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Abstract—Spatial outliers are objects having a behavior sig-
nificantly different from their spatial neighbors, in a context
where neighbors are heavily correlated. Moran scatterplot is a
well-known method that exploits similarity between neighbors in
order to detect spatial outliers. In this paper, we proposed first an
improved version of Moran scatterplot, using a robust distance
metric called Gower’s similarity. We used the new version of
Moran scatterplot to study the homogeneity of the Parisian bike
sharing system (Velib). We carried out different experiments on
a real dataset issued from the Velib system. We identified many
spatial outliers stations, very different from their neighboring
stations (often with much more available bikes or with much
more empty docks during the day). Then, we designed and
tested a new method that globally improves the distribution
of the resources (bikes and docks) among bike stations. This
method is motivated by the existence of spatial outliers stations.
It relies on a local small change in users behaviors, by adapting
their trips to resources’ availability around their departure and
arrival stations. Results show that, even with a partial users
collaboration, the proposed method enhances significantly the
global homogeneity of the bike sharing system and therefore the
users’ satisfaction.

Index Terms—Outliers detection, spatial data mining, Moran
scatterplot, Gower’s coefficient, robust distance.

I. INTRODUCTION

Outliers are defined as dataset observations that are incon-
sistent with the remainder of the dataset. The identification
of outliers has practical applications in many areas, such as
intrusion detection, fraud detection, fault detection and medical
informatics (see [1] for a survey). Outliers detection is also an
important feature in the data analysis process. It aims to detect
abnormal patterns and leads to the identification of unusual
phenomena, and to new knowledge concerning the monitored
environment. Data quality can also be improved using outliers
detection. As an example, in [2] authors enhance the robustness
of the data analysis by detecting and replacing of erroneous
values so that the results are no longer affected by the defective
data.

To isolate outliers is it necessary to first characterize the
normal observations, which can be provided by the past values
of the same object or by the current values issued from other
objects in the neighborhood. In this latter case, the outlier is
said spatial. In a spatial context, each data is defined with

two categories of attributes: spatial attributes and non-spatial
attributes. Spatial attributes include the shape, position, and
other topological characteristics of the sensor, and they are used
to define the neighborhood of the spatial object. Non-spatial
attributes include the ID, manufacturer, age, and sensor measure
(called behavioral attribute). A spatial outlier represents a local
instability and is only compared to the surrounding dataset [3].
This is based on the rule: ‘Everything is related to everything
else, but nearby things are more related than distant things’
[4]. Spatial outliers detection is used in many applications,
such as the detection of abnormal highway traffic patterns [5],
the identification of disease outbreaks [6], the detection of
tornadoes and hurricanes [7] and the identification of urban
soils pollution [8].

Several algorithms have been developed to detect the outliers
in a spatial context. They can be classified into two categories:
graphical-based algorithms, and quantitative-based algorithms.
Graphical-based algorithms are based on the visualization. They
present for each spatial point the distribution of its neighbors
and identify outliers as points in specific regions. This category
includes variogram cloud, pocket plot, scatterplot, and Moran
scatterplot methods. Quantitative-based algorithms perform
statistical tests to distinguish the outliers from the rest of the
data. These methods include z algorithm, iterative r, iterative z
and median algorithm.

Scatterplot represents the data in a two-dimensional space
where the X-axis represents the values of the non-spatial
attribute (the observable) of each object and the Y-axis
represents the mean value of the neighbors of this object. A
regression line is used to identify outliers points [9]. Variogram
Cloud [10] compares the distance between the spatial attributes
to the distance between non-spatial attributes. It displays
a scatterplot between the spatial distance (X-axis) and the
difference of the observable values (Y-axis) for each pair of
points in the dataset. Outliers are identified as pairs of points
having a small spatial distance and a big difference for the
observables measurements.

The Z statistic approach [11] is one of the most known
quantitative-based algorithms for spatial outliers detection. For



each spatial object x, Sx denotes the difference between the
attribute value of x and the average attribute value of its
spatial neighbors. Spatial outliers are simply identified using
a threshold based on µs and σs which respectively represent
the mean and the standard deviation of the attribute value of
S over all the spatial objects.

In [12] authors propose two iterative algorithms (iterative r
and iterative z) for the detection of spatial outliers. These
algorithms detect the outliers on several iterations. Each
iteration detects a single outlier and modifies its value in
order to reduce its negative impact on its neighbors in the next
iteration.

We apply in this paper the spatial outliers problem to a
particular case study: the evaluation of a balancing mechanism
in Bike Sharing Systems (BSS). Nowadays, public authorities
are more and more encouraging this ecological mean of
transport by expanding the BSS to the suburbs and building new
bike paths. Since its launch in 2007, Velib (the Bike Sharing
System -BSS- in Paris) has emerged in the Parisian landscape
and has been a model for similar systems in many international
cities. Velib provides a significant proportion of people travels
as it daily ensures about 110,000 trips. It involves about 1800
stations with an average distance of 300 meters.

A major problem in the Velib system and in BSS in general,
is the problem of empty stations and full stations caused by the
asymmetric attendance to the stations. According to the annual
satisfaction survey of Velib, only 50% of users are satisfied
with the availability of bikes and docks in the stations [13].
Despite the performed regulation (moved bikes using trucks),
users often find themselves in front of stations that are totally
full or empty.

In most cities, operators provide open access to real-time
status reports on their bike stations. Several studies show the
interest of using these data (Froelich et al. [14] and Borgnat et
al. [15], Vogel and Mattfeld [16]). Their main objective is to
understand and characterize the behavior of the users in order
to help in designing and planning policy in urban transportation.
Among these studies, one can cite the partition of the BSS
stations into several classes using different clustering algorithms
(see [17] and [18] for more details). Other studies, performed
a classification of the flows of trips as analysis of the trips in
the Velo’v system in Lyon proposed by Borgnat et al. in [15].

We focus, in this work, on the problematic Velib stations
which are often almost empty or almost full. First, we use an
adapted version of Moran scatterplot to explore and characterize
the neighborhood of such stations. For this purpose, we
introduce Gower’s similarity to evaluate the similarity between
Velib stations using their capacities and the geographical
distance. Results show a local heterogeneity in Velib station: in
a small area, bikes availability is often very variable, depending
on the station. This local heterogeneity motivates the second
part of this paper, where we propose a new method that
naturally enhances resources’ distribution among the Velib

stations. It is an incitative mechanism based on a local small
change in users trips. In this natural regulation, users are
redirected to another station in the neighborhood to locally
reduce stations heterogeneity. Experiments, using real data trips,
show the effectiveness of the proposed solution. Even with a
partial users collaboration, it reduces significantly the number
of problematic stations and decreases globally the duration of
stations invalidity.

The rest of the paper is organized as follows. We describe
in Section II the data used in this work, and we highlight the
main problem of Velib system. In Section III, we describe
the so-called Moran scatterplot technique and the proposed
adaption to the Velib context. We also detail in this section the
experiments carried out to illustrate Velib system heterogeneity.
In Section IV, we present and validate our new solution to
balance the Velib system and to improve bikes distribution
among the stations.

II. DATASET DESCRIPTION AND PROBLEM DEFINITION

In order to promote innovation and collaboration with
scientists, different kinds of data relative to the Velib system
are "Open Data", available for the research community. We
performed all the experiments presented in this paper on these
datasets.

First, we have the static data describing the Velib stations.
They consist of spatial attributes: the geo-coordinates of the
station (latitude and longitude), and non-spatial attributes: ID
of the station and its capacity (total number of docks).

Then, we have the dynamic data which are of two kinds:
occupancy data and trip data. Occupancy data depict the number
of bikes present in each station for each timestamp t and they
are provided in real time. This parameter is varying during
the day and is closely dependent on users activity. Trip data
represent the data corresponding to the trips of Velib’ users. A
trip is characterized by a departure and arrival timestamp, and
a departure and arrival station. The analysis of several months
of trips showed a very strong periodicity, so the trips can be
divided into two main categories: the working days and the
weekends. Two days of the same category are very similar.
That is why we used a single day trips in our experiments.
We focus in this paper on the working days and we choose
to analyze 24 hours trips: trips that took place on Thursday,
October, the 31st, 2013. This duration includes: 121, 709 trips,
involving 1226 Velib stations. 1.03% of the trips are related
to maintenance (bikes taken for repair) and 1.48% are trips of
regulation (bikes moved by trucks).

According to many research studies ([19], [20] and [18]),
the Velib system has some weaknesses caused by the strong
attractiveness of some stations that can be explained by their
location near a railway station or a monument or business area.
Such stations are very often completely empty (no available
bike) or completely full (no available dock to put a bike).



Despite the performed regulation (bikes moved by trucks), the
system is still unbalanced, causing users dissatisfaction.

The unbalanced stations are referred to as problematic
stations. More precisely we introduce the following definition:
a station is said problematic at a timestamp t if its occupancy
rate is under 10% or more than 90%. The occupancy rate of
the station, at a timestamp t, is defined as follows:

occupancy rate t =
Number of bikes present at t

Capacity of the station
×100%

Our objective is to improve resources’ availability in the
Velib system by reducing the number of problematic stations.
For this purpose, we propose and test in Section IV a new
incitative method, based on a natural and ecological regulation
performed by Velib users. The main idea behind the proposed
method is to balance the global system by performing small
changes in the trips in small local areas. A preliminary study
is provided in Section III to check the existence of several
isolated problematic stations. In other words, the aim of this
part is to show that around a given problematic station (in a
distance smaller than 500 meters), there are many balanced
stations (with an occupancy rate around 50%), which make
it possible for Velib users to balance this problematic station
by slightly changing their trips (with an award, extra-time for
example).

III. SPATIAL OUTLIERS DETECTION WITH AN IMPROVED
MORAN SCATTERPLOT

The objective of this section is to estimate the number of
isolated problematic stations at a given timestamp t, which
motivates the incitative method detailed in the following
Section. Such station satisfies both following conditions: First,
it is almost empty or almost full at timestamp t. Second,
its occupancy rate is significantly different from the average
occupancy of the neighboring stations at the same timestamp t.
Thus, the isolated problematic stations are among the spatial
outliers.

In order to detect spatial outliers, we opted to use Moran
scatterplot [21] that we adapted to the specificities of our
context.

A. Moran scatterplot

Moran scatterplot [21] illustrates the similarity between an
observed value and its neighboring observations. It measures
the global spatial autocorrelation over a geographical area, the
well-known Moran’s I.

Let us denote by Z = {zi : 1 ≤ i ≤ n} the set of
the different values of the considered observable at a fixed
given time t, in n different locations. For each location, the
neighborhood is defined based on the geographical distance.
Moran scatterplot visualizes the relationship between the values
zi and their neighborhood average Wi.Z, where W is a weight
matrix that defines a local neighborhood around each location.

The observations Z (x-axis) and W.Z (y-axis) are represented
by their standardized values.

Moran scatterplot contains four quadrants, corresponding
to four types of spatial correlation. The upper-right and
lower-left quadrants consist of the locations with positive
spatial correlation: association between similar values. In the
upper-right quadrant, the high values are surrounded by high
neighbors values, while in the lower-left quadrant, the low
values are surrounded by low neighbors values.

The upper-left and lower-right quadrants incorporate the
locations with negative spatial correlation: association between
dissimilar values. The upper-left quadrant contains low values
surrounded by high neighbors values, while the lower-right
quadrant contains high values surrounded by low neighbors
values.The objects located in these two quadrants are considered
as spatial outliers and can be identified by the statistical test
function:

Zi ×
∑
j

wijZj < 0

W is the contiguity matrix of weights. It indicates the spatial
relationship between every couple of objects. W is also called
the row-normalized neighborhood matrix. It is based on a
threshold d of the geographical distance: i and j are considered
as neighbors if and only if 0 ≤ dij ≤ d, where dij is the
distance between i and j. Moreover, all the neighbors of i are
equivalent and have the same impact on the calculation of the
neighborhood average Wi.Z.

Thus, the contiguity matrix W is given by:

wij =

{ 1
Number of neighbors of i , if 0 ≤ dij ≤ d
0, otherwise.

(1)

To apply Moran scatterplot to the context of Velib, one
has to estimate the crucial parameter d, which represents the
highest distance between two neighboring Velib stations. The
choice of d has to achieve the following trade-off: On the one
hand, this distance has to be small enough to let the users
slightly change their trips at a local scale, and on the other
hand, it has to be high to make sure that most stations have a
reasonable number of neighboring stations. Velib stations are
generally close to each other and concentrated in the center of
Paris and near attractive locations whereas they are distant in
the suburbs.

To address this problem, we plotted in Figure 1 the
distribution of the number of neighbors for all the Velib stations.
We tested different values for the threshold distance d (300,
400 and 500 meters). According to Figure 1, a distance of 400
meters is reasonable as, in this case, a given Velib station has on
average about 5 neighboring stations. Moreover, with d = 400,
Only 4.4% of the stations do not have any neighboring station.

However, when detecting spatial outliers, the assumption that
all the neighbors have the same impact on the neighborhood



Fig. 1. Distribution of the number of neighbors

average may lead to missing some true spatial outliers. In
the dataset described in section II, there are 1226 stations.
As plotted in Figure 2, the capacity of the stations is highly
variable between 8 and 114 bikes, with an average of about
31 bikes. As Velib stations have different capacities, we
defined the occupancy rate in order to compare normalized
bikes availability in these stations. The key idea is that two
neighboring stations should have almost the same occupancy
rate if they have similar capacities. That is why the capacity
of the station has to be taken into account when calculating
neighborhood occupancy average.

Fig. 2. Distribution of the capacity of stations

B. Improvement of Moran scatterplot using Gower’s coefficient

We will replace W with a new weight matrix W̃ also based
on the degree of similarity between the station i and the
corresponding neighboring stations. This new matrix will take
into account the distance and also the difference of capacities
between a station and its neighbors. The set Ni of neighbors
of station i is defined as previously by the stations with a
maximal distance d from station i.

In order to measure the similarity degree between two spatial
objects, the Euclidean distance is most often used. However,
in our case, the use of this distance is inappropriate since
the location and capacity attributes are measured on different
scales.

Hence, we propose to use the Gower’s coefficient [22]
to calculate the similarity between two stations. Gower’s
coefficient is a similarity measure which computes the distance
between two instances on each attribute k, and then aggregates
all of them to finally calculate the similarity degree.

Gower’s similarity degree GOWERij between two stations
i and j is defined by:

GOWERij =

∑n
k=1Wijk × Sijk∑n

k=1Wijk
(2)

where

• Wijk is the weight associated to the attribute k,
• Sijk is the similarity between two stations i and j for the
kth attribute, given by

Sijk = 1− |xik − xjk|
rk

.

where xik is the observable attribute k in station i and rk
is a standardization for the attribute k since each attribute
is of different unit.

In the context of Velib stations, we calculate the similarity
Sij of the location SDij and capacity SCij between two
stations i and j by:

SDij = 1− dij
d

SCij = 1− |Capacityi − Capacityj |
Capacitymax − Capacitymin

where

• dij is the distance between the two stations and d is the
maximal distance.

• Capacitymax and Capacitymin are respectively the max-
imal and minimal stations capacities in the neighborhood
of station i.

In this definition, Wijk = Wij previously defined by equa-
tion (1).

We propose in the following to modify the construction of
the contiguity matrix of weights by incorporating the spatial
and non-spatial attributes and in a weighted manner in the
calculation of the weights associated with neighbors. For each
neighboring station j, its new weight GOWERij regarding
the station i is given by equation (2).

The normalization of the contiguity matrix of weights is done
per line, so for each station i, the weight of each neighboring



station j is divided by the sum of the weights of all the
neighboring stations of i.

Thus, the new contiguity matrix W̃ is given by:

w̃ij =

{
GOWERij , if 0 ≤ dij ≤ d
0, otherwise.

We applied the improved version of Moran scatterplot to
detect the isolated problematic stations. Recall that these
stations are defined as spatial outliers with a critical occupancy
rate. We used the same dataset described in Section II.

Moran scatterplot representation for the occupancy data of
the stations at a fixed timestamp: 10 : 00 am is given in
Figure 3. At this time of day, we can expect that the system
is highly unbalanced, as in general in a working day a lot of
trips take place in the morning around 8 : 00 am. The spatial
outliers stations (almost 300 stations) are located in the upper-
left and lower-right quadrants. One can notice that there are
less points in these quadrants compared to the locations with
positive correlation.

Fig. 3. Improved Moran scatterplot based on occupancy data of Velib on
Thursday 10/31/2013 10 : 00 am

The number of detected isolated problematic stations at
10 : 00 am, depending on the allowed distance, is given in
Table I. Recall that isolated problematic stations are defined
as spatial outliers with critical occupancy rate. According to
this table, there are about 50 isolated problematic stations at
10 : 00 am. The allowed distance does not have a considerable
impact on the number of outliers and the isolated problematic
stations. Moreover, with a local change of their trips, Velib
users can enhance the occupancy rate of about 300 stations
(spatial outliers), which represents 24.48% of Velib stations.

IV. IMPROVING RESOURCE DISTRIBUTION IN THE VELIB
SYSTEM

According to a recent annual survey on the Parisian bike
sharing system, only 50% of users are satisfied with the
availability of bikes and docks (free terminals) in the stations
[13]. Many stations are often unusable for some users during

some amount of time because of the lack of bikes or docks
due to their attractive location.

Using the dataset described in section II, we plotted in
Figure 4 the evolution of the number of current trips during
the day (on Thursday 10/31/2013), in order to understand the
usage of the Velib system. One can easily identify two peaks
at about 8:00 am and 6:00 pm. They clearly correspond to the
trips to the offices and the return home after work, as it is a
working day.

Fig. 4. Number of trips over time

Users trips unbalance the Velib system by making some
stations problematic (almost empty or almost full). Based on
the thresholds of station occupancy introduced before (10%
and 90%), the current number of problematic stations is given
in Figure 5. Despite the performed bike regulation using tracks,
the number of problematic stations during the day remains
high. The problematic stations are mainly composed of almost
empty stations.

Fig. 5. Number of problematic stations

We propose in this section an incitative method that
encourages Velib users to improve the homogeneity of the
stations in terms of occupancy rate by slightly changing



TABLE I
NUMBER OF DETECTED OUTLIERS STATIONS WITH THE IMPROVED MORAN SCATTERPLOT

Allowed distance Outliers Outliers with critical occupancy rate
300 297 53
400 334 52
500 339 54

their trips. In the trips dataset, let us denote by A the station
where the trip begins and by B where the trip ends. The
neighborhood of the station is defined by a distance less
than 400 meters. The key idea is to change the trips as follows:

For each trip, in terms of occupancy rate,

• station A will be replaced by the busiest station in the
neighborhood of A,

• station B will be replaced by the emptiest station in the
neighborhood of B.

The proposed method is inspired by Velib+ which consists
of offering users of Velib an extra time (that can be cumulated)
when they park their bike in a station having a high altitude.
The main difference is that Velib+ regulation is static: Velib+
stations are well known and never change over time, whereas
our preferred busiest and emptiest stations dynamically change.
They vary during the time depending on their occupancy rate
and the occupancy rate of their neighboring stations.

Figure 6 presents the impact of the proposed incitative
method on the number of problematic stations. The results
show a clear decrease in the number of problematic stations
throughout the day. The average number of problematic stations
drops from 164 in real trips to only 27 by slightly modifying
each trip. Starting from a relatively high number of problematic
stations (almost 150), users are able to balance almost all these
stations within three hours. No new trips are either added or
lost. The modification is done with exactly the same number
of trips. The real trips are only locally modified. The obtained
results confirm our intuition that resources global availability
in the Velib system can be significantly improved by acting
locally. This improvement would allow accepting new trips,
where originally users are rejected due to a lack of bikes.

The performance of the proposed incitative method can
also be measured by the number of spatial outliers in the
Velib system. They consist of stations with an occupancy
rate significantly different from the average occupancy rate
in their neighborhood. These outliers stations are depicted in
Section III using Moran Scatterplot. The comparison of the
number of spatial outliers stations between the original and
modified behaviors is given in Figure 7. With the improved
user behavior, the number of spatial outliers drops significantly,
which enhances stations homogeneity in the Velib system.

In Figures 6 and 7, all users trips are modified according to
the proposed method. It is not a realistic scenario as in real life,
many users will not accept to change their departure or arrival

Fig. 6. Number of problematic stations

Fig. 7. Detected spatial outliers

station even if they are encouraged by a financial motivation
or an extra offered time. To simulate a real-world situation,
we plotted in Figure 8 the average number of problematic
stations in the day under a variable collaboration rate of the
users. One can see that, if only 20% of users accept to change
their trips, the number of problematic stations will decrease
by half. The decrease in the number of problematic stations is
fast (faster than a linear decrease) which is an excellent result
as we cannot expect that the majority of users will collaborate.

The number of problematic stations during the day is a good
indicator to evaluate the quality of the service offered to Velib



Fig. 8. Average number of problematic stations in the day

users. However, it cannot entirely qualify service availability.
For a given station, the service is considered as interrupted if
there is no bike or no dock in this station. In this case, the
station is said invalid or out of service. Note that this concerns
just one resource: bikes or free docks. To have a complete
information, we plotted in Figure 9 the average duration of
stations invalidity during each one-hour interval of the day,
before and after the proposed improvement. One can notice that
the mean duration of station invalidity has largely decreased,
and likewise, the mean cumulative invalidity duration during
the day has been widely improved (cf. Figure 10). According
to Figure 10, at the end of the day, the mean invalidity duration
of a Velib station drops from 141 minutes to only 22 minutes
using our proposed improvement.

Fig. 9. Mean duration of stations invalidity

V. CONCLUSION

In order to improve the quality of service in the Velib
system, we studied in this paper the distribution of bikes among
Velib stations over time. First, we designed and applied a new
version of Moran scatterplot, based on Gower’s similarity, to
evaluate the local heterogeneity of Velib stations in terms of

Fig. 10. Mean cumulative duration of stations invalidity

occupancy rate. The obtained results showed the existence of
a significant amount of spatial outliers stations. This first part
was a preliminary study to motivate our proposed new method
enhancing the homogeneity of the Velib system. The proposed
method relies on users collaboration by locally changing their
departure or arrival station. Results show the high performance
of this scenario. Even if only a small proportion of users accept
to apply this method, resources’ availability in the Velib system
can be significantly improved.
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