholm, Santander, Lillestrom or Creteil
are the least regular in following the weekly and daily pro-
files, while Bruxelles is an exception to this rule. On the
other hand, cities like Paris or Dublin shows the highest
regularity when compared to the other cities.

4.4. Locational Dependencies

Due to shared weather and time factors, the demand time-
series of different stations in the city are correlated. In addi-
tion, the correlation can be even higher due to the locations
of stations. We illustrate this in Figure 4 by plotting for
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Figure 2. Weekly profiles of randomly selected 30 stations. The
maximum of the vertical scale is different for each station, chosen
to fit the data.

each two stations in Dublin their distance against the cor-
relation (across the whole time-series) of their bike rental
demand indices. The plot shows that nearby stations have
on the average higher correlation than distant stations.

Table 3 shows the results of the analysis across all cities
with at least 10 rental stations. Average distance between
two different stations varies from lkm to 6km and aver-
age correlation from 0.05 to 0.50. In all except two cities
the correlation between the above-the-diagonal elements of
the distance matrix and correlation matrix is negative. This
indicates that on average, nearby stations have higher cor-
relations in demand than distant stations.

Amiens
Besancon
Bruxelles.Capitale

Cergy.Pontoise

A SANAJI P N

Goteborg

M ﬂ A « M ‘ h d\l\ Kazan

W\MMW~ Sl
AP NINGAM e | it
_MWUA%\J\ Luxembourg

‘/\/J\/\/\/\MJ\/\/\’\/\’\/{\ Ly

Marseille

Mulhouse

MMU\M\/"\»\/\ Nancy
WJ\/\AW\\/\N\N Nantes
MINMNINMNA s
JNWW\JM Rouen

Santander

demand

W N M st
ININMNPNIN N Todose
NN N Velenee

_/WMW/_\ Ve
i

Y Y i T
0 24 48 72 96 120 144 168
HourOfWeek

Figure 3. Weekly profiles of all the 27 cities. The maximum of the
vertical scale is different for each station, chosen to fit the data.

5. Weather and Demand Dependency

In this section, we study dependency between demand of
bikes and weather conditions. For that reason, we have col-
lected a set of meteorological parameters for the analysed
period. These features represent a complete information of
the climatological conditions (temperature, rain, wind, hu-
midity, pressure) for the set of cities where we have bike
demand data. The climatological data have been obtained
from the API of openweathermap.org® and the generated
dataset can be found in (Kull et al., 2015). In the dataset
we collect the hour averages of a wide set of climatological
parameters. In this part, we concentrate on the meteorolog-
ical factors that, a priori, seem to be the most promising in

“http://openweathermap.org/
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city wk_mae da_mae av_mae wkrae da_rae
Amiens 0.59 0.71 0.95 0.69 0.80
Besancon 0.52 0.61 0.80 0.66 0.77
Bruxelles 0.49 0.54 0.62 0.82 0.89
Cergy Pont 0.24 0.26 0.32 0.79 0.86

Creteil 0.33 0.36 0.58 0.85 0.91
Dublin 1.57 1.99 3.15 0.52 0.65
Goteborg 0.85 0.93 1.09 0.79 0.86
Kazan 0.14 0.16 0.17 0.80 0.95

Lillestrom 0.59 0.64 0.86 0.90 0.93
Ljubljana 1.35 1.55 1.97 0.70 0.80
Luxembourg  0.33 0.37 0.45 0.76 0.84
Lyon 1.31 1.48 1.96 0.70 0.78
Marseille 0.64 0.69 0.86 0.77 0.82
Mulhouse 0.45 0.50 0.62 0.73 0.82

Namur 0.36 0.41 0.49 0.75 0.85
Nancy 0.73 0.82 1.00 0.73 0.82
Nantes 0.95 1.10 1.42 0.70 0.79
Paris 1.56 1.78 2.44 0.66 0.75
Rouen 0.65 0.74 1.01 0.68 0.76
Santander 0.29 0.30 0.37 0.84 0.88
Seville 0.93 1.09 1.40 0.70 0.80
Stockholm 0.43 0.47 0.71 0.84 0.89
Toulouse 1.02 1.15 1.45 0.75 0.83
Toyama 0.50 0.55 0.68 0.75 0.83
Valence 1.25 1.44 1.92 0.68 0.77
Vilnius 0.79 0.88 1.09 0.73 0.82

Table 2. Results for the set of analysed cities. From left to right,
MAE of the weekly profile, MAE of the daily profile, MAE of the
constant model, RAE of the weekly profile and RAE of the daily
profile.

finding dependencies between demand and climatological
conditions: temperature, rain/snow and wind speed. Tem-
perature is expressed in Kelvin degrees, wind is expressed
in meters per second and finally rain represents precipita-
tion in millimetres of rain or snow.

Table 4 contains the results of the study about weather and
demand dependency. The first three columns contain the
average weather conditions for all the cities. According to
average temperature Seville is the hottest city (288) while
Kazan is the coldest (269). Dublin and Goteborg have the
highest values of average wind speed while Ljubljana and
Toyama present the lowest values. This last city of Japan
is with Santander the most rainy cities according to pre-
cipitation average. On the other extreme Kazan presents
the lowest rain mean. The following columns analyse the
correlation between demand and weather factors. cor T
column has the correlation between temperatures and de-
mand. This correlation is computed station by station, and
then, we calculate the average of all stations for each city.
As expected, in this case we find positive correlations since
warm temperatures invite to use bicycles. However, these
correlations can also represent that bikes are most used in
the day light hours, when most of journeys are realised and
temperatures are warmer. In order to avoid this problem

correlation

0.0-

distance.km

Figure 4. Pairwise correlations vs pairwise distances between sta-
tions of Dublin.

and to observe better the effect of temperature in demand,
we introduce the following column cor T H. In this case,
we compute correlations between demand and temperature
by the hour of the day. In this way, we have 24 correla-
tions for each station. We then average all the results for
station and city. Now this column reveals a foreseeable
behaviour, the cities where we find more (positive) correla-
tion between demand and temperatures are those with cold-
est averages. In fact correlation between columns cor T H
and av_T is -0.298. This reveals that in cities with warm
temperatures, this factor does not affect as much as in the
coldest cities. The following column cor_W represents the
correlation between demand and wind speed. Here, in most
cases we find a negative correlation showing that strong
wind is reducing the demand of bikes. Again, we can study
the relation between windy cities (av_W') and dependency
on wind (cor_W). In this case we find a strong negative
correlation -0.581 indicating that in windy cities, demand is
more negatively affected. Finally, column cor_R includes
correlation between demand and precipitation for the anal-
ysed cities. Logically, all correlations are negative since
biking under rain conditions is not appealing. Again we
find that in most rainy cities the negative correlations are
higher (correlation between column cor_R and av_R is -
0.180).
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city average distance average correla-  correlation  of
tion distance and
correlation
Amiens 0.96 0.28 0.10
Besancon 0.90 0.33 -0.10
Bruxelles 5.44 0.10 -0.32
Cergy-Pont 3.79 0.07 -0.25
Creteil 1.88 0.05 -0.10
Dublin 2.17 0.50 -0.31
Goteborg 1.63 0.33 0.04
Ljubljana 2.39 0.45 -0.62
Luxembourg 3.09 0.13 -0.23
Lyon 3.66 0.34 -0.43
Marseille 2.57 0.20 -0.28
Mulhouse 1.54 0.19 -0.37
Namur 1.44 0.14 -0.15
Nancy 1.58 0.24 -0.39
Nantes 1.81 0.31 -0.21
Paris 5.92 0.38 -0.16
Rouen 1.66 0.25 -0.40
Santander 297 0.08 -0.59
Seville 3.35 0.32 -0.54
Toulouse 333 0.24 -0.53
Toyama 1.01 0.24 -0.48
Valence 3.12 0.36 -0.41
Vilnius 1.83 0.38 -0.31

Table 3. Average distance between stations, average demand cor-
relation between stations, and the correlation between the distance
and demand correlation.

6. Related work

Bike-sharing systems are gaining popularity in many cities
(DeMaio, P. and Meddin, R., 2013) as an alternative to in-
tensive car use. The first systems go back to the decade of
1960s and have experimented a rapid expansion with bike-
sharing programs worldwide (DeMaio, 2009). In a bicycle
sharing system, bicycles are made available for short-term
(30-45 minutes) use to individuals, allowing people to bor-
row a bike from point A and return it at point B. A compre-
hensive review of recent bike-share literature can be found
in (Fishman, 2015).

Most of the literature concentrates on solving the tendency
of these systems to become quickly unbalanced, with some
stations being mostly used to pick up bicycles and other
more to return bicycles (Schlote et al., 2013). Thus, one
of the problems in bike-sharing systems is the estimation
of the potential demand to the service. This estimation
is the main objective in (Frade & Ribeiro, 2014), where a
methodology is determined according to the characteristics
and trips of the Portuguese town of Coimbra. Demand and
availability prediction on various time scales by means of
Generalised Additive Models is performed in (Chen et al.,
2013). In addition, this work also estimates the waiting
time for the next available bike if the current availability is
Zero.

These bike-sharing systems are not only analysed accord-
ing to the use of the stations but also from the point of view
of studying how the location of stations can be optimised,
which is one of the keys to success. In (Garcia-Palomares

cities av.T av.W av_R | cor.T
Amiens 28035 449 031 0.14  0.09 0.003 -0.01

Besancon 27930 298 0.21 0.12  0.07 -0.012 -0.05
Bruxelles 280.54 3.61 0.8 | 0.11 0.08 -0.008 -0.03
Cergy-P. 28093 3.67 0.15 | 0.07 0.05 0.002 -0.01
Creteil 281.01 371 0.1 | 0.06 0.06 -0.007 -0.01
Dublin 27993 623  0.11 0.10  0.04  -0.008 -0.02
Goteborg 27875 631 015 | 0.19 0.17 -0.177 -0.07
Kazan 26925 472 0.03 | 0.18 0.18 -0.040 -0.03
Lillestrom 275.00 3.01 0.10 | 0.15 0.17 0.002 -0.02
Ljubljana 277.55 1.47 017 | 037 027 0.041 -0.01
Luxembourg | 278.73  3.05 0.19 | 0.14 0.11 -0.009 -0.03

Lyon 28132 277 022 | 024 0.17 0.039 -0.07

Marseille 28524 546 020 | 020 0.12  -0.050 -0.05
Mulhouse 278.87 239 0.14 | 0.14 0.09 0.001 -0.03
Namur 279.69 428 0.16 | 0.09 0.06 0.002 -0.02
Nancy 279.57 345 0.17 | 015 0.12  -0.029 -0.02
Nantes 282.87 393 0.5 | 017 0.10 -0.009 -0.05
Paris 281.06 371 0.12 | 022 0.16 -0.004 -0.04
Rouen 280.82 421 0.16 | 0.16 0.11  -0.002 -0.03
Santander 282.77 253 051 0.14  0.10 0.008 -0.05
Seville 288.73 289 0.10 | 023 0.11 0.043 -0.05
Stockholm 27641 364 006 | 009 0.09 -0.001 -0.01
Toulouse 28325 353 021 | 022 0.14 0.015 -0.07
Toyama 277.66  1.67 046 | 018 0.11 0.048 -0.06
Valence 286.35 379 007 | 028 0.14 0.035 -0.05
Vilnius 27529 460 006 | 026 0.19 0.084 -0.08

Table 4. Results for the set of analysed cities: average tempera-
ture, rain and wind speed, correlation between demand and tem-
perature, correlation between demand and temperature corrected
by hour, correlation between demand and wind and correlation
between demand and rain/snow.

et al., 2012), authors determine the optimal location of the
stations by means of using a Geographic Information Sys-
tem (GIS) and compare their results to the most commonly
used modelling approaches. With the same aim, authors in
(Hu & Liu, 2014) propose, on the one hand, to minimize
the total cost of the city-bike system, including fixed cost,
operating cost, passenger’s travel cost and dispatch routing
cost; and, on the other hand, to find an optimal location for
constructing rental station and truck dispatching depot in
Taiwan.

Not too many approaches have been published where ex-
ogenous variables that affect the bike-sharing system per-
formance have been taken into account. Also in (Chen
etal., 2013), authors presented prediction algorithms where
the weather and time of the day were taken into account,
leading to significantly improved performance. Time of the
day is also studied in (Froehlich et al., 2009) as a part of
their analysis of usage from Barcelona’s shared bike sys-
tem. In (Kaltenbrunner et al., 2010), after a comprehensive
study of the mobility patterns within the bicycle program in
Barcelona, the weather is only referred in the conclusions
as another possible factor of influence together with events,
geographic characteristics, etc. To the best of our knowl-
edge, the only repositories for bike sharing that incorpo-
rate weather information can be found in (UCI Repository,
2015) and (REFRAME Project, 2015), where the bike-
sharing program from Washington, D.C. (US) and Valencia
(Spain), respectively, are complemented with weather fea-
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tures. As weather really matters, we have provided weather
information at city level in our dataset.

So far, all the papers introduced work in a single city
schema. The first paper that takes a global view of sev-
eral bike-sharing systems was published in (OBrian et al.,
2014). The work offers a very interesting view of different
bike-sharing policies and discusses about metrics for clas-
sifying among bicycle sharing systems. Authors analyse 38
bike-sharing programs that operate in Europe, Middle East,
Asia, Australasia and America, using an extensive database
that, to the best of our knowledge, is not publicly available.

7. Conclusions

In this paper we have proposed a public bike rental and
weather dataset covering 3584 rental stations in 27 cities
of 11 countries. To our knowledge, this is the first public
dataset with bikes and weather information from multiple
cities. Using some simple analyses we have demonstrated
that the dataset provides a rich source for many types of
analyses, facilitating development of improved methods for
planning locations of stations and balancing activities. We
plan to provide updates to this dataset on a regular basis.
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