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ABSTRACT
Social media, traffic sensors, GPS trajectories, and location-based
social network data provide diverse spatio-temporal information
sources that help to detect and analysis spatio-temporal events.
Nowadays, bike sharing systems are active all over the world in ma-
jor cities, and collecting a large amount of data regarding trips taken
by users and status of the stations. Through analysis of the data
aggregated by bike sharing systems, one can gain an understanding
of crowd/commuter movements and behaviors. However, no one
has used only the bike sharing data for generic event detection.

In this paper, we propose a clustering-based detection method to
identify spatiotemporal events that deviate from normal or regular
everyday life using publicly available bike sharing data. In partic-
ular, we apply spectral clustering on bike station and bike flow
data as evolving graphs and monitor changes of the bike share net-
work (edge/node values) over time. Our proposed method decides
whether a cluster is expected or anomalous (unusual). When a clus-
ter is anomalous, there is an unusual event occurring at that time
instance. Preliminary results on 6-months of data from Philadel-
phia and Washington DC are used to show the feasibility of our
proposed method. In particular, our preliminary results show that
some signatures of local (and less prominent) events (e.g., university
events/activities in an urban area) can show up when bike sharing
data is utilized for generic event detection.

CCS CONCEPTS
• Computing methodologies → Anomaly detection; • Infor-
mation systems → Spatial-temporal systems; Data mining.
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1 INTRODUCTION
Many different types of data such as twitter data [11, 20, 22], mo-
bility and trajectory data [17, 21, 24], mobile phone call detail
records [5, 6], general social media data [25] can be used for spa-
tial or spatiotemporal event detection and analysis. Recently, there
are new interests in how bike sharing data can be used for spe-
cific spatiotemporal event detection such as vehicle illegal parking
events [7] and also to use with other data sources for anomaly
detection in an urban area [24].

Bike sharing systems have been in existence for almost sixty
years, but in the past two decades they have risen in popularity [10].
Today these bike sharing systems are active all over the world in
major cities, and collect a large amount of data regarding trips taken
by users and status of the stations. Through analysis of the data
aggregated by bike sharing systems, we can gain an understanding
of crowd/commuter movements and behaviors [16, 27]. This will
also allow cities to plan in advance for crowd movements and
events that attract the attention and movement of citizens. Cities
can use insights to better plan for events and their entailing crowd
movements. Such information can aid in the proper planning and
allocation of resources, such as security forces, public transportation
and event advertising. Improving the flow and safety of crowd
movement.

Additionally, analysis of this data historically can be paired with
real time station reported data to identify anomalous behavior. A
rapid influx to an area could indicate a spontaneous event, perhaps a
celebration or riot, that warrants additional resources to be diverted
to that area to maintain safety. On the contrary a rapid anomalous
out flow from an area could indicate there is a dangerous event
warranting immediate response. Such detection can provide early
warnings that an event may be occurring allowing for faster re-
sponse times, early warnings to dangerous events such as terrorism
could prove life saving.

In this paper, we propose a clustering-based detection method
to identify spatiotemporal events that deviate from normal or reg-
ular everyday life using publicly available bike sharing data. In
particular, we apply spectral clustering on bike station and bike
flow data as evolving graphs and monitor changes of the bike share
network (edge/node values) over time. Our proposed method de-
cides whether a cluster is expected or anomalous. When a cluster is
anomalous, there is an interesting event occurs at that time instance.
We apply our proposed method to two major bike sharing systems
in the United States of America; Washington, DC and Philadelphia,
PA.

While Zheng et al. [26] proposed using bike sharing data together
with 311 complaints data, taxicab data, points of interest data, and
road network data for anomaly detection, to collectively identify
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anomaly in an urban area (e.g., New York City), anomaly signatures
that only show up in one dataset may be ignored. Also, He et al. [7]
used bike sharing data for the specific tasks of detecting vehicle
illegal parking. To the best of the authors’ knowledge, there is
no previous work on whether one can detect generic local events
using ONLY bike sharing system data. Here, our preliminary results
show that some signatures of local (and less prominent) events (e.g.,
school events/activities in an urban area) can show up when bike
sharing data is utilized for event detection.

The layout of the remainder of this paper is as follows: Sec-
tion 2 describes briefly some related work. Section 3 provides the
methodology and history of the algorithm, Section 4 provides the
background on the data used in this paper. Section 5 provides the
results and discusses the events that have been flagged. Section 6
discusses and describes some of the issues related the our detection
task. Section 7 provides conclusions and future work.

2 RELATEDWORK
Social media, traffic sensors, GPS trajectories, and location-based
social network data provide diverse spatio-temporal information
sources that help to detect and analysis spatio-temporal events. For
example, many techniques have been proposed for event detection
from twitter data [2] (and reference therein). Recently, Suma et
al [18] proposed an automated process that uses Twitter data to
discover congestion and events in London. To detect traffic events
such as congestion, accidents, delays, and traffic jams, wireless
sensor network data have been widely used [14]. Social events can
be detected using taxi traces [24]. Traffic congestion and accidents
can also be detected from vehicle GPS traces [4]. Aoki et al. [1]
proposed using bus GPS traces to predict events such as traffic
congestion before the events become more severe. Dong et al. [6]
proposed using mobile phone call data record to predict unusual
crowded events.

They are many challenges in bike-sharing systems. For exam-
ple, there are issues related to best placement of bikes to optimize
usage, handling rush hour usage, rebalancing overnight to pre-
pare for next day usage, etc. Data driven approaches using bike
sharing system data have been proposed to solve these problems
using publicly available system data [15]. Earlier work rely on as-
sumptions when the bike-sharing systems did not release their
trip data [13]. However, the bike sharing system data have becom-
ing publicly available. Hence, most proposed approaches are now
data driven. Gan et al. [9] proposed new approaches to position
different bike stations [9]. Yang et al. [23] propose a new mobility
modeling and prediction method which can help to solve the bike
rebalancing problem. Recently, graph convolutional neural network
approach has been proposed to predict bike demand at individual
stations [12].

3 METHODOLOGY
In Section 3.1, we describe how the bike sharing data are trans-
formed to graphs. Section 3.2 describes how spectral clustering is
used to partition the bike stations into clustering from the graph
representation derived from the bike sharing data. We present and
discuss the event detection algorithm in Section 3.3.

3.1 Representing Network of Bike Stations as
Evolving Graphs

In this paper, we represent the bike sharing systems in cities as
evolving graphs. The nodes of these graphs being bicycle stations
and edges being the number of bikes that travel between the two
connected stations during a given time interval. The evolving
graphs are represented by adjacency matrices that correspond to
individual days. In order to use spectral clustering [8] to partition
the graphs, we create an undirected matrix that corresponds to
each day. We use spectral clustering as its use of adjacency matrices
naturally lends itself to work with graphs.

Figure 1: Visual Representation of 3 bike stations (A, B, C)
as an undirected graph with the edge value represent the
movement of bikes between 2 stations and the correspond-
ingmatrix representation.Note that in this example, no bike
returns to its own station.

We then calculate the affinity matrix that corresponds to our
generated matrix. For our proposed approach, we use the number
of trips between stations as our partitioning variable. The affinity
matrix represents the amount of activity two stations have to each
other. Figure 1 shows an example of the graphs of 3 bike stations
and the corresponding undirected matrix representation.

A s × s affinity matrix is generated to represent a single day’s
activity such that s is the number of bike stations. We will create as
many matrices as allowed within our data set. Each row vector in
these matrices represents a single station’s relation to every other
station within the system. Our goal is to figure out which stations
have similar interactions and assume based on those interactions,
the real world relation of these stations. We hypothesize that the
relations of different areas of a city are expressed in relations of
their bike stations, and that unexpected (flow) changes in the bike
stations expressed relation is indicative of an unexpected crowd
movement in the broader city.

3.2 Spectral Clustering to Partition related
Bike Stations

Spectral clustering has been widely used in recent years especially
on graph represented as a matrix [19]. It was popularized by Shi
and Malik [8] with their work on image segmentation. Primarily,
spectral clustering relies on the Laplacian matrix of a graph and
determining the eigenvectors in order to create partitions. There
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are many research work on spectral clustering algorithm for large
scale clustering [3]

Once the matrices described in Section 3.1 are created and prop-
erly formatted, we apply spectral clustering to determine how we
can partition the bike stations. We apply spectral clustering with
varying number of allowed clusters. Our research currently focuses
on setting the maximum to two clusters and we intend to later
expand upon this. The reasoning of why we use two clusters is
because the matrices are primarily sparse in nature. Because when
there are too few activities to track, the partitioning becomes purely
spatial. Moreover, with two clusters, there will be one dominating
cluster representing the normal behavior and a smaller cluster that
may contain interesting events. Note that when the bike stations
in the smaller cluster are projected back to the spatial dimension,
they may not be close to each other.

3.3 Event Detection Algorithm
Next, we calculate the spatial (latitude and longitude) center of
every cluster using an unweighted average of each cluster member
station’s spatial location. Then, we calculate the center of each
previously calculated clusters’ midpoints. We track the anomaly
score defined by the distance between the city’s center and the
clusters’ average midpoint as it evolves over the given time interval.

The tracking of the midpoints’ differences yields a 1-D time-
series, with data at each time increment used to produce a matrix.
An event is detected based on a threshold value assuming a Gauss-
ian distribution for the midpoints’ differences. The threshold is
chosen based on standard deviation according to the user-defined
confidence. For example, a threshold chosen at 2 times the standard
deviation will have at least 95% confidence that the detected event
is a significant event and a threshold chosen at 3 times the standard
deviation will have at least 99.7% confidence.

Algorithm 1 summarizes the steps taken to detect an event. In
step 1, a spectral clustering algorithm, Spec_Clust is used to cluster
the bike station given the generated affinity matrix, M and the
pre-defined number of clusters, nc . C consists of nc partitions of
the bike stations using spectral clustering. Step 2 to 4 compute the
spatial center,mpi , of each cluster using ci which consists of all
the bike stations in a cluster of index i . Step 5 computes the center
cen of all the cluster centers,mpi , i = 1, · · · ,nc . Step 6 computes
the anomaly score, AS , which corresponds to the Euclidean norm
(distance) between the city center and the center of the cluster
centers. Step 7 to 9 is the thresholding detection procedure using
threshold value T described above.

4 DATA
We tested our algorithm on two different cities major bike sharing
systems in the United States of America: Washington, DC and
Philadelphia, PA. The first system we selected was Philadelphia’s
Indego bike system first released in 2015. Indego BikeShare has
over 130 available stations and over 1,000 bikes1. Figure 2 shows the
station locations for Philadelphia’s Indego bike sharing system. The
second system we have selected is Washington DC’s Capital bike
sharing system 2. It has over 500 rental stations and has over 4,300

1https://www.rideindego.com/about/data/
2https://www.capitalbikeshare.com/system-data

Algorithm 1 Event Detection Algorithm (at One Time Instance)
Input: Affinity matrix,M ; number of clusters, nc; city center, ct .
1: C = Spect_Clust(nc,M)

2: for ci ∈ C do
3: mpi =midpoint(ci )
4: end for
5: cen =

∑nc
i=1mpi
nc

6: AS = | |cen − ct | |2
7: if AS > T then
8: Signal the likelihood of unusual event.
9: end if

Figure 2: Station Layout of Philadelphia’s Indego Bike Shar-
ing System.

Figure 3: Station Layout of Washington DC’s Capital Bike
Sharing System.

bikes for citizens to use at their convenience. This system is rather
unique because it’s reach is across seven different jurisdictions:
Washington, DC.; Arlington, VA; Alexandria, VA; Montgomery,
MD; Prince George’s County, MD; Fairfax County, VA; and the
City of Falls Church, VA. Figure 3 shows the station locations for
Washongton DC’s Capital bike sharing system.

These systems have two main forms of data, Trip History Data
(THD) and Real-Time Station Information Data (RSID). The THD
is easily accessible from BikeShare system websites as standard lo-
cated under System Data. This data details specific trip information
which we aggregate to build our evolving graphs. In the interest of
privacy we only analyze the date, and the start and end location of
the trip. RSID however is more difficult to obtain. We set up a server
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Figure 4: Event Detection for Philadelphia for a 6-month
evolving graph time series

with a MongoDB database that every minute would access the API
of each BikeShare system we are collecting from and storing the
response JSON. Each system has an API for its RSID to accessed,
this API follows the General BikeShare Feed Specification (GBFS)
as defined by the North American BikeShare Assocation (NABSA).
The primary information conveyed by the GBFS is the number of
bikes available at a given station at a given time.

After we had conducted our analysis and identified events, we
sought to investigate confirmation from real world sources. To
investigate what events had occurred at the given time of interest
we used news sources, event websites and area college schedules
to locate probable events that corresponded to our findings.

5 EXPERIMENTAL RESULTS
We present our preliminary results here. First, we analyzed Philadel-
phia’s BikeShare data. Figure 4 shows our detection method iden-
tifying eight significant events over a six month period using a
threshold of three standard deviations (Upper red line) from the
mean (Lower line). Figure 5 shows two examples of 2-cluster rep-
resentation for Philadelphia during a normal day. The variance of
each cluster is spread wider than when there is a single significant
local event (see Figure 6, 7, and 8).

Seven of these anomalies (unusual events), we were unable to
find insights on, though we believe with better search tools we will
be able to. As of now, we see a common trend of these anomalies
residing in the same relative area. We also believe that some anom-
alies may be ‘silent’ in that they will not be noteworthy events, but
instead significant activities at (or near) some stations. Our plan
to combat these ‘silent’ anomalies is to spatially group station re-
gionally. This will reduce single station noise and improve broader
crowd flow identification. The clustering on the graph from the first
anomaly seen in the time series (in Figure 4) shows that the area
with unusual activities is concentrated around Drexel University
as shown in Figure 6. However, we were unable to link a known
event to the unusual activity.

Figure 5: Two examples of normal 2-clusters representation
for Philadelphia based on Spectral Clustering.

For the other anomalies that have appeared in our algorithm,
theymaintain similar positions throughout the range of days. Figure
7 and 8 shows two results of spectral clustering projected to the
spatial dimensions for two other unusual events (or activities) near
Drexel University. It is interesting that unusual events are detected
near the University which could be used to explain and discover
student behavior and activities. Also, bike sharing may be a popular
mean of transportation for college students in a city.

For Washington DC, our preliminary experimentation fails to
find the correct number of clusters to be used for our proposed
method to detect unusual events with conclusive evidence or ex-
planation. We experimented with higher number of clusters but
unable to find a confirmation of events or explanation for event
detection. This could be due to much larger spatial area and more
variation in the bike sharing pattern. One potential solution is to
partition the Washington DC into smaller regions to detect unusual
events. Figure 9, 10, 11 show the event detection algorithm using
a threshold of three standard deviations applied to 6-months of
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Figure 6: Detecting Unusual Activity Around Drexel Univer-
sity in Philadelphia in January

Figure 7: Detecting Unusual Activity Around Drexel Univer-
sity in February

DC dataset as the number of clusters varies from 4 to 6. The six
different colors in the time series represent the six months.

6 DISCUSSIONS
In our experimentation we encountered noisy data, infrequently
updated data, and difficulties in finding explanations for detected
events.

6.1 Data Issue
A major issue found in bike sharing systems is that they are not
significantly popular in most locations. We collected data from
several large cities, but have found most cities’ systems do not
have enough station activity to be able to rely on their data as an
accurate reflection of real world movements and not noise. These
low activity stations commonly only see a single digit number of

Figure 8: Detecting Unusual Activity Around Drexel Univer-
sity in March

Figure 9: Event Detection for Washington DC for a 6-month
evolving graph time series when nc = 4.

interactions in a day with its busiest stations. We would prefer to
see at least a near double digit interaction every day-time hour of a
system’s busiest stations. A high level of activity is critical to avoid
false positives though chance behaviors adding too much noise to
analysis and distracting from true anomalies, such as a group of
friends spontaneously renting out many bikes.

Bike sharing data for Washington DC and New York Cities pro-
vide richer data. However, the spatial extent of two bike share
systems are significantly larger. One possible solution is to par-
tition the bike stations into regions and to represent bike flow
between regions. Another solution is to partition the bike stations
into regions and perform the event detection locally.
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Figure 10: EventDetection forWashingtonDC for a 6-month
evolving graph time series when nc = 5.

Figure 11: EventDetection forWashingtonDC for a 6-month
evolving graph time series when nc = 6.

6.2 Detected Event Explanation
Another major problem that we encountered was accounting for the
detected events/activities. Wewere often able to detect events in our
time series, but we were rarely able to identify the explanation that
caused the detection. Due to the real world nature of the problem
we cannot be sure if these detection are false or true positives.
Perhaps there are new sources that we missed in searching for an
explanation or that an unreported event did occur. It may also be the
case that ourmodel has a high false positive rate and detected events
in fact do not reflect real world events. Moreover, it is challenging
to establish ground-truth for proper performance evaluation of the
proposed method.

7 CONCLUSIONS AND FUTUREWORK
Wepropose a novelmethod for themonitoring of usual events/activities
in urban environments through the use of publicly accessible bike
sharing data, spectral clustering and threshold-based detection.
Preliminary results on 6-months of data from Philadelphia and
Washington DC are used to show the feasibility of our proposed
method.

Currently we struggle to identify the explanation for the de-
tected event. We plan to build an explainable event/activity detec-
tion system that not only detects, but explains events. We will link
our event detection method with various data sources to enable
finding meaning within these events. We plan to (i) increase the
number of clusters we analyze as well and (ii) split the bike stations
into regional partitions for detection and analysis. This will prove
especially useful for larger and more diverse systems such as Wash-
ington’s Capital BikeShare. We intend to increase the number of
cities we analyze to ensure that our method operates on diverse
data sets. Further, while our main focus as far as data is to use
BikeShare systems we are interested in observing other forms of
evolving graph data sets. Lastly, we intend to move our method
from a historical analysis to a real-time analysis system.
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