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Clustering Big Spatiotemporal-Interval Data
Wei Shao, Flora D. Salim, Andy Song, and Athman Bouguettaya

Abstract—We propose a model for clustering data with spatiotemporal intervals, which is a type of spatiotemporal data associated
with a start- and an end-point. This model can be used to effectively evaluate clusters of spatiotemporal interval data, which signifies
an event at a particular location that stretches over a period of time. Our work aims to deal with evaluating the results of clustering in
multiple Euclidean spaces. This is different from traditional clustering that measure results in single Euclidean space. A new energy
function is proposed that measures similarity and balance between clusters in spatial, temporal, and data dimensions. A large
collection of parking data from a real CBD area is used as a case study. The proposed model is applied to existing traditional
algorithms to solve spatiotemporal interval data clustering problem. Using the proposed energy function, the results of traditional
clustering algorithms are compared and analysed.

Index Terms—Spatial-temporal interval, Sensor, Big Data, Clustering, Energy minimization, Parking violation.

F

1 INTRODUCTION

W Eb of Things (WoT) is a fast growing area, aiming to
connect the physical world with the cyber world [1].

It is crucial for fields such as smart city management [2],
healthcare [3] and activity recognition [4]. In those domains,
a large number of sensors are often used for continuous
data collection. However, these sensor data have particular
characteristics. It is often geotagged and contains numeric
and discrete time series information. Effective and efficient
techniques are paramount for analyzing large spatiotempo-
ral sensor data but they also present key challenges [5], [6],
[7], [8]. There are three main challenges on analysing big
volume data from ubiquitous hardware. The first is the issue
of real-time guarantee. The delay and congestion in network
and signal channel are likely to have an effect on the final
data we collect. The second problem is the need for a
solution to cope with the big volume of spatiotemporal data.
The third challenge is on discovering correlation among
thousands of sensors. Sensors may have different locations,
but they often have high similarity or correlation. Therefore,
how to explore and take advantage of this feature is one of
the main problems in this area. This paper focuses on the
third challenge.

Many types of sensor data exist in WoT applications. In
this paper, we focus on data with spatiotemporal intervals.
This kind of data is dissimilar to traditional time series
data in a way that a data point is not just associated with
time stamps, but can be a vector of values which represents
sensor readings at one particular time period. For example,
the tri-axial accelerometer is the most popular sensor in
human activity recognition [9], [10], [11]. A data point of
accelerometer reading is a vector of readings in three direc-
tions at a time point. The interval between two consecutive
data point in a conventional time series does not change
as the data is collected at a fixed sampling rate. However,
the interval changes based on spatiotemporal information in
certain types of sensor data. This is particularly the case for
fixed sensors used for the facility or urban monitoring. For
instance, a parking sensor only records the starting point
and the end point of a vehicle parking event. Continuous
reading at a fixed time interval is unnecessary in this case.

The time series is a sequence of data points that have
following features: 1) Consists of successive measurements
made over a time interval. 2) The time interval is continu-
ous. 3) The distance in this time interval between any two
consecutive data point is the same. spatiotemporal data is
different from the time-series data. Firstly, time-series data
has measurements over each time interval. Spatiotemporal
data is a measure of each pair of position and time interval.
Secondly, time-series data are successive and or at least in
single Euclidean space. Spatial-temporal data can be discrete
and existed in multiple Euclidean spaces. Thirdly, time
series has the same distance between each two consecutive
data point, but spatial-temporal data does not have such
condition. Time-series data analysis often involve extracting
statistical features, such as median or average of the signal
values over a predefined or fixed time segments. However,
these methods are not directly applicable for sensor data
with spatiotemporal intervals, as a fixed size segment does
not fit well with variable intervals. Spatiotemporal data
analysis needs to consider the interval and two different
domains: time domain and space domain. Time-series data
has a single homogeneous domain, where as spatiotemporal
data has multiple heterogeneous domains. For time-series
data, time is only regarded as a point such as timestamps
data. On the other hand, interval data has a length, a start
and a length. Therefore, existing time-series analysing tech-
niques cannot be directly applied to spatiotemporal-interval
data. In short, the proliferation of spatiotemporal interval
data requires novel ways to cluster them and evaluate the
clustering results across multiple domains.

Evaluating the quality of spatiotemporal clusters effi-
ciently remains a challenge. This is due to, not only the lack
of ground truth, but also the multiple Euclidean spaces that
need to be computed. Among all the time series analysis
methods, clustering is one of the most popular techniques
to explore and analyse big data in WoT area [12], [13], [14],
[15]. Through clustering, we can extract meaningful patterns
from ubiquitous sensor data to help the stakeholders of
the system to make informed decisions. For example, using
the patterns inferred from the data, we can annotate each
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sensor with a label and employ different techniques to cope
with various groups. Especially in recent years, many cities
publish its civic monitoring data, and its volume increases
at an exponential speed.

Although clustering is a common technique to extract
patterns from data, traditional clustering techniques have
several drawbacks in processing time-interval based data.
The first weakness is that existing popular clustering meth-
ods only aim to group points with the same measurement.
Take parking sensor data as an example. A parking event
data has at least two features, one is a time interval, the
other is the position of the parking slot. In this case, if
density-based traditional clustering methods like DBSCAN
is employed, the eps and a minimum number of points will
be the same for two different dimensions: spatial domain
and temporal domain. However, in real applications, the
clustering density usually varies on the spatial and temporal
domain. In short, traditional clustering evaluation methods
aim to measure results of clustering in a single Euclidean
space. With spatiotemporal data, it consist of data on multi-
ple dimensions from at least two different domains.

Traditional techniques only have a single objective such
as minimising the similarity within the group and max-
imising the difference among groups. In some real-world
applications, such as in the domain of facility or city man-
agement, it is likely for these objectives to be non-applicable.
For instance, if we plan to assign similar number of police
to areas of surveillance, we would need to constrain the size
of each cluster. Traditional clustering evaluation methods
do not provide such an ability. Moreover, traditional meth-
ods do not consider measuring similarity in spatiotempo-
ral data. Since clustering is an unsupervised learning, the
clusters are not known a-priori, and different algorithms
partition the dataset differently. The next issue to address
is evaluating the clustering results to find partitioning that
best fit the underlying data. Traditional clustering usually
apply distance measures to calculate the similarity between
data points. Each data point has the same number of feature
or values. However, time-interval based data is likely to
have different length of time windows and different fea-
tures on it. Therefore, it is impractical to evaluate complex
spatiotemporal data with traditional cluster validation tech-
niques.

Recently, many researchers started employing variations
of traditional clustering methods to make them more appli-
cable to spatial-temporal data [15] [16] [17]. Some parameter
settings have been modified to fit data operating flow and
traditional methods to spatial-temporal data. Nevertheless,
the focus is still on on time-series data.

Parallel Event Space Miner is a system for processing
interval-based temporal data [18]. It proposes a pipeline
for interactive data mining techniques to extract temporal
properties of patterns. The proposed approach focuses on
measuring the distance in spatiotemporal data. The paper
presents a system to process spatiotemporal-interval based
data without a formal definition or model.

In this paper, we propose a general model for clustering
spatiotemporal-interval based data from sensors and Web
of Things. This model aims to solve specific spatio-temporal
clustering tasks and can be adapted to other event-based
processing. Our aim is to build a general model to evaluate

clustering methods on both the spatial and temporal do-
mains. The model can be applied for evaluating the results
of multiple clustering algorithms on spatiotemporal interval
data.

We conduct a case study on the proposed model using
real-world parking sensor data. The parking violation is one
of the most common problems for every metropolitan city
especially in Central Business Districts (CBD) [19]. For ex-
ample, in Melbourne (Australia), more than 800, 000 visitors
arrive at CBD areas every day. The transportation authority
predicts that the number of daily visitors will increase by
2% annually in the next two decades [20]. The data is a
typical spatiotemporal-interval based data. Therefore, we
use our proposed algorithm to develop a spatiotemporal-
interval based model and compare the results with different
traditional clustering techniques. We makes the following
contributions.

• We define the characteristics of spatiotemporal-
interval data, their associated properties, and the
clustering problem for this type of data.

• We propose a general model for clustering
spatiotemporal-interval based data

• We define the energy functions for computing clus-
ters of spatiotemporal-interval data

• We use the proposed model and energy function to
evaluate and compare the results of two traditional
clustering methods employed on a public parking
sensor dataset.

The structure of this paper is as follows. We first re-
view existing clustering algorithms that are usually applied
for time-series data in section 2. In section 3, we define
the problems of time-interval based data. Section 4 shows
proposed a general model for solving time-interval based
data clustering problem. The section 5 presents a case study
on parking violation data. The experiment results are illus-
trated in section 6. The section 7 presents a discussion on our
evaluation and future work. The related work is presented
in section 8. The paper is concluded in section 9.

2 BACKGROUND OF TRADITIONAL CLUSTERING
METHODS

Traditional clustering methods are unsupervised method
for finding patterns based on feature [21]. A feature point
usually can be represented as a high dimensional vector−→
X = (x1, x2, ..., xd). Based on the distance measure among
feature vectors, a label li ∈ Lwill be assigned to each feature−→
Xi.

In this section we briefly introduce the popular tradi-
tional clustering techniques that are relevant to this study.
That includes centroid-based approach, density-based ap-
proach, GMM approach and hierarchical conceptual ap-
proach.

2.1 Centroid-based Approach
A typical centroid method is K-means clustering which is
one of the simplest and most popular technique in data
mining. It begins with k centroid points. Each point will
be assigned with a label li ∈ L = {l1, l2, ..., lk} based on the
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distance between the point and the cluster centroids. This
is a repetitive process which finishes when the termination
condition is satisfied.

K-means is widely used because of its simplicity and
high efficiency. However, it has several drawbacks. For
example, an initial number k needs to be determined before
clustering. For many real-world applications, it is not possi-
ble to know the suitable k beforehand. Therefore additional
steps are often needed to set the number of clusters based
on the pattern of data.

X-means [22] is an extension of K-means. It searches the
feature space to estimate the initial number of clusters K
by optimizing the Bayesian information criterion. It does
not compromise clustering performance but uses much less
time to set the k than exhaustive search of k for K-means.

2.2 Density-based approach

Density-based techniques focus on some scenarios in which
different clusters may have distinctive characteristics in
shape or density [16] [23] [24].

Traditional DBSCAN [25] uses density as the pattern of
a cluster. A group of points, of which the density is above
a predefined threshold, is considered as a cluster. It can dis-
cover clusters with arbitrary shapes. It does not require the
number of clusters to be given. More importantly, DBSCAN
has been proven suitable for large datasets. However, it is
not directly applicable to spatiotemporal data. It requires
two parameters, minimum number of data points (minPts)
in one cluster and ε (eps) of each cluster, to be predefined.
Here epsilon defines the maximum range of each cluster.

2.3 GMM approach

Gaussian mixture models (GMM) is different with the above
two approaches and is widely used in segmentation in
computer vision [26]. It usually sets the parameters by
maximum likelihood, typically using the EM algorithm.
Gaussian mixture distribution can be formulated as follow
[27]:

P (x) =

K∑
k=1

πkN(−→x |µk,
∑
k

) (1)

Classic EM expectation aims to maximize the likelihood
based on the above distribution:

Pr(−→x |θ, w) =
∏
p∈P

(
∑
linL

wl • Pr(xp|θl)) (2)

We adopt GMM’s kernel concept. That is, each cluster
can be regarded as a distribution of high coherence.

2.4 Hierarchical conceptual approach

Hierarchical conceptual clustering is based on an incremen-
tal tree. A well known method is COBWEB proposed by
Fisher in 1987 [28]. COBWEB can predict missing features
or new objects in the class because of the incremental tree.
The rough process of building the tree can be summarized
as: 1) merging two nodes. 2) splitting a node, 3) inserting
a new node. 4) passing an object down the hierarchy. It is
used in our study.

3 THE SPATIOTEMPORAL-INTERVAL DATA CLUS-
TERING PROBLEM

In this section, we formulate spatiotemporal-interval data
clustering problem and present several concepts we will use
later.

3.1 Spatiotemporal-interval based data

As mentioned in the first section, spatiotemporal-interval
based data have its own characteristics, not as same as
time-series data, and this type of data widely exists in
real world applications. Here are the formal definitions and
some properties of it:

Definition 1. An spatiotemporal-interval data is a tuple
ST = (x, y, ts, te,

−→
d ), where x, y is the spatial informa-

tion such as longitude and latitude. ts is the start time of
the event, the te is the end time.

−→
d is the data vector.

Definition 2. One point in spatial domain can have more
than one spatiotemporal-interval data. However, in
the same spatial domain, it cannot have overlapped
spatiotemporal-interval data. formally to say, there are
m points {p1, p2, ..., pm} on the map S, each point pi
can be associated with n time window based events−→
λm = {λm1 λm2 , ...λ

m
n }, for each event, it has a time

window T = [ts, te], where
⋂n

i=1 λ
m
i .T = ∅

For spatiotemporal-interval data, there are mainly three
parts, spatial dimension, temporal dimension and data di-
mensions. We will analyse their properties respectively.

3.1.1 Spatial domain

In the spatial domain, the points only have spatial informa-
tion such as longitude and latitude.

Property 1. For each pair of points {p, q} can have a distance
Distp,q The space of whole points are in the euclidean
space. The distance among all points can be called ”met-
ric” if it satisfies the following:

Distp,q = 0 ⇔ p = q (3)
Distp,q = Distq, p ≥ 0 (4)
Distp,q ≤ Distp,v +Distv,q (5)

where p, q, v are temporary points in property 1. It means
the points are in Euclidean space. Therefore, the direct path
between two points is the shortest path in this space.

Definition 3. Each point pm has a unique location marker.
For arbitrary pair of points in spatial dimension, the
positions are different, the similarity V is associated
with distance among them. The larger distance between
two points also indicated that the similarity is low.
In the spatial domain, if Distpa,pb

≤ Distpa,pc
, then

Vpa,pb
≤ Vpa,pc

Where V is from 0 to 1. The definition shows that
in spatial domain, the distance is the main indicator for
measuring the similarity between points.
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Fig. 1. An example of time-interval data in temporal dimension, each line
represent a point in spatial domain, each segment represent an event

3.1.2 Temporal domain
For temporal-interval events, the temporal dimension is the
combination of many uneven time segments. How to mea-
sure the distance between those segments plays a crucial
role in data clustering. Here we present the definition and
property of temporal dimension data of spatiotemporal-
interval data.
Definition 4. For each spatiotemporal-interval based

data ST , it has a time window [ts, te] which in-
dicates the time period that event lasts. For each
point p in spatial spaces, it has n time windows
{[λp1.ts, λ

p
1.te], [λ

p
2.tsξ

p
2 .t

p
e], ..., [λ

p
n.ts, λ

p
n.te]}

Where ts is the start time of event and te is the end
time of the event. Definition shows that for each point in
spatial domain, it can have more than one time interval. It
also shows that the spatial domain and temporal domain
are two different domains. They are not two dimensions in
the same space. In this area, distance is an index to measure
the similarity among points in the spatial domain. The ratio
of distance and similarity depends on the particular case. In
spatial domain, as we regarded it as a Euclidean space, we
can use any distance calculation approach to measure the
similarity of two points, like L1, L2 or any other distance
measurement approach in Euclidean space.
Definition 5. For each time-window [ts, te], it associates a

data vector
−→
d or dependent variable f(t), t ∈ [ts, te]

Where
−→
d can have many elements. Each element can be a

feature associated with the time interval.
Here Fig. 1 illustrates the temporal dimension, each

segment represents an event. For each same colour line, it
will have one or more events, one event has only one time
window. But one position can have multiple events and time
intervals.

For example, Fig. 2 shows the one general space for com-
bination of spatial and temporal domain. This figure illus-
trates the spatiotemporal data. However, it cannot shows the
relationship between them because they are heterogeneous.

3.1.3 Data dimensions
Data dimensions in each spatiotemporal-interval data are
not independent and there can be multiple data points in
each interval. It must be associated with a time window or
time point. However, in each spatiotemporal-interval based
data, it is possible to indicate some important information

Fig. 2. An example spatiotemporal data, each segment is a time-interval
based event

such as the rate of parking violation Data dimension is a
continuous function dependent on time, that is, the data will
change with variations in time. For example, the probability
for cars in parking violation to leave such as shown in Fig. 3
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Fig. 3. The function f(t): Y-axis indicates the probability of cars that has
left after overstayed. The X-axis denotes how long the car is in parking
violation (minute)

or the likelihood of bidding price on eBay in a certain in-
terval. Therefore, with the uncertainty of the interval in the
data dimension, it is more complex to measure and calcu-
late similarity between two spatiotemporal-interval events.
Here is the definition of data dimension in spatiotemporal-
interval data.
Definition 6. For each spatiotemporal-interval event, it has

a data vector
−→
d or dependent variables f(t).

Here the data vector can be regarded as features vector
associate with time-interval.

3.2 Cluster evaluation
3.2.1 Clustering indices
We have proposed a general model for measuring
spatiotemporal-interval based data. Although there are
many cluster validation methods, most of evaluation and
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assessment approach depends on the ground truth, or
namely external evaluation, such as Rand measure or F-
measure. Rand-measure is to compute the similarity within
the clusters. F-measure is an accuracy metric that balances
the contribution of false negatives. Besides, Jaccard index,
Fowlkes-Mallows index [29] and confusion matrix require
the True-positive, True-negative, False-positive and False-
negative measures. If there is no ground truth from the
dataset, all of these approaches are not applicable.

When clusters are not known apriori, and there is no
ground truth, another approach to perform quantitative
evaluation is by utilizing cluster validity methods. Cluster
validity represents the procedure of evaluating the results
of a clustering algorithm [30]. [31] proposed two criteria
for clustering evaluation and selecting an optimal clustering
scheme: Compactness - members of each cluster should be
as close to each other as possible; Separation - the clusters
themselves should be widely separated.

The traditional methods of clustering validation without
ground truth mainly rely on internal criteria or indices, such
as C index [32], Calinski-Harabasz [33], Davies-Bouldin [34],
Dunn [35], Silhouette [36], Xie-Beni [37]. These methods
are not directly applicable for spatiotemporal-interval based
data because they rely on a single criteria, as a rule, to
determine the best partition of the clusters. Nevertheless,
we still here to introduce two widely used cluster evaluation
methods, Davies-Bouldin and Silhouette since they are both
internal cluster evaluation methods. Internal cluster evalu-
ation methods means the method cluster the data without
ground truth or labels. In the experiment, we compare our
results with them.

Davies-Bouldin index can be calculated by

DB =
1

n

n∑
i=1

max
j 6=i

(
σi + σj
d(ci, cj)

)
(6)

where n is the number of clusters, cx is the centroid of
cluster x, σx is the average distance of points in cluster x
with cx. It shows that lower intra-cluster distance and high
inter-cluster distance will produce a low DB index.

Silhouette is another popular cluster evaluation method.
Its main idea is to measure the similarity of one object to
its own cluster. The process of silhouette works like this.
Firstly, assuming the data has been clustered into k clusters.
For each data point i, let a(i) be the average of dissimilarity
within the same cluster. Then let b(i) be the lowest average
dissimilarity of data point i to any other cluster. Here it does
not count the cluster which data point i is in. Then silhouette
can be defined as:

S(i) =
b(i)− a(i)

max{a(i), b(i)}
(7)

The S(i) is from -1 to 1, and as a(i) is the measure of
dissimilarity within same cluster. A smaller value means the
clustering method is good. Moreover, a larger b(i) means the
same. Therefore, s(i) close to 1 shows the clustering method
is well matched.

3.2.2 Energy minimization
In the computer vision area, many problems need the pixels
to be labelled such as for segmentation or background

extraction. Similar with spatiotemporal-interval data clus-
tering problem, each point p ∈ P must be assigned with a
cluster label l ∈ L. The purpose is to find a label f(p) such
that similarity within the cluster can be maximized and the
difference among different clusters can be expanded.

[26] gives a framework for this kind of problems. For
this kind of problems, we aim to minimize the energy:

E(f) = Espatial(f) + Etemporal(f) (8)

where Espatial(f) measures the smoothness of f in spa-
tial domain, while Etemporal measures the dissimilarity
between f and observed data in temporal domain.

We found that energy minimization framework can be
modified for clustering spatiotemporal-interval data. Tradi-
tional clustering validation method does not consider the
data with several domain information. In spatiotemporal
data, it has two different domain. One is time interval,
the other is location information. Besides, evaluating the
clustering results is a difficult problem because there is no
universal standard and ground truth.

In the case of city monitoring, for example, the managers
often have a special purpose for each sub-area such as to
assign same number of officers to each sub-area so that
they can be rotated periodically. Therefore, it is important
to keep each cluster to have similar workload and size in
terms of density. In this problem, we should consider both
the number of data points in one sub-area and the similarity
of workload for each group. It is no doubt traditional
clustering methods do not work. But with our proposed
energy function, the above problem can be solved easily.
This is presented in the next section.

4 A GENERAL MODEL FOR EVALUATING
SPATIOTEMPORAL-INTERVAL CLUSTERS

In spatiotemporal-interval data clustering problem, we are
given a set of data points P and a finite set of labels L. Each
data point P has at least two terms. One is temporal infor-
mation, and the other is spatial information. The purpose is
to assign each data point a label fp ∈ L such that we can
meet an objective function E(f) with proper definition of
similarity among the data points.

The objective of spatiotemporal-interval data cluster-
ing can be formulated as the minimization of an energy
function. We can define a another term variance V . The
combined energy function for spatiotemporal data can be
written as:

E(f) = Espatial(f) + Etemporal(f) + Evar(f) (9)

where the Evar(f) indicates the variance of sizes for all
clusters. Energy here balances three significant important
terms.

The function itself roughly has as least two terms, the
first term is the spatial smoothness term, the second term is
the similarity of the data points. For the second term, it must
be associated with a period or timestamp. If the second term
is associated with a time interval, we can use it to cope with
the problem of spatiotemporal-interval-based clustering.

According to the different context, the definition of terms
in energy function would be different. However, generally
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speaking, the first term should measure the distance be-
tween each point in the spatial domain, the second term
should measure the similarity within each cluster in the
temporal data domain.

For the spatiotemporal-interval data clustering problem,
we expand the generic energy function to consider the
characteristics of spatiotemporal-interval data as such that
the energy function is defined as follows:

E(f) = α ∗
∑

fp=fq∈L

DistS(p, q)+
∑

fp=fq∈L

DistT (p, q) (10)

where fp is the label of point p. DistT is used measure the
distance among the temporal domain data. α is a weight
parameter.

The α is a constant, which means that the relationship
between first term and second term is linear. However, in
real application, it is possible that it is non-linear. Here we
assume it is linear to make the equation simply.

In the first term, it usually employs Euclidean distance
to measure the spatial domain. For the temporal domain
especially for spatiotemporal-interval type of data, we use
another distance measurement that is utilized in uncertain
database management research [38], [39].

In comparison to traditional clustering methods, the
energy function can provide some external functions that
traditional clustering methods are not able to cope with. For
example, how to control the size and density of clusters.
Especially in infrastructure management, civil managers
should not only consider the patterns from data collected
from deployed sensor in the city but also the workload and
assignments of officers. For example, in parking monitor-
ing system, the government needs to allocate the parking
officers to several parking areas for patrolling purposes.
The problem of segmenting the areas of patrol is com-
plex because it is domain specific. The patterns of parking
varies with time and space. If the parking office manager
would like to cut the cost and improve the efficiency, they
need to know how to measure many potential clustering
results. Though there are many traditional clustering val-
idation methods in the research area, the manager needs
more flexible and practical evaluation method to cope with
spatial-temporal data. They can use our model in such
way: The officers can decide the parameter alpha in our
model according to its case. For example, parking data has
two terms, one is space, and the other is time. If officers
want to arrange the officers to each cluster, they need to
consider several factors such as the speed of officers and
traffic conditions. To keep the model as simple as possible,
the alpha can be the speed of officers because the speed of
officers can be a connection between the spatial domain and
temporal domain. Once the parameter has been confirmed,
the officers can get the energy result by different clustering
cases. Energy can be regarded as the total cost of each
clustering case. The government can choose the minimum
cost that represents the best set of clusters across all the
experiment cases.

4.1 Distance in spatial dimension

For most applications, the euclidean distance is usually
good enough for measuring the spatial smoothness. There-

fore, the DistS can be defined as:

DistS(p, q) =
√

(px − qx)2 + (py − qy)2 (11)

where x and y is the longitude and latitude of point p and q
In fact, most traditional clustering methods only use one

distance parameter to measure similarity in both spatial and
temporal dimension. That is the reason they cannot cope
with spatiotemporal data.

4.2 Distance in temporal dimension

If we consider the spatiotemporal-interval data as a prob-
ability density function, one time interval can be a part of
the whole function, the temporal dimension can be the x-
axis, each x has a mapping probability y. Here the x is
the timestamp t, the y is the dependent data d. Then the
problem converted into a common problem: how to measure
the difference between two probability density function.

Energy distance is a standard statistical method to mea-
sure two probability distribution. We assume X and Y are
two independent random variables in dimension T with
probability density function F and G, then we can define
the distance between two probability density function as∫ ∞

−∞
(F (t)−G(t))2dt (12)

Based on spatiotemporal-interval data, temporal infor-
mation can be the independent variable. The data associ-
ated with time can be the dependent variable. Here is an
example, there are two time intervals, one is F (x) = 1 and
x ∈ [0, 2], the other is G(x) = 1 and x ∈ [1, 3]. The energy
in this term should be 12 + 02 + (−1)2 = 2

4.3 Similarity and Balance

Both distance measure index in spatial and temporal dimen-
sions are aimed at measuring similarity within the cluster. In
real-world applications, it is also important to measure the
balance between the clusters. The balance between clusters
means that the pairwise difference between each cluster is
minimal. As mentioned previously, one possible and useful
term is variance. The idea is quite simple as we just use
typical variance measurement:

Ebalance = V ar(X) =

k∑
i=1

(xi − µ)2 (13)

where µ is the mean size of all clusters, xi represents the
density or workload of ith cluster. k is the number of
clusters.

The density of spatiotemporal data is the core part
of measuring the balance between clusters. In traditional
clustering methods, density usually refers to the ratio of
number of points in one cluster and the size of such cluster.
For example, in ST-DBSCAN [15], the authors define the
density factor as:

density factor(fl) = 1/[

∑
p∈fc density distance(p)

|fl|
]

(14)
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where the density distance(p) is defined as

density distance max(p)

density distance min(p)
(15)

where density distance max(p) denote the maximum dis-
tance between the object p and its neighbour objects within
ε. The density distance min(p) has the similar definition.
|fl| is the number of point in cluster fl.

That particular definition of density [15] only fits for
DBSCAN algorithm in Euclidean space. However, for spa-
tiotemporal problem, most of the feature spaces are graph-
based. Moreover, one unique feature of spatiotemporal
problem is that one point in spatial space can contain more
than one temporal event and each event is a time period.
That is, points in spatial domain have different weights.
Therefore, it is reasonable to calculate the size of each cluster
by considering the time period of each event and distance
between it and other possible events. Here we propose a
general density definition in graph-based spatiotemporal
feature space as:

Density =
∑

xi∈Ci

Pxi

∑
xj∈Ci,i6=j

Pxj
×Dists(xi, xj) (16)

where xi is one point in spatial space. Pxi
denotes the

proportion of temporal-interval events at this point of whole
events in temporal dimension. The higher Pxi

means this
point is a hot point in the area. For many applications,
it means that this point will attract more data flow. For
example, in the case of parking management, if violation
rate and duration in a particular point is much higher than
other points, this particular cluster of points can increase
the workload of law enforcements or patrolling officers in
this area. Therefore, Pxi

has important impact on density
or workload for clusters in a spatiotemporal dimension. It
is reasonable to associate it with distance from this point to
other points in this cluster.

5 CASE STUDY: PARKING SENSORS

Parking slot dataset is a typical spatial-temporal dataset. It
can be generalized to many real applications. For exam-
ple, the visiting durations to Places of Interests (such as a
shopping mall) has a similar property with parking dataset.
Each visitor can be regarded as a data point. Visiting event
also has a starting time and ending time. The operational
manager can use the best clustering method, with regards
to similarity and balance, to find the hot spot regions or
highly congested areas.

The local transportation authority of Melbourne (Aus-
tralia) has made the parking sensor data in the CBD area
public. This dataset is a typical spatiotemporal interval data.
The dataset consists of more than 1 GB parking violation
data for a whole year. Each record has information such as
area name, street name, street segment, street marker, arrival
time and departure time. We also collected the longitude
and latitude data of each parking slot.

Fig. 4 presents the map of parking slots in CBD area.
The positions of parking bays are drawn with red color.
There are more than 4000 parking slots in the city in our
datasets and around 2000 has completed sensor information
in 2012. In one year, there are more than ten million parking

events in these parking slots. Therefore, this dataset is big
and representative.

Fig. 4. The parking slots positions

Fig. 5 reveals the distribution of parking violation in
CBD area. The dark colour indicates a high number of
violations. Through the heat map of parking violation, we
can find that the majority of parking violation events are in
located in several areas. A number of remote areas only have
very few parking violation events. Such situation requires a
better clustering methods to segment the whole CBD areas
into several parts and evaluate the segmentation results.

Fig. 5. The parking violation heat map per month

The above figures illustrate the parking violation events
in the spatial domain. Temporal information plays a key role
in parking violation events since we can extract real pattern
such as violation density or violation reason from it.

Fig. 6 shows a trend of violation events at different times
during one day. The distribution of parking violation events
is different in the temporal domain. Most of violation events
happen from 6 : 00 to 20 : 00. It means the violation events
distribution are not irregular, ie., it is possible to cluster
different parking slots according to their unique patterns.

The purpose of clustering methods is to cluster
these parking slots into several groups that have similar
spatiotemporal distribution or as we mentioned above:
spatiotemporal-interval similarity.
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Fig. 6. The parking violation changes over daytime in three areas

6 EXPERIMENT AND EVALUATION

In this experimental section, we use our energy functions to
compare the performance of different traditional clustering
methods on parking sensor dataset. Then we also valid
these cluster methods via some popular internal clustering
evaluation approaches. We particularly focus on parking
violation events as the case in order to evaluate our model.
The whole experiments arranged as follows: in the first sec-
tion, we introduce the clustering methods and the clustering
evaluation approach used to evaluate the data, along with
their parameter settings. In the second section, we study
the spatial clustering only. The spatial information is the
only feature we use in clustering. Clustering methods will
be compared in the spatial domain. We pick one day data
as an example. The third section employs spatiotemporal
information as attributes in clustering. We evaluate the
performance of each clustering methods via the proposed
energy function.

6.1 Experimental setting

In the first experiment, we only use the spatial information
to cluster the data points. Each data point in space only have
two values, one is longitude, the other is the latitude. The
second experiment we plan to use all spatial-temporal infor-
mation as the data feature. The spatiotemporal information
consist of locations and interval-based events information.
We apply X-means and DBSCAN algorithm to the whole
year parking violation data. We use X-means instead of K-
means, as the number of clusters are chosen in X-means
with Bayesian Information Criterion as an internal index
[22]. This implies that the number of clusters chosen by X-
means are somewhat optimal. We only show one day picked
randomly from the whole set as an example.

In the last experiments, we use three clustering methods
(X-means, DBSCAN, COBWEB) and three clustering eval-
uation methods, which include two comparative clustering
indices (Davies-Bouldin and Silhouette) and our proposed
energy function. We randomly select one day from every
month from the whole year as a representative example.
Therefore, the third experiment shows results of clustering
and clustering evaluation validation of 12 different days. For

Fig. 7. The clustering result of X-means on Spatial Dimension

each day, we shows the best performance clustering method
evaluated by three different internal clustering evaluation
methods.

For implementation, we use clustering package provided
by R. X-means will automatically choose the best K. For
DBSCAN, we set the eps = 0.3 which is the reachable range
of each cluster centre and minimum number of points in
each cluster. We calculated by minPts = −log(n) which is
an universal setting [15]. We use R with Weka to implement
COBWEB [40] [41]. The COBWEB has two parameters, one
is acuity, the other is cut-off. Acuity is set to be the minimal
standard deviation of a cluster attribute. Cut-off is set to be
minimal category utility. We set acuity as 1.0 and Cut-off as
0.006935.

Also, all features have been normalized by:

xnorm = (x−min)/(max−min) (17)

where x is the original value, the xnorm is the value we cope
with.

6.2 Spatial clustering
In this experiment, we only employ traditional clustering
methods on the spatial dimensions. We only use longitude
and latitude as features.

6.2.1 Evaluation of energy to measure similarity on spatial
dimensions
The experiment with X-means clustering algorithm gener-
ates eight (8) clusters for the spatial dimension. Fig. 7 shows
the result.

Table 1 displays the energy for both spatial and temporal
dimensions for each cluster when only features from spatial
dimensions are used in the model. As shown in the table,
it is not balanced. Cluster 7 (green colour) generate most of
energy in both domains. Some clusters are quite small.

The Fig. 8 illustrates the result of spatial clustering
with DBSCAN on the map. DBSCAN is a density-based
clustering method as discussed in section 2.

Table 2 shows the energy for both spatial and temporal
dimensions by DBSCAN. Similar to previous two clustering
methods, few clusters generate the majority of the energy.
However, there is one interesting phenomenon, though
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TABLE 1
Energy for each cluster by X-means on spatial domain

Espatial Etemporal Density

Cluster 0 1366.57 1.43 48.51

Cluster 1 9390.92 94.95 12.92

Cluster 2 3189.67 75.69 16.19

Cluster 3 19575.7 98.87 30.24

Cluster 4 2220.42 159.15 80.09

Cluster 5 12.41 8.25 1019.87

Cluster 6 76.49 42.20 291.52

Cluster 7 430130 21651.6 1.54

Fig. 8. The result of spatial clustering with DBSCAN

TABLE 2
Energy of each cluster by DBSCAN on spatial domain

Espatial Etemporal Density

Cluster 0 4187.39 68.5365 44.16

Cluster 1 741.579 134.837 4932.71

Cluster 2 2.07166 1.08409 1.05

Cluster 3 1235190 43383.7 1542.07

Cluster 4 2.21065 0.233495 2488.07

Cluster 5 2.66005 1.8082 7974.57

Cluster 6 3.00783 7.66227 46.18

Cluster 7 1335.62 1.20778 229.53

Cluster 8 26.5764 5.88742 14449.77

Cluster 9 0.988646 1.83183 14.87

cluster 0 generates more energy than cluster 1 in the spatial
domain, it has less energy on temporal domain compared
cluster 1.

For the balance function, overall, X-means performs bet-
ter than DBSCAN. At this point, it is shown that centroid-
based clustering methods have a better result in balance
term across all the clustering experiments on the spatial
dimension.

6.3 Spatiotemporal clustering

In the second experiment, we would apply both traditional
clustering methods to the spatial-temporal domain. The fea-
tures of the data points used consist of longitude, latitude,
start time and end time. In this experiments, we would
like to explore if using temporal information can reduce
the energy in the spatial or temporal domain for traditional
clustering methods.

We apply X-means to the spatial-temporal dimensions.
X-means choose k = 10 as the initial number of clusters
automatically. Fig. 9 shows the clustering result. We can see
that when compared with the clustering result on spatial
dimensions alone, the points from different clusters now
may seem to be near to each other. It is because now we
use not only the spatial information but also the temporal
information.

Fig. 10 shows the temporal distribution for each cluster
grouped by X-means. The horizontal axis represents the
timeline. Most clusters have different peaks. We can find
that each cluster has different events distribution. Some
clusters show high-frequency trends in the early morning
and some clusters contain high peaks in the evening.

Fig. 9. The result of clustering by X-means on spatio-temporal domain

Table 3 summarizes the energy generated by each cluster.
It can be concluded that each group generates similar energy
on the spatial domain. On the temporal domain, though the
difference among clusters is bigger than it on the spatial
domain, it still much closer to each other compared with
only using spatial information. Moreover, both energy from
the spatial and temporal domain is much less than it is
shown in Table 1

We apply DBSCAN to spatial-temporal data and com-
pare the result with X-means. Fig. 11 shows the clustering
result. Since DBSCAN is density-based, We find that most
of the nearby points on the map are in one cluster because
most parking slots are close to each other. It is difficult to
find the points except green points because the points of
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Fig. 10. The temporal data distribution result of X-means on Spatial-
Temporal Dimensions

TABLE 3
Energy for each cluster by X-means on spatio-temporal domain

Espatial Etemporal Density

Cluster 0 9092.56 2924.27 0.47

Cluster 1 19882.3 2330.75 0.6

Cluster 2 15779 1226.33 0.59

Cluster 3 1380.46 315.50 0.19

Cluster 4 993.84 137.17 0.18

Cluster 5 216.74 80.69 0.08

Cluster 6 78.23 5.99 0.05

Cluster 7 0.52 2.71 0.01

Cluster 8 11.28 8.07 0.03

Cluster 9 182946 26281.5 1.5

cluster 2 (green colour) occupied more than 95% in spatial
domain.

Fig. 12 illustrated temporal distribution for each cluster
grouped by DBSCAN. It is very different from previous
two methods, all clusters have similar peaks on temporal
domain. The cluster two covers almost the whole temporal
domain. As shown in Table 4, we can see that the highest
energy is generated by cluster 2.

Although DBSCAN clustering result generates much
higher energy than X-means, it is still less than when it
only clusters spatial data. Therefore, we can draw a con-
clusion that take advantage of temporal information can
significantly reduce the energy in both spatial and temporal
domain.

In terms of balance, DBSCAN performs similarly to X-
means result, however X-means performs slightly better.

We also applied COBWEB to the data on the same day.
The clustering results shows in the Fig. 13. We can find
that the result is more balanced than the result of DBSCAN

Fig. 11. The result of spatiotemporal clustering with DBSCAN

Fig. 12. The temporal data distribution result of DBSCAN on spatio-
temporal domain

TABLE 4
Energy for each cluster by DBSCAN on spatio-temporal domain

Espatial Etemporal Density

Cluster 0 12680 255.42 0.30

Cluster 1 0.9904 3.8068 0.01

Cluster 2 1107360 59118.6 3.26

Cluster 3 0.0907 0.2460 0.0030

Cluster 4 1.1999 2.6824 0.0093

Cluster 5 0.8416 3.5872 0.026

Cluster 6 7.7500 1.3030 0.032

Cluster 7 10.1119 8.9375 0.014

Cluster 8 1.0154 1.7303 0.039

Cluster 9 21.3803 28.3933 0.038

Cluster 10 1.1557 1.2439 0.0093
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but obviously worse than the result of X-means. Most of
points are in the same cluster. However, it is not hard to find
other clusters in the map when compared with the map of
DBSCAN.

Fig. 13. The result of clustering by COBWEB on spatio-temporal domain

It can be observed from Fig. 13 that cluster 1 (green
colour) covers the whole area most of the time. But com-
pared with the result of DBSCAN, some clusters grouped
by COBWEB also generate comparable energy. It suggested
that COBWEB performs better than DBSCAN in terms of
cluster balance but worse than Xmeans in temporal domain
.

0

50

100

150

200

250

0 500 1000 1500
Time

nu
m

_O
f_

V
io

la
tio

n

variable

cluster1

cluster10

cluster11

cluster12

cluster13

cluster14

cluster15

cluster16

cluster17

cluster2

cluster3

cluster4

cluster5

cluster6

cluster7

cluster8

cluster9

Fig. 14. The temporal data distribution result of COBWEB on spatio-
temporal domain

We compare each traditional algorithms in both spatial
and temporal domain with our energy function as Table
5. In the case of spatial clustering, the energy generated
by X-means is more superior than DBSCAN on both the
spatial and temporal domain. Therefore, it is shown that
density-based clustering methods generate more energy
than centroid-based clustering, which means the perfor-
mance is worse. For the balance function, overall, X-means
performs better than DBSCAN.

Table 5 compares all the three different traditional clus-
tering methods applied to the spatiotemporal domain in
this paper. From temporal distribution figures, it is sug-

TABLE 5
The comparison of the results of clustering on spatial and

spatio-temporal domain

Methods Espatial Etemporal Ebalance

Spatial clustering

X-means 465965.18 22132.23 121979.9

DBSCAN 1241492 43606.79 22717033

Spatiotemporal clustering

X-means 230380.94 33312.99 0.21

DBSCAN 1107414.5 59425.45 0.95

COBWEB 46194.95 51247869.73 8.18

gested that if different clusters have different peaks and
coverage, they will have lower energy. In contrast, DBSCAN
cannot divide the temporal domain into different temporal
segments, and it has the highest energy. Therefore, the
clustering methods that can divide the temporal domain
into the various groups are likely to have lower energy. In
this table, we also apply the COBWEB to the spatiotemporal
data. COBWEB performs better in terms of energy in spatial
domain. However, its energy in temporal and balance are
much worst that other two clustering methods. As our aim
is to balance each clusters and temporal-interval based in-
formation should be considered, COBWEB cannot compare
with other two methods.

6.4 Spatio-temporal clustering evaluation

In this section, we use two popular internal clustering
evaluation method to validate three different clustering
approaches through the whole year data. Then we also com-
pare the result with our proposed method. The compared
result shows in Table 6.

We randomly select one day from per month in whole
year data given the size of the dataset. The value of Sil-
houette varies from −1 to 1. The Davies index is from 0 to
1. Each has a unique indexing scale to compare different
clustering approaches. Our method has three terms: spatial
energy, temporal energy and density. In this table, we use
the voting method. The clustering method who wins in the
majority of terms is shown in Table. That is, a clustering
method which wins two or three terms is the best clustering
method in our evaluation method.

We can see in Table 6 that X-means performs best in
our proposed evaluation method. Silhouette also prefers
Xmeans. DBSCAN is superior in Davies-Bouldin. This in-
dicates Davies-Bouldin is not a suitable evaluation method
for the parking case study, since DBSCAN provides the least
balanced results. It seems that our proposed method and
Silhouette have similar preferences. Silhouette validation
approach is likely to give a good score to the centroid-based
clustering method [42]. COBWEB is only performs the best
in a limited number of days. Our experiment indicates that
COBWEB is not a proper clustering method for this case
study.

In the first and second experiment, it shows that the
X-means performs better in our proposed method and
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TABLE 6
The comparison of two popular internal clustering evaluation approaches and our proposed method

Davies-Bouldin Silhouette Our method (Energy function)

Day 1 (Jan) DBSCAN Xmeans Xmeans

Day 2 (Feb) DBSCAN Xmeans Xmeans

Day 3 (Mar) DBSCAN COBWEB Xmeans

Day 4 (Apr) DBSCAN Xmeans Xmeans

Day 5 (May) DBSCAN Xmeans Xmeans

Day 6 (June) DBSCAN Xmeans Xmeans

Day 7 (July) DBSCAN Xmeans Xmeans

Day 8 (Aug) DBSCAN DBSCAN Xmeans

Day 9 (Sept) DBSCAN Xmeans Xmeans

Day 10 (Oct) DBSCAN Xmeans COBWEB

Day 11 (Nov) COBWEB COBWEB Xmeans

Day 12 (Dec) DBSCAN Xmeans Xmeans

especially in balance term. Therefore, Silhouette and our
proposed validation performs better than Davies-Bouldin
in this case. Besides, we compares distribution of each day
under different clustering methods. The Xmeans also per-
forms better than other two approaches even in the Day 3,
Day 8 and Day 11, which shows that our proposed method
is better than Silhouette in terms of balance. The clusters
which have similar density will have higher score in our
proposed criteria.

7 DISCUSSION

We conduct three main experiments on a real application.
Parking violation is a typical spatiotemporal-interval based
event. Through the result of experiments, we can draw the
following conclusions.

Firstly, our energy function can be used to compare dif-
ferent clustering methods without ground truth. There are
a lot of real applications without ground truth. Traditional
clustering analysis usually aims to cope with applications or
datasets with existing labels because it is easier to compare
different clustering methods with the presence of ground
truth. Therefore, our proposed energy model for measuring
clustering results without ground truth can bridge a gap
between traditional clustering study and real applications.

Secondly, though this paper focuses on spatiotemporal-
interval based data, it has the potential to be expanded to
other types of data, such as time-series data. Our proposed
energy function is generic, and we have shown two specific
terms that can be adapted from this function, i.e. cluster sim-
ilarity and balance. In this paper, we use parking violation
events as a case study. We aim to explore more potential
applications from our generic model in the future.

Thirdly, the experimental result reveals that taking ad-
vantage of temporal information can improve clustering
result on energy term on both spatial and temporal domains.
The energy generated from spatiotemporal based clusters is
much smaller than spatial clusters. This suggests that tem-
poral information is important in spatiotemporal-interval
based event clustering.

Fourthly, we have evaluated centroid-based, density-
based and hierarchy conceptual clustering approaches
for spatiotemporal data. The experimental result shows
that centroid-based clustering method works better than
density-based clustering methods on both spatial and tem-
poral domain. Our future work will explore different statis-
tical measures and parameter settings.

Lastly, we propose an approach to measure the distance
of spatiotemporal-interval data and balance among the clus-
ters.

8 RELATED WORK

The energy function is widely used in the optimization area.
In data clustering research, energy-based methods have also
been used. Past studies on energy function focus on how to
improve the speed of convergence of the energy function. It
is impossible to get the global minimum efficiently because
this problem is NP-hard.

Spatiotemporal-interval based applications are widely
spread in the real world, particularly for event, facility, or
city management. Methods to define the distance between
different temporal-interval based data is the main problem
in this area.

James [43] introduce the theory about interval-based
temporal data and a constraint propagation based algo-
rithm. It reveals the importance of studying time-interval
based data. However, it only considers about temporal
information. Nowadays, with the popularity of smart city
and management, the research in spatial-temporal data
analysis increasingly attracts more attention. Zhang [44]
analyzes critical events and studies the relationship between
the temporal dimension and spatial domain. They claimed
that there is a need for a model to map temporal-spatial
analysis of data to a clustering problem at algorithmic level.
However, they still focus on how to improve processing
speed. Delong [45] employ BoyKov’s idea and propose to
use energy minimization to segment graphs with label costs.
This work also reveal the inherent relationship between K-
means, GMM-based clustering method and graph-cut. The
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graph-cut method is one classical method to use energy as a
indicator to segment the graphs [26].

The closest related work is by Ruan [18], who proposed
the model and properties of temporal-interval based data.
They established a sequential pattern mining framework
PESMiner to cope with large-scale data. However, the pur-
pose of their research is to improve computational speed.
They did not explore the issues of evaluating clusters to
compare clustering results and to achieve better similarity
and balance. Zhang et. al [46] also design and implement a
interactive system to process a big volume of spatiotemporal
data.

9 CONCLUSION AND FUTURE WORK

Methods for analyzing sensor data with spatiotemporal in-
tervals are highly desirable in many real-world applications.
A general model for clustering spatiotemporal-interval data
is proposed and applied on leading traditional clustering
methods. The approach measures distance in spatial, tempo-
ral, and data dimensions. The proposed energy function can
be used to measure the similarity and balance of the clus-
tering results across different algorithms. Our experiments
show that the produced method can significantly reduce the
energy generated from both spatial and temporal dimension
by taking advantage of the temporal-interval information.
Moreover, we discover that centroid-based clustering meth-
ods perform better than density-based clustering methods
on both spatial and temporal dimensions. We also demon-
strate how to measure the balance among clusters for real-
world applications.

In the future, we would like to compare and evaluate
other clustering methods such as GMM. In addition, setting
the optimal α in the energy function is a challenge, since
it is difficult to measure data in two different dimensions.
The α parameter should depend on the objective of the
application. For example, for parking monitoring system,
if the purpose is to check all cars in violation in a particular
time period, the α should consider both the walking speed
of patrolling officers and the duration of parking violation.
Tuning this parameter can lead to another interesting prob-
lem. Future work will also include a study on optimising the
number of clusters with the cluster similarity and balance.
This is because the number of clusters is an important factor
on how many officers the government needs to recruits
and distribute. The transportation authority can utilise the
information from the parking data clusters to organise the
allocations of parking officers to different regions.
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