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Abstract

Bike sharing systems (BSS) have emerged as an alternative and environmentally friendly
transportation tool that provides short-term bike rental to city residents for their close proximity
transportation purposes or sports activities. With the emergence and widespread usage of BSS,
BSS operators started collecting bike user-related datasets to benefit from it and to increase
service quality. Many application areas are present which use BSS big datasets, such as
behavioral analyses, urban pattern discovery, and network analysis of bike stations. A bike
station network can be defined as a network where bike stations are nodes and the bike trips of
users from a station to another station as edges. The extraction of bike station network provides
information about which stations are central, which stations have more in- or out-flows, and
which regions of the cities are actively used by bike users. However, the extraction of bike
station networks is challenging due to the complexity and different characteristics of bike
stations, the requirement of new algorithms and new visualization techniques, and the issues
related to efficient handling BSS big datasets. In this study, the concept of bike station network
extraction in terms of top-n correlated stations is proposed. In particular, the extraction of a bike
station network from BSS big datasets are defined and a new algorithm is proposed for
extraction of bike station network, and also a new visualization approach that uses common
visualization tools is utilized to represent bike station network on a map which would provide
more information than a network without a background information. The proposed algorithm
and visualization technique are evaluated using one year BSS big dataset. Experimental results
show that the proposed algorithm could successfully extract top-n correlated bike station
networks and utilized visualization technique is beneficial.

Keywords: top-n correlated bike stations, network visualization, network data mining, BSS big
data mining
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1. INTRODUCTION

With the rapid increase of fuel consumption in
transportation systems led to high carbon
emission and the air quality issues in metropolitan
cities. To reduce carbon emission and to protect
the environment, the city governments and
planners seek for alternative transportation
systems other than traditional and fuel-based
systems. Bike sharing systems (BSS) are one of
the clean and environmental friendly
transportation systems which both protect
environment and provide physical activity for
their users [1].

Bike sharing systems (BSS) are becoming one of
the popular and essential part of transportation
systems for city residents with their
environmental friendly nature, fresh outdoor
activity possibility, and carbon emissions
reducing potential in comparison with traditional
transportation systems [2]. BSS locate bike
stations at selected parts of the cities where their
users can easily reach. The users rent a bike from
a station and could drop the bike to another station
where the station is close to their desired
destination, without requiring to return back to the
rental station [3]. Some of the bike stations are
highly utilized by bike users due to their central
locations and high residential activities.
Discovering bike station network is beneficial for
BSS operators to better model user activities in
terms of in-flows and out-flows for bike stations
and to plan new bike stations with respect to high-
demanded areas.

Bike station network can be defined as a network
where bike stations are nodes and the bike trips of
users from a station to another station as edges [4,
5]. Extraction of bike station networks could
provide several insights into BSS operators and
city planners, such as which stations are central,
which stations are origin-preferred or destination-
preferred, and which regions of the cities are
active in terms of bike user activities.

However, extraction of bike station networks is
challenging due to several reasons. First of all,
bike station networks are complex and each bike
station has its own characteristics. For this reason,
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new algorithms and methods should be developed
for Dbike station network extraction and
visualization. Second, bike sharing big datasets
are unstructured and have a high seasonality.
Third, bike sharing datasets have a high velocity
and are big, and thus, novel approaches should be
developed to analyze bike sharing big dataset.

The literature studies related to BSS data mining
can be divided into three main categories, i.e.
behavioral analysis, spatial and temporal analysis,
and network analysis. In behavioral analysis, bike
repositioning problem [6-8], effects on bike
ridership [9, 10], and trip advisor system [11] are
studied. In spatial and temporal analysis, station
preference analysis [12-14], urban bike activity
analysis [15-17], trip duration prediction [18], and
citywide bike usage prediction [19-21] are
studied. In network analysis, spatio-temporal
graph analysis [23, 25] community discovery [4,
26] and station characteristics extraction [5, 24,
27] are studied.

In bike station network analysis, Calafiore, et al.
[22] proposed and implemented a model that is
based on closed queuing networks for ToBike
BSS system using stations and itineraries between
stations as nodes to identify customer arrival rates
for each station. Yang, et al. [23] analyzed
Nanchang BSS in terms of spatio-temporal and
graph-based aspects over a period of a new metro
line came into operation and travel behavior
changes of before and after the metro line are
investigated. Lin, et al. [5] proposed a deep
learning-based approach for learning correlations
between stations to predict station-level hourly
demand. They also performed graph network
analysis and visualization to discover more
knowledge about  station correlations.
Oppermann, et al. [24] recorded data from several
hundred BSS networks and combined with other
data sources and extracted characteristic network
metrics from the data. They also designed an
online visualization tool to make the dataset
publicly available. Zaltz Austwick, et al. [25] used
visualization, statistical analyses, and spatial and
network analyses to explore BSS usage
characteristics of five different cities to
investigate features of each city and to uncover
similarities between cities. Shi, et al. [26]
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proposed an interactive visual analytics system to
detect cycling communities of BSS using
different community detection algorithms to find
bike station communities. Yao, et al. [4] applied
detailed network analysis methods to analyze
relationships between bike stations of BSS using
real-time data of Nanjing public bike system and
they resulted that many stations have low usage
characteristics and there is a geographical
division between highly utilized and low-demand
stations. They also discovered top-10 and bottom-
10 related stations with ranking stations based on
several parameters. Liu, et al. [27] proposed a
method which is able to uncover the structure of
transportation network and identify bicycle
infrastructures to characterize roadways based on
different network centrality measures.

In this study, bike station network for BSS is
extracted and visualized. For this purpose, first,
network extraction algorithm of StationNet
algorithm is proposed for extracting most related
stations in terms of incoming and outgoing bike
activities. Then, two different tools are used as
complementary of each other to visualize
extracted bike station network. Gephi graph
visualization tool is used for construction of nodes
and edges, and Google Earth Pro map tool is used
for mapping the station network. The experiments
are performed for analyzing performances of both
StationNet algorithm and the benefit of
visualization method.

Main contributions of this study are given as
follows:

» The definitions related to bike station network
extraction are provided.

« A novel algorithm is proposed for bike station
network extraction.

« A new approach is utilized for visualization of
extracted bike station network on a map to
provide more information about network and
background map.

« The proposed method is experimentally
evaluated on real-life BSS dataset of Chicago
Divvy Bikes.

The rest of this study is organized as follows.
Section 2 presents BSS big dataset and
preprocessing steps, bike station network
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extraction and visualization method and proposed
algorithm. Section 3 evaluates the experimental
results and discussion of the study. Finally,
Section 4 outlines the conclusions.

2. MATERIALS AND METHOD

In this section, first the dataset of this study is
introduced and the preprocessing steps are
explained. Second, basic concepts and definitions
of proposed method are expressed. Third, the
proposed station network extraction algorithm is
presented. Finally, the visualization method of
this study is expressed.

2.1. The BSS Dataset

In this study, Divvy Bikes [28] BSS, which
operates in Chicago, data are used as a bike
sharing systems big dataset. Divvy Bikes shares
the bike sharing data since 2013 as a quarter-year
dataset. In each quarter-year dataset, three months
of BSS activity data are present. 4 quarter-year
dataset from 2018 are selected for this study, and
the selected dataset is from 1 January 2018 to 31
December 2018. The total number of BSS
activities in selected dataset are 3.603.082 for the
year of 2018. Figure 1 presents the number of BSS
activities for the selected dataset. As can be seen
in the figure, Q1 and Q4 have less number of
activities because these quarters contain winter
and autumn months, and thus bike usages
decrease because of the weather conditions. The
majority of the BSS activities occurred at Q2 and
Q3, which are within spring and summer seasons.

iy iy iy
(%] s (=]

-

Number of BSS Activity (Million)
SR~ ==

=]

a1 Qz Q3 Q4
Quarter-Year Dataset

Figure 1 Number of BSS activities for each quarter-
year dataset
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Figure 2 The distribution of all stations of Divvy
Bikes [28]

There are 611 bike stations present in Divvy Bikes
BSS. Figure 2 presents the distribution of all bike
stations in Divvy Bikes on a map. As can be seen
in Figure 2, the stations are distributed among
Chicago and are clustered around the city center.
Divvy Bikes [28] BSS provides latitude and
longitude information of stations which are
obtained as a file and used in this study.

The original dataset contains 12 columns that
store information about each individual bike trips.
For this study, only 3 of these columns are used,
i.e., start station, end station, and trip duration.

2.1.1. Preprocessing

As preprocessing steps, first of all, quotation
marks and commas in trip duration information
are removed from the dataset due to achieve
numerical trip duration information. Then, trip
duration of each trip is checked whether the
duration last more than 12 hours using a similar
strategy with [4]. If the trip lasts more than 12
hours, then these trips are removed from the
dataset, because no real bike trips could take such
long time. After removing longer trips, the final

Sakarya University Journal of Science 25(1), 275-287, 2021

dataset has the number of BSS activities of
3.599.798.

2.2. Basic Concepts

In this section, basic concepts and definitions
related to the proposed bike station network
extraction method are presented.

Definition 1. A bike station bs is the station that
a user could rent or return a bike in BSS.

Definition 2. Given two bike stations bs1 and bs2,
a bike trip bt is a directed trip from bsl to bs2 in
BSS dataset.

For example, if a user rent a bike from bsl and
return the bike to bs2, then trip bt is constructed
as bsl—bs2.

Definition 3. Given a bike trip bt, an incoming
station is the station that bt started from and
ended at the selected bike station.

For example, if a bt constructed as bs1—bs2 and
our selected bike station is bs2, then incoming
station in bt is bs1.

Definition 4. Given a bike trip bt, an outgoing
station is the station that bt is ended and started
from the selected bike station.

For example, if a bt constructed as bs1—bs2 and
our selected bike station is bsl, then outgoing
station in bt is bs2.

Definition 5. Given a list of bike trips btlist and a
bike station bs, top-n incoming station for bs is
the stations that have n-highest number of trips
from an incoming station to bs.

Definition 6. Given a list of bike trips btlist and a
bike station bs, top-n outgoing station for bs is
the stations that have n-highest number of trips
from bs to an outgoing station.

Definition 7. Given a list of bike stations bslist and
top-n incoming and outgoing stations lists of each
bike station bs in bslist, a station network of
bslist is top-n incoming and outgoing stations for
each station bs in bslist.
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2.3. Station Network Extraction

In this section, the proposed Station Network
(StationNet) algorithm, which is developed using
the basic definitions in Section 3.2, is presented.
The algorithm takes BSS trip dataset as input and
extracts the station network with respect to trip
information in the dataset. The benefit of
StationNet algorithm is that it can extract most
related stations using bike trips in BSS datasets
and flow of the bike users among the city bike
stations could be observed. Algorithm 1 presents
the pseudo code of StationNet algorithm.

Algorithm 1. StationNet Algorithm

Inputs:

D: The BSS trip dataset

S: The bike stations dataset

top-n: Top-n mostly related stations of each station in S

Output:
Network: The station network with top-n most correlated
stations.

Algorithm:

1. Network = [1[1[11]

2. dataset = preprocess-dataset(D)

3. bsList = readDataset(S)

4. for each bike station bs in bsList

5. incomingStation = [], outgoingStation =[]

6. for each bike trip bt in dataset

7. if bs == bt.origin and bs == bt.destination then
8. continue;

9. end if

10.  if bs == bt.origin then
11. outgoingStation.add(bt.destination)
12.  else if bs == bt.destination then

13. incomingStation.add(bt.origin)
14,  endif
15. end for

16. [topNIncomingStations,  topNIncomingWeights
topNOutgoingStations, topNOutgoingWeights] =
extract-top-n-stations(bsList, incomingStation,
outgoingStation, top-n)

17. Network.add(bs, topNIncomingStations,
topNIncomingWeights, topNOutgoingStations,
topNOutgoingWeights)

18.end for

19. return Network

As can be seen in Algorithm 1, the StationNet
algorithm takes BSS trip and station datasets and
top-n value as input and extracts station network
for given datasets. At the first step, network
matrix initialization is performed. At step 2, the
dataset is preprocessed as presented in Section
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2.1.1. At step 3, station dataset is read into bsList
array. At steps between 4 and 18, the station
network extraction is performed for each station.
At steps between 6 and 15, each trip in the dataset
is traversed and incoming and outgoing stations
for selected station are extracted. At steps
between 7 and 9, if selected station bs is at both
start and end station of a bike trip, the trip is
ignored, because the trip information do not add
any value to station network. At steps between 10
and 14, if the trip has selected station as origin,
then destination station of the trip is included in
outgoing list, and if the trip has selected station as
destination, then origin station of the trip is
included in incoming list. At step 16, based on
incoming and outgoing stations list of selected
station, top-n incoming and outgoing stations are
extracted. At step 17, the extracted top-n
incoming and outgoing stations and their
frequencies are added to the station network.
Finally, at step 19, the constructed station network
is returned as the output of StationNet algorithm.

Algorithm 2. extract-top-n-stations function
Inputs:

bsList: The bike stations list
incomingStation: Incoming stations list
outgoingStation: Outgoing stations list
top-n: Top-n mostly related stations

Output:
[topNIncomingStations, topNOutgoingStations]: The
top-n most correlated stations with respect to given
station.

Algorithm:

1. incomingFregArray[], outgoingFregArray[]

2. for each bike station bs in bsList

3. incomingFreq = incomingStation.frequency(bs)

4.  outgoingFreq = outgoingStation.frequency(bs)

5. incomingFregArray.add(incomingFreq)

6. outgoingFregArray.add(outgoingFreq)

7. end for

8. [topNIncomingStations, topNOutgoingStations] =
find-top-n-frequency(bsList, incomingFregArray,
outgoingFregArray)

9. return
topNOutgoingStations]

[topNIncomingStations,

Algorithm 2 takes bike station list bsList,
incoming station list incomingStation, outgoing
station list outgoingStation and top-n value as
input and returns top-n incoming and outgoing
stations. At step between 2 and 7, all stations are
traversed and incoming and outgoing frequencies
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of stations are extracted and saved to an array.
Then, at step 8, the stations that have top-n highest
frequencies with respect to selected station are
determined. Finally, at step 9, the algorithm
returns top-n incoming and outgoing stations.

2.3.1. Analysis of StationNet Algorithm

In this section, CPU utilization, RAM usage and
complexity of StationNet algorithm are
investigated. CPU utilizes 5 threads for running
StationNet algorithm. For 4 quarter year dataset
and for top-n value of 3, the algorithm execution
time on CPU is 242 seconds. Detailed CPU time
usages with respect to algorithm parameters are
provided in experimental evaluation.

RAM usage of StationNet algorithm at the highest
level is approximately 3.4 GB and nearly 80% of
the RAM is utilized for arrays.

Algorithm complexity of StationNet algorithm is
O(n?) because the algorithm contains two nested
loops.

2.4, Station Network Visualization

In this section, the visualization of bike station
network which is extracted by StationNet
algorithm is presented. For visualization
purposes, graph visualization and mapping tools
are preferred which are used for visualizing and
mapping complete station network.

In this study, for visualization of bike station
network, open-source graph visualization tool of
Gephi [29] is preferred due to its several benefits,
such as geographical representation and edge
weighting. Although, Gephi has geographical
representation and map visualization of graphs,
the map visualization ability is not sufficient at
desired level. So, free version of Google Earth Pro
[30] is also used for mapping the graph of the
station network that is outputted from Gephi. The
flow of visualization using Gephi and Google
Earth Pro are presented in Figure 3.

Station Network
StationNet Results as Graph Google Map Results of
Station Coordinates ri Earth Pro Station Network

Figure 3 The visualization flow of the station network

Sakarya University Journal of Science 25(1), 275-287, 2021

As can be seen in Figure 3, first of all, StationNet
algorithm  results and station coordinate
information are given to Gephi and station
network is extracted as a graph. Then, station
network graph is given to Google Earth Pro and
Google Earth Pro maps the graph onto the earth
map with the connections between each station.

At the visualization step, Gephi treated each
station as nodes and each connection between
stations as edges. By this way, a graph is
constructed. Also, the weights of each edge are
given to Gephi as the number of trips originated
from a station to the other. Gephi has the ability
to use geographical coordinates and locate each
node in their corresponding location. For this
purpose, the coordinates of each node (or station)
are given as input to Gephi to correctly locate
each node as shown in Figure 3.

Two different visualizations for a station network
graph is presented in Figure 4. In Figure 4 (a), the
default visualization is used, and there is no
geographical property is used. In Figure 4 (b),
geographical properties of stations are used for
locating each node. As can be seen in Figure 4 (b),
Gephi successfully visualizes station network,
however, a map is missing at the background.
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(b)

Figure 4 (@) The default and (b) geographical
visualization of station network graph by Gephi

Gephi can extract the graphs to various output
formats. One of these formats is KML file which
is the format of Google Earth Pro. For this reason,
the station network graph is extracted as KML file
and given to Google Earth Pro. Figure 5 presents
the output of Google Earth Pro with the station
network that Gephi extracted. As can be seen in
Figure 5, Google Earth Pro could construct the
station network with their edges on a map at
background.

Glenview.
‘!“’

¢ (Evanston

@ghicago

Berly Island

3 “’* —
Google Earth

B

Figure 5 The mapping of station network graph by
Google Earth Pro
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3. RESULTS AND DISCUSSION

In this section, the experimental results of the
proposed station network extraction method are
presented. First, the proposed StationNet
algorithm is evaluated whether it is a scalable
algorithm. Then, network analysis of top-n is
performed with different values that affect
network results. Finally, the results of StationNet
algorithm are evaluated. The experimental setup
of this study is presented in Figure 6.

BSS Dataset Preprocess StationNet Network Results
Station IDs P Algorithm Visualization

top-n

Figure 6 Experimental setup of this study

The experiments are performed on a computer
with Intel Core i7 CPU with 3.40 GHz, and 8 GB
of RAM. The algorithm is written in Java
programming language.

3.1. Scalability Analysis

In this experiment, StationNet algorithm is
evaluated whether it is scalable with the increase
of the number of quarter-year dataset and the
increase of the value of top-n. The number of
quarter-year dataset is selected as 1, 2, 3, and 4
while top-n value is 3. The employed quarter year
datasets and record counts for each number of
dataset are presented in Table 1. The value of top-
n is increased from 2 to 20, by 2 while quarter-
year dataset is 2. The experimental results are
presented in Figures 7 and 8.

Table 1
Dataset description
Number of Quarters

Record Count

Dataset

1 Q1 387146
2 Q1 and Q2 1446828
3 Q1, Q2 and Q3 2960399
4 Q1, Q2,Q3and Q4 3603086
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Figure 7 Runtime of StationNet algorithm for a)
different number of quarter-year dataset, and b)
number of records

As can be seen in Figure 7 a) and b), execution
time of StationNet algorithm increases with the
increase of the number of quarter-year dataset and
the number of records. The increase amount is
highest for 3 quarter-year dataset, because 3"
quarter contains summer months and the bike
usage counts dramatically increase in this season.
As can be seen in Figure 7 a), the increase trend
of StationNet algorithm with respect to the
number of quarter-year dataset could be seen as
scalable because the execution time graphic is
compatible with linear trend line with R? value of
0.9827.

As can be seen in Figure 8, the execution time of
the StationNet algorithm increases with the
increase of top-n value, as expected. When top-n
value is increased, the algorithm tries to find more
stations related to one station in the dataset, and

algorithm increases linearly with the increase of
top-n value.

250 Runtime (sec)  ---oeeeee Linear (Runtime (sec.))

=)
=1
=}
A
"
=
=)
%o
=
in

2

Runtime (sec.)

n
=

2 4 g 8 10 12 14 16 18 20
top-n

Figure 8 Runtime of StationNet algorithm for
different top-n value

As a result of this experiment, StationNet
algorithm could be seen as a scalable and time-
efficient algorithm with respect to given dataset,
because it could successfully handle the increase
of both the dataset and top-n value linearly as
presented in Figures 7 and 8. Although, the
algorithm complexity is O(n?), one of the nested
loops is constant, the loop which traverses all
stations. For this reason, the increase in the
quarter year dataset leads to the linear increase of
the execution time of the algorithm.

3.2. Network Analysis

In this experiment network analyses for different
top-n values are performed. All quarters of the
dataset, i.e. Q1, Q2, Q3 and Q4, are used in this
experiment with a total of nearly 3,6 million
records. top-n value is selected as 1, 2, 3, 5, 10,
and 20 and the results of StationNet algorithm is
evaluated for each top-n value. Table 2 presents
statistics and network properties for each top-n
value. Also, Figure 9 presents the station network
for each top-n value.

Table 2
Network properties for different top-n values

top-n top-n top-n top-n top-n  top-n
=1 =2 =3 =5 =10 =20

Number of 604 604 604 604 604 604

thus the execution time increases. The increase Nodes
trend of the algorithm with respect to top-n value Number of 1027 1962 2871 4673 8924 14803
is compatible with linear trend line with R? value Edges
of 0.9915, because, the execution time of the EI?)%ESS /1700 3.248 4.753 7.737 14.775 24.508
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Graph 0.003 0.005 0.008 0.013 0.024 0.039 ) \ topn=20
Density

Modularity 0.843 0.779 0.746 0.706 0.64 0.568

Average 1.681 3.206 4.692 7.635 14.581 24.031

Degree

Network 29 25 17 11 9 6

Diameter

Average 9.014 8.302 5.908 4.489 3431 2.829
Path
Length

Average 0.069 0.274 0.294 0.3 0.31 0.307
Clustering
Coefficient

b top-n=1

Figure 9 The station network visualization for
different top-n values

As can be seen in Table 2, the number of nodes is
constant, while the number of edges increase with
the increase of top-n value. However, the increase
ratio is not linear, which can be observed in Edges
/ Nodes ratio, due to the reason that some stations
do not have enough number of correlated stations.
Graph density, average degree, and average
clustering coefficient increases with the increase
of top-n value because the network becomes more
complex with the increase of top-n value.
Contrarily, modularity, network diameter, and
average path length decreases with the increase of
top-n value, because these properties are related
with connectedness of the networks.

BEH
Ot'\tt‘ﬂl‘zi
.—.\h.'d o~y
:).u se o

As can be seen in Figure 9, the station network
gets more complex with the increase of the top-n
value. More edges are constructed between
stations due to the increase of top-n value.
However, when top-n value is increased
unnecessarily, the network becomes non-
functional and nearly all nodes are connected
together. When all networks are investigated, the
central of Chicago have high density of edges
compared to other locations.

3.3. Evaluation of the Results

In this experiment, the results of StationNet
algorithm are evaluated. The number of quarter-
year dataset is selected as 4 and top-n value is
selected as 5. First, the station network is

Sakarya University Journal of Science 25(1), 275-287, 2021 283
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visualized with the edges on a map. Second, the
most central 10 stations that have highest
incoming and outgoing edges are extracted and
presented on a map.

As can be seen in Figure 10, the station network
is clustered around the central of Chicago and
near the bay area. Also, local clusters are observed
near Oak Park, Ravenswood, Washington Park,
and Clybourn train station.

Google Earth

Figure 10 The station network shown on a map

Table 3 and Figure 11 presents the most central
10 stations that have highest number of edges. As
can be seen in Table 3, some stations have higher
outgoing edges, and other stations have higher
incoming edges. For example, station 192 have 75
outgoing edges and 65 incoming edges. This
means that station 192 is more preferred as an
origin station. Also, the total edge counts of these
10 stations show that these stations are strongly
linked with other stations in the network.

Table 3
The most central 10 stations that have the highest
outgoing and incoming edges

# StationID  Outgoing Incoming  Total
1 192 75 65 140
2 77 65 69 134
3 9 64 67 131
4 35 46 51 97
5 344 43 43 86
6 69 36 34 70
7 133 28 39 67
8 58 36 30 66
9 239 29 31 60
10 174 26 33 59
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Figure 11 The most central 10 stations (red points)
and other stations (green points) on a map

In Figure 11, the most central stations are
presented as red points and other stations are
presented as green points. As can be seen in the
figure, the most central stations are within the
center of the Chicago city and these stations are in
between other stations. Five of these stations are
clustered at the city center. Other stations are
distributed among the center and northern parts of
the city. As a result, the bike users tend to visit
these stations more frequent than other stations
for starting or finishing their bike trips due to their
various reasons.

4. CONCLUSIONS

BSS provide city residents a new transportation
system while providing them a way to do sports
and reach their desired destinations in the cities at
the same time. The widespread use of BSS
resulted a big dataset and a new knowledge
platform about the citizen behavior in cities. The
researchers utilized BSS datasets for various
purposes, including behavioral analysis of city
residents, urban pattern analysis of BSS users, and
extraction of network analysis between bike
stations based on the usage characteristics and
utilization of these stations.

This study focuses on developing a novel
algorithm for extraction of bike station networks
on BSS big datasets. The proposed algorithm is
designed to handle and to effectively run on BSS
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big datasets. Also, a new approach is utilized to
visualize extracted bike station network which
use Gephi and Google Earth Pro visualization and
mapping tools sequentially to visualize network
interaction of bike stations on a map. The
proposed bike station network extraction and
visualization method is experimentally evaluated
on Chicago Divvy Bikes BSS big dataset. The
experimental results show that the proposed bike
station network extraction algorithm of
StationNet algorithm is scalable with the increase
of the dataset size for given BSS big dataset and
the algorithm could successfully extract bike
station network of given BSS big dataset. Also,
visualization tools are seen as beneficial of
understanding the network structure of the
StationNet algorithm.

A limitation of this study is that, this study does
not exclude low profile stations, which brings
extra complexity to the algorithm. Also, the
mapping of all station network leads to
complicated visualization and each station could
not be observed separately.

For the future studies, the community detection
from the results of StationNet algorithm could be
performed. Also, spatial and temporal analyses of
bike station networks could be applied on BSS big
datasets. The extraction and visualization of bike
station networks in BSS datasets could be
performed using big data technologies, such as
Hadoop MapReduce and cloud computing
resources.
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