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Abstract—A Bicycle-sharing system (BSS) is a popular service
scheme deployed in cities of different sizes around the world.
Efficiently keeping bicycle-sharing system as balanced as
possible is the main problem and thus, predicting or minimizing
the manual transportation of bikes across the city is the prime
objective in order to save logistic costs for operating companies.
The purpose of this paper is two-fold: Identification of spatial
structures and their structural change using Convolutional
neural network (CNN) that takes adjacency matrix snapshots of
unbalanced sub-graphs, and the Long short-term memory
artificial recurrent neural network (RNN LSTM) in order to
find and predict its dynamic patterns. As a result, we are
predicting bike flows for each node in the possible future subgraph configuration, which in turn informs bicycle-sharing
system owners to plan accordingly. Benefits are identified both
for urban city planning and for bike-sharing companies by
saving time and minimizing their cost.
Keywords—data science, data visualization, bike-sharing
systems, graph mining, time series prediction, machine learning,
deep learning, recurrent neural networks, convolutional neural
networks, shareable cities, urban informatics

I. INTRODUCTION
Currently, there are not many state-of-the-art methods that
use graph mining and machine learning in the area of BSS
optimization of bike relocation strategies.
Recently published papers implemented Recurrent neural
network (RNN) to predict station level demand [1] of New
York's Citi Bike dataset and used Root mean square error
(RMSE) as a validation metric [2]. However, the global
overview of the network is not considered, and the method has
never been used for small to medium-sized bike-sharing
networks but exclusively on the New York City dataset.
Moreover, NYC bike-sharing system Citi Bike has already
been optimized using a specially tailored operations research
algorithm devised at Cornell University [3].
To the best of our knowledge, there was only one attempt
by Lei Lin et al. [4] that addressed the Convolutional neural
network (CNN) using Graph convolutional neural network
with data-driven graph filter (GCNN-DDGF) model for
station level hourly demand prediction in a large-scale bikesharing network. Although this paper by Lei Lin et al.
proposes quite an efficient method, it does not consider using
the method as a component in a comprehensive framework for
dynamic bike rebalancing. Bike rebalancing is defined as a
strategy to restore the number of bikes in each station in order
to maximize possible mobility routes. Also, the proposed
model does not apply a directed graph, and it cannot learn a
sparse graph filter.
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Boston area BSS is a medium-sized BSS with a different
amount of data and a distinct topology compared to other
larger bicycle-sharing systems. This specific size-wise
property may incur a particular dynamics dissimilar from
those investigated by other papers, which mostly focus on
New York City dataset. Such papers might favour methods
that perform well for large BSS, and overlook simplified
methods that would work better for small and medium-sized
BSS. A further challenge is to make sure that the proposed
method is computationally efficient and can successfully use
more data than any other paper as no other previous study
analyzed more than two years worth of data.
As far as we know, only Ai Yi et al. [5] addressed using
Convolutional Long short-term memory (Conv-LSTM), but
their work was focusing only on dockless bikes, the weather
was not taken into consideration and rebalancing was never
discussed.
The main problem identified is a fleet management
problem of medium-sized docked bicycle-sharing systems.
In order to keep docked BSS as balanced as possible,
bikes are manually transported across the city at peak times.
In priority areas, docking stations are continually replenished
with bikes or the bikes being continuously removed from
docking stations.
Research question investigates how it is possible to predict
both spatial configuration and flow dynamics of bike stations
in order to match or approximate to the discrepancy of the
supply and demand within the network balance.
Preferred methods utilized would need to focus on analysis
and prediction of both spatial and temporal attributes that bike
flows inherently have. This is something that graph mining
and machine learning can successfully address. Directed
graph mining would provide a sufficient statistical analysis of
BSS, while different types of neural networks can predict bike
flow attributes and track configuration changes.
The knowledge gap to be explored in this paper includes a
combination of improvements based on the research papers
written during the last three years in the domain of bikesharing and rebalancing optimization:
•

focus on the middle-sized docked BSS that have not
been explored in detail before

•

using secondary datasets such as the weather
information

•

combine mobility flows for both spatial and temporal
patterns
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•

use a method that does not only predict, but also
suggests how the bike rebalancing strategy should be
utilized

•

make a scalable rebalancing strategy so that it can be
viewed not only from the entire system's point of
view but also from the municipality or
neighbourhood level

•

computational complexity is low, and the utilized
method does not require hours to calculate the final
result

•

prediction accuracy is still high enough and
comparable to other approaches

•

research results provide a possible application for the
Boston Bluebikes BSS, having a validated
approximation of how many bike truck will be
needed and which areas will most likely require a
rebalancing process
II. MATERIALS AND METHODS

A. Process
Firstly, raw data is obtained, prepared and cleaned, with
the secondary dataset (weather information) aggregated to it
and made it suitable for performing time-series analysis. Our
benchmark is found in an Autoregressive moving average
(ARIMA) method that uses basic data properties, such as
mean and average, to set up the most rudimentary
performance score defined as a lower bound to which we can
compare every new method introduced. Simple recurrent
neural network and deep recurrent neural network were
investigated, but ultimately Long short-term memory (LSTM)
is found to be the one producing the best prediction scores.
Then, based upon the data exploration discovery, the most
unbalanced links between station pairs are defined and
transformed into adjacency matrices, also called, "snapshots.''
Our total observation period must be split into strictly defined
smaller time frames. Each time frame will be represented by a
matrix and a list of the most unbalanced links. Depending on
how many unique unbalanced stations we observe across all
of our specified time frames, their total number will define our
final size of every adjacency square matrix. The population of
matrices with non-zero values will depend upon the time
frame they capture and specific unbalanced station pairs we
observe within each time frame. In this paper, each adjacency
matrix is designed to represent the top three most unbalanced
links in a monthly manner, with a total period of two years.
For each month, the top three most unbalanced links represent
those station pairs that have the highest flow difference.
Afterwards, we once again use data exploration for only
the first few days of each month for which we seek to predict
an overall adjacency matrix of the most unbalanced links. First
few days, which correspond to the 1/3 of overall monthly
flows, are transformed into an adjacency matrix that we use as
an input for Convolutional neural network (CNN). Here, an
assumption is made that first 1/3 of the monthly flows tend to
converge to a specific monthly shape that CNN will guess
based on all the previous monthly snapshots it is trying to learn
from. As an output, CNN gives as a guess label that best
describes the month (or instead of its unbalanced spatial
configuration) as a whole. Additionally, multivariate LSTM
method can be used to introduce some novelty links to the
labels predicted in order to score a higher prediction accuracy.

Finally, from the predicted adjacency matrix snapshot, it
is clear which station pairs we have. For those stations, LSTM
RNN will be utilized to predict two-way flows between station
pairs and calculate the difference. The difference gained is an
indication of a unbalance, and we can use the ground truth to
rate the accuracy of prediction. The predicted differences are
precious to bike-sharing companies as they can plan how
many additional bike truck to dispatch and where during their
bike relocation process.
B. Data Description
To illustrate the methodology of this case study, seven
years worth of data from the Boston BlueBikes BSS was used.
Bike-sharing data was collected from the BlueBikes website,
the largest Boston bike-sharing provider. Boston is a relatively
bike-friendly city, having received a silver medal award from
the League of American Bicyclists in 2017. From 2007 to
2014, the bicycle lane mileage in Boston went from 0.03 miles
(0.048 kilometres) to 92 miles (148.06 kilometres), with a
decrease in bicycle accidents around 14% per year. Boston's
original bike-sharing system, Hubway, was launched in 2011
and it has been growing since then. In 2018, its name changed
to BlueBikes, and it now has over 1800 bicycles and 308 dock
stations across Boston, Brookline, Cambridge, and
Somerville. In the proposed analysis, nearly 8 million bike
trips have investigated since the inception of the bike-sharing
program.
Initially obtained descriptive statistics for Boston Blue
Bikes data helps us understand usage patterns extracted from
the data between 2011 and 2018.
We can observe the evolution of the total number of trips
per day for the entire bike-sharing system. One can see both
strong seasonal effects caused by the typical harsh winters in
Boston, and the overall tendency for an increase in usage over
the six years, which is confirmed by the 12-month rolling
average plotted. The men and women ratio shows not only that
men use bike sharing more frequently but also that the
difference increases during the wintertime. Finally, the figure
also shows a slight increase in the proportion of female users
in the past year. The cities of Boston, Cambridge, and
Somerville have been improving the quality and extension of
their cycling infrastructure as women feel more comfortable
and secure in the cycling tracks, the gap in usage for men
decreases [6,7].
C. Mobility Flows
Understanding where the significant flows of cyclists are
located within a city is the first step in providing urban
planners with the knowledge required to draw a good mobility
plan for urban cycling. Most previous work on BSS data
analysis focuses on analyzing usage patterns of individual
dock stations, without investigating the movements from one
place to another, such as the origin-destination pairs of bike
trips, which can provide interesting insights on the punctual
dynamics of the system [8,9,10,11].
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Fig.1.

Heatmap and Mobility Flows visualization

An important visualization method is the one where
mobility flows are represented as a directed graph. With the
help of this method, it is possible to define most pairwise
asymmetric links between the nodes, which are of extreme
importance in this paper. Firstly, they contain the mobility
flows most responsible for the unbalanced network, which, in
turn, causes a more frequent need for bike relocation.
Secondly, these nodes will be used as a subgraph input for the
Convolutional neural network (CNN) to gain an insight into
future patterns that are most likely to be expected.
This intuition that pairwise asymmetric links could be
beneficial was confirmed by comparing the animated heatmap
visualization of flow density (check-ins and check-outs, see
Fig. 1) progression through different days and months, to the
appearance of the most unbalanced pairs corresponding to the
same time frame.
Moreover, using the most unbalanced pairs (algorithm
shown in Fig. 2) as an indication of bike shortage or
abundance, it is possible to uncover some hidden problem
areas that are not so easily visible with the heatmap
visualization. Also, having unbalanced pairs, we know where
we should add or take bikes from when applying the relocation
policy. This is something that would not be possible by just
observing clusters during peak hours. Moreover, having
subgraph of unbalanced pairs defined as an adjacency matrix
data structure is an advantage when using it as an input for
Convolutional neural network (CNN).
By plotting a representation of some 2018 unbalanced
edges for each month separately, it can already be seen that
although the spatial configuration of these unbalanced
subgraphs changes, some clear pattern rules can be concluded.
For example, most of the unbalanced edges are concentrated
in the Cambridge city centre, but during warmer months,
subgraphs tend to expand to the very edges of the BSS
network.
D. RNN Dynamic Patterns Prediction
A comparison between different predictive methods for
time-series data was examined, using the aggregated number
of bike check-outs for each day, and the secondary dataset
containing weather details. Best prediction method was used
on individual stations identified as the most unbalanced and
obtained separately as an output of CNN. The process of
choosing the best RNN prediction method was dependent
upon the validation metrics retrieved and the particular set of
parameters defined within the prediction model itself.

Fig. 2.

Unbalanced Pairs algorithm

The best ratio between runtime, accuracy and low error
metrics is observed in LSTM RNN method (as observed in
Table 1), which was chosen as a candidate to be used for this
research.
Pairwise most asymmetric edges between nodes
representing most unbalanced flows between stations are
transformed into adjacency matrices and prepared as an input
for the convolutional neural network. Before running the
CNN model, a training set of matrices needs to be labelled
because the goal of this method is to make sure that CNN
correctly classifies test matrices to a correct label. In case of
a false classification, we still want to maintain those errors to
be spatially close to the expected stations, thus making
mistakes as minimal as possible.
E. CNN Spatial Structures Identification
The first step is to take so-called data "snapshots" of the
directed subgraph that is formed by the most unbalanced
stations and their links. These snapshots have a specific time
granularity so that we can observe different unbalanced
graphs for each year, month, week, or day. Suppose that the
granularity is monthly, which means that during one year
worth of time, we will have 12 unbalanced graphs. In the case
discussed here, we will take years 2017 and 2018 into
consideration amounting to a total of 24 distinct unbalanced
graphs when considering monthly granularity. In order to be
able to use CNN, it is necessary to transform these
unbalanced graphs into 24 adjacency matrices consisting of
zeroes and ones, where each value “1” indicates that there is
a directed edge from the station represented as matrix row
with index “i” to the station denoted as a matrix column with
index “j”, for that specific tuple (i,j). Of course, because we
are dealing with bidirectional unbalanced graphs, adjacency
matrices will be symmetric, and also hollow meaning that we
can observe only zero values on the main diagonal, thus
avoiding nodes with self-loops. Now, these sparse matrices
can simply be imagined as pixelated images where “1”
indicates a pixel existence, and it is something that can be
sent as an input to CNN. However, when transforming graphs
into matrices, we advise that relative coordinates between
stations match the allocation of the row and column indexes
inside the matrix. This was done by observing a Greater
Boston area map and scanning from a top left corner to the
bottom right corner, numerating each larger neighbourhood
in the process. Then, for each neighbourhood area map, the
same scanning method was used to numerate bike stations. In
other words, created matrices resemble the spatial
representation of unbalanced stations in the real world.
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TABLE I.

COMPARATIVE ANALYSIS

Although this particular approach will not create a
significant difference for neural networks as long as we keep
bike stations of the same neighbourhoods clustered together,
it is an attempt for pixelated matrices to still make some sense
to humans. Of course, these heuristics were used just to
simplify manual translation of graphs into matrices for this
paper. For larger matrices and bigger datasets, we advise to
completely automate numeration and translation of graphs
into matrices, as well as using only half of the created
matrices because they are all square symmetric matrices and
encoded data is duplicated above and below its main
diagonal. This is due to the symmetric nature of the
unbalanced pairs definition.
Prepared training data, which is being provided to CNN
as an input (see Fig. 3), consists of 24 pixelated images with
size 20x20. Each image represents the top three most
unbalanced pairs of stations for one particular month.
Coloured pixel is an indication of an edge between the station
“i” and “j”, where “i” and “j” are identification numbers of
those two stations. Not only is it an indication of an edge but
an unbalanced link between them. Training data will be used
for CNN to observe and learn from all past configurations and
try to guess which of the pre-existing shapes would match the
best each of the test data sets we will additionally provide.
F. Candidate Novelty Links
In order to strengthen the achieved CNN prediction, we
will carefully consider adding a possible surprise link to the
predicted configuration, which has the highest probability of
emerging as a future most unbalanced link in addition to the
ones already contained within the predicted label. Only those
links that have been fairly recently emerging close, but not
quite to the top three most unbalanced spots, can be
considered as candidates for this analysis. Additionally, one
of the top three unbalanced candidates can be considered as
well in case we observe that CNN completely skipped it
during label prediction. This happens because of the small

training dataset but using this method mitigates such
problem.
A model chosen for predicting such a candidate is called
convolutional multivariate LSTM model. Although this
model is capable of vector output, we will only consider the
first predicted item because multi-step prediction becomes
very inaccurate as further into the future the model tries to
extrapolate.
III. RESULTS
By applying a methodology described in this paper, it is
possible to use a computationally lightweight combination of
machine learning methods to grasp short-term approximation
and prediction of spatial structures in the form of subgraphs,
together with a more robust prediction of dynamic patterns
and flows through the identified most unbalanced links. As a
result, this method allows bike-sharing companies to make a
month-long prediction on how many trucks for bike relocation
will they need and in which streets or areas will they be most
essential. The bottleneck of this paper is its CNN segment due
to the inability to predict something that had never been
observed before. Still, this paper offers an approach that has
not yet been considered. Also, shortcomings of CNN are
slightly alleviated using a subtle method of predicting
monotonic properties and workload trends of certain stations.
This is done by observing their past bike flow values as an
integer array and predicting the most likely future array of
numbers. This enables adding possible novel links in case an
emergence of high or low flow values would make a
detectable impact in relation to some other station. In such
cases, we would conclude that certain pairs have the potential
of becoming unbalanced and that we could add them as a
novel link in addition to the existing ones.
As demonstrated in Table 2, we can predict most of the top
unbalanced station tuples, and quantify the expected
unbalanced flow between them with high accuracy. Of course,
during more unstable months such as February and March,
when a heavy snow season is expected in Boston, predicting
spatial configuration can perform with lower accuracy than
usual. This is, however, something that can not be mitigated
in case of small tor medium BSS. In order for this project to
be fully evaluated, the methodology presented in this paper
should be implemented within the real-life Boston Blue Bike
relocation strategy and achieved results compared to the same
period in the past. In the evaluation of results, average RNN
accuracy is calculated as a mean value between RNN top link
scores.
TABLE II.

Fig. 3.

CNN Training Data

EVALUATION OF RESULTS

Moreover, the proposed methodology can be easily scaled
up or scaled-down, depending on the spatial granularity we
would like to focus on (neighbourhood, town or municipality).
Of course, whenever we are expanding or shrinking our
spatio-temporal viewpoint, a new set of stations will be
inspected and thus, completely new matrices should be
prepared accordingly. This is also a shortcoming because as
the number of relevant stations is growing, matrices expand as
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well. Not only that but even in a case when only one station
should be added, the whole matrix must be re-arranged to
mimic the station configuration in the real world. Luckily, any
changes in the number of docks do not affect the model, and
that is why docks were not considered. This trade-off was
necessary in order to ensure low memory and short model
runtime requirements because short-term prediction should
benefit from fast results, satisfactory prediction accuracy and
model adaptability to be utilized for any BSS.
IV. LIMITATIONS
The very first limitation is noticeable in the usage of
exclusively docked BSS data. It is important to mention that
dockless bike companies in the US and EU are not
comfortable with sharing their data due to, among others, user
privacy issues. In cases where companies agree to such
collaboration, the process of obtaining any usable dockless
BSS data involves a complicated legal procedure, signing
non-disclosure agreements and generally takes a very long
time.
Dockless data policies differ in China, but such an
approach was not taken into consideration due to a high
volume of papers already written and specifically based upon
these areas. Also, dockless systems or fourth-generation bike
systems are much more popular in China compared to the rest
of the world. Over 30 private companies are operating there,
while dockless bikes are still in an experimental phase in both
of the Americas and Europe.
Regarding the second limitation, it is not possible to
produce the model with a perfect prediction accuracy or
retrieve the highest precision of label assignment. This means
that there will always be an error present depending on the
volume of our data, implementation details of the specific
model used, computation complexity and a variety of other
variables, some of which are stochastic and therefore, out of
our control. Still, establishing a performance baseline,
defining model setups, and knowing our lower and upper
bound is supposed to help us define our limitations
empirically and mitigate any unwanted performances.
V. ETHICS AND SUSTAINABILITY

new customers and users. Ultimately, the goal of this paper is
to work towards an overarching scope of creating more
sustainable and smarter cities, and many of related positive
effects in the area of bike-sharing networks are following
"The 2030 Agenda for Sustainable Development Goals
(SDG)”, adopted by United Nations (UN)
VI. FUTURE WORK
There are many areas in the domain of BSS optimization
and prediction that could be upgraded or further explored,
including methods presented here. Building upon a proposed
CNN architecture could be one of such suggestions. Because
this paper heavily relies on graph theory, one of the advanced
GCNN models could be utilized. Moreover, when one has to
deal with data defined on non-Euclidean domains, the
definition of basic operations (such as convolution) becomes
rather elusive. In that aspect, the Geometric Deep Learning
(GDL) area deals with the extension of ML techniques to
graph and manifold structured data.
Another possibility could be to compare docked and
dockless bike systems and explore how the ML approaches
inflow prediction to coincide or differ one from another. Still,
methods used would need to be adjusted to the fact that data
available for both docked and dockless BSS is still very
sparse, except for bigger systems in China. Taking a whole
another perspective, data scarcity could be mitigated and
substituted with relevant secondary datasets. This additional
dataset could introduce other modes of transportation
(walking or vehicle based), or even socio-economic landscape
and real estate market prices, which could vary depending on
their proximity to mobility hubs.
One sharing system research area that had never been
explored in depth before, and just started flourishing recently
is an electric vehicle sharing systems study domain. This is an
even greater challenge because, in addition to all the problems
tackled in regular sharing systems, we also have to add the
electric power requirement variable and think about
optimizing power distribution for such vehicles. Many new
sharing transportation options are taking advantage of this
power source beside just bikes: scooters, mopeds, and even
skateboards which are planned to be added in China. Having
a variety of new ride-sharing systems and many new
companies grow their businesses across countries, research
required in exploring these networks through the lens of ML
and AI will be in demand now more than ever.

Due to the increasing pervasiveness of machine learning,
there must be a discussion about the safety, transparency and
bias of machine learning systems. However, in the BSS, the
focus is mainly on rebalancing, and even though information
such as bike ID number, gender and user type is available, it
is not used to identify individuals. The bike-sharing
companies, however, may be storing user's personal
information from the moment they register for the service,
but the data is never publicly disclosed. From the company's
perspective, in case they are using a more attribute-wise
detailed data, they should be ensuring that a machine learning
model does not leak its training data to an adversary that
might be able to intercept a large number of queries, and in
turn, see the statistics of the output distribution and crossreference it to recover the original data. In addition to datadriven ethical considerations, it is possible to infer from the
data in case a bike had been stolen and in that case, a company
should have regulations to investigate how and when to act if
such events occur.
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Using bike-sharing services reduces carbon footprint and
promotes a healthy lifestyle [12,13,14,15,16]. Optimization
of environment-friendly transportation will effectively attract
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