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Abstract — Spatio-temporal clustering is a subfield of 
data mining that is increasingly gaining more scientific 
attention due to the advances of location-based or 
environmental devices that register position, time and, in 
some cases, other semantic attributes. This process 
pretends to group objects based in their spatial and 
temporal similarity helping to discover interesting 
patterns and correlations in large data sets. One of the 
main challenges of this area is the ability to integrate 
several dimensions in a general-purpose approach. In 
this paper, such general approach is proposed, based on 
an extension of the SNN (Shared Nearest Neighbor) 
algorithm. The 4D+SNN algorithm allows the integration 
of space, time and one or more semantic attributes in the 
clustering process. This algorithm is able to deal with 
different data sets and different discovery purposes as 
the user has the ability to weight the importance of each 
dimension in the discovery process. The results obtained 
are very promising as show interesting findings on data 
and open the possibility of integration of several 
dimensions of analysis in the clustering process. 

Keywords - clustering; density-based clustering; spatio-
temporal data; distance function; spatio-temporal clustering 

I.  INTRODUCTION 
Nowadays, recent developments in information systems 

and technologies support the collection and storage of large 
amounts of data by organizations. The analysis of such data 
collections to support the decision-making process represents 
a major challenge [1]. 

When dealing with spatial or spatio-temporal data, the 
complexity of the data analysis task increases. It is necessary 
to study the relationship of the objects or entities with the 
space and, also, the spatial relationships among those objects 
(like neighborhood, proximity, among others). Time 
indicates when an event was recorded and semantic 
attributes classify the objects and may change over time [2]. 
The analysis of these data is becoming more and more 
relevant due to the huge amounts of spatio-temporal data that 
is generated everyday by positioning and sensing 
technologies. 

Several approaches have been proposed for clustering 
spatio-temporal data but, to the best of our knowledge, none 

can deal with geo-reference data in a way that space (2D), 
time (1D) and one (or more) semantic attribute(s) (1D) are 
considered in such a way that are simultaneously analyzed in 
the clustering process. 

The 4D+SNN algorithm, proposed in this paper for 
clustering of spatio-temporal data, is an extension of the 
SNN (Shared Nearest Neighbor) algorithm. 

This paper is organized as follows. Section II summarizes 
related work on spatio-temporal clustering. Section III 
presents an analytical perspective of spatio-temporal data. 
Section IV describes the SNN algorithm and the proposed 
extension to handle 4D data in the clustering process. Section 
V presents the obtained results clustering two synthetic data 
sets and a real data set. Section VI concludes with a 
summary of the main findings and proposal of future work. 

II. RELATED WORK 

Clustering is a popular data-mining technique able to 
extract synthetic information from complex data sets [1]. The 
objective of clustering is to identify groups of categories or 
clusters that divide the analyzed data, identifying 
homogeneous groups of objects. This means that objects in 
the same group have to be as similar as possible and objects 
in different groups have to be as dissimilar as possible, 
ensuring high intra-cluster similarity and low inter-cluster 
similarity [3]. Clusters emerge naturally from the data under 
analysis using some distance function established to measure 
the similarity among objects. From the several categories of 
clustering [1][4], partition, hierarchical, density-based and 
grid-based, this paper is focused on density-based ones as 
they proved to be adequate in the analysis of spatio-temporal 
data [5][6]. 

Density-based algorithms can handle noise, outliers and 
can create clusters of different sizes and shapes. This type of 
algorithm generally needs as input parameter the radius of 
the neighborhood of a point and the minimum number of 
points in that neighborhood [4]. 

For the analysis of spatio-temporal data, using clustering 
algorithms, several approaches have been proposed.  Birant 
and Kut proposed the ST-DBSCAN [7] based on the 
DBSCAN algorithm [8]. First, ST-DBSCAN filters the 
spatio-temporal data in order to identify the temporal 
neighbors and their corresponding spatial values. 



Afterwards, the DBSCAN algorithm is applied to form the 
clusters. The authors use the Euclidean distance to measure 
the spatial distance between points and propose another 
equation, also based on the Euclidean distance, to measure 
the similarity of non-spatial values. They can handle 
temporal aspects as the algorithm first filter the data by 
retaining only the temporal neighbors and their 
corresponding values. The authors define that two objects are 
temporal neighbors if they are in consecutive time units such 
as consecutive days in the same year or in the same day in 
consecutive years. This algorithm requires more input 
parameters, compared with DBSCAN, adding more 
complexity to the input parameters tuning process. In this 
approach, the two dimensions (space and time) are not 
analyzed in an integrated way, requiring a previous temporal 
selection on the data for spatial analysis.  

Other work [9] used the DBSCAN algorithm to perform 
spatial clustering of the data and the temporal clustering of 
the obtained spatial clusters. The developed approach is 
devised also for spatio-temporal events. This strategy was 
also followed by [10] to cluster trajectories. The authors 
combined the spatial and temporal dimensions in a similar 
way. First, spatial clustering is used to extract spatially 
similar trajectories and then temporal clustering is applied to 
the obtained clusters. This is a two-step clustering process in 
which the second step is influenced by the results obtained in 
the first step. 

Another algorithm that was also extended to analyze 
spatio-temporal data was the SNN algorithm [11]. Liu, Bi 
and Yang [12] presents the STSNN algorithm to cluster 
spatio-temporal data and they tested it with data about 
earthquakes. This algorithm needs a new input parameter 
(Delta T), which is combined with the three original input 
parameters of the SNN algorithm (Eps, k, MinPts), allowing 
the definition of the time window in which two spatio-
temporal events are considered neighbors. The specified 
temporal window influences the clustering result. 

To cluster moving objects, [13] created a new concept, 
the REMO-matrix, in which the motion of the objects is 
logged at regular intervals of time and then transformed into 
angles. After that, these angles are matched to the generic 
motion patterns proposed by the authors, like Constance, 
Concurrence and Trend-setter. Looking for these patterns in 
the movement of people or animals allow the identification 
of tracks, flocks or leadership patterns, respectively. To 
identify these patterns it is necessary to calculate the spatial 
proximity between moving point objects as many objects can 
move in a similar way but be far from each other not 
representing any kind of moving pattern. 

Previous paragraphs synthetized several approaches 
already proposed to deal with spatio-temporal data. To the 
best of our knowledge, none of the existing approaches can 
handle time and space in an integrated way and can also 
incorporate one or more semantic attributes in this process. 
Next section briefly presents a real data set and discusses 
how one may consider different analytical perspectives of 
spatio-temporal data. 

III. ANALYTICAL PERSPECTIVES OF SPATIO-TEMPORAL DATA 

For the purpose of the work presented in this paper, we 
consider that spatio-temporal data includes at least spatial 
and temporal components and may include additional 
semantic components. 

Let us consider a real data set integrating 35,941 fires 
occurred in Continental Portugal in 2011. This data set will 
be named as the fires data set in this paper. Each fire in this 
data set is described using 38 attributes that include the 
spatial coordinates; the type of fire; the locality, parish, 
municipality and district; the date and time of the fire alert; 
the burnt area; if it was a false alarm; and many other 
attributes. Table 1 shows an extract of this data set 
emphasizing where the fire took place (spatial coordinates), 
when the fire started, its type and the total burnt area (in 
hectares). 

 
Table 1.  Sample of 2011 Portugal fires data set. 

Type X Y Date Hour Burnt 
Area 

Florestal 187786 519555 30/01/2011 17:40 1.51 

Agrícola 194201 509450 31/01/2011 20:19 0.002 

Florestal 183556 356452 01/02/2011 10:55 0.005 

Queimada 273293 386444 01/02/2011 12:04 0.003 

Florestal 197440 474255 02/02/2011 18:20 0.2 

Florestal 178876 479812 03/02/2011 14:15 0.16 

Florestal 185465 498113 03/02/2011 15:51 0.04 

Florestal 181452 501020 03/02/2011 18:30 0.1 

 
If we only consider the where (spatial coordinates) and 

when (time), we are dealing with events allowing us to verify 
what are the places with more incidence of fires and in what 
period of the year fires are more frequent. But we can also 
group fires into clusters taking into consideration the burnt 
area. Instead of the burnt area the user can use the type of 
fire, obtaining clusters that consider space, time and type. 
Moreover, in an analytical perspective in which several 
views or dimensions of the data can be integrated in the data 
analysis process, allowing a deeper understating of the 
phenomenon under analysis, the user may want to see where, 
when, the burnt area and the type of fire. Such analysis 
creates several analytical perspectives that provide different 
views of the data. 

 However, this inclusion in the clustering process of the 
burnt area or the type of fire cannot be undertaken in the 
same way. Both variables behave differently as the burnt 
area is a real number of a ratio measurement scale and the 
type of fire is a categorical attribute that has a finite number 
of values. 

Next section introduces the proposed approach to deal 
with these different analytical perspectives.  

 



IV. 4D+SNN: THE SHARED NEAREST

ALGORITHM FOR 4D DATA

The SNN algorithm is a density-b
algorithm proposed by [11]. It has the capa
clusters of different shapes, sizes and densiti
capability to deal with noise. 

SNN is based on the notion of similarity
similarity between points by calculating 
nearest neighbors that two points shar
neighbors are calculated using a distance 
density of a point is the number of point
radius. Points with high density are classifi
and points with low density will become n
This similarity definition between poi
algorithm to deal with data sets of variabl
able to identify clusters with those different 

This algorithm needs three input param
MinPts. k is the number of neighbors, 
threshold density and MinPts is the minimu
point has to have to be considered a core poi

The most important input parameter is 
list size) because it strongly influences the g
clusters. If k is too small, even a uniform clu
into several clusters and because of that, th
have a tendency to find many small, but ti
the contrary, if k is too high, the algorithm
few large, well separated clusters [11]. 

The main steps of the SNN algorithm ar
[11]: 

1. Construct the similarity matrix: a
with data points as nodes and edge
are the similarities between those da

2. Reduce the similarity matrix: keep
similar neighbors, i.e., the k strong
similarity graph; 

3. Create the SNN graph: using the 
and applying a similarity threshold; 

4. Calculate the SNN density of each
Eps value to filter what are equal or 

5. Find the core points: filter poi
density greater than MinPts; 

6. Form clusters: if two core poin
radius, Eps, they are placed in the sa

7. Discard all noise points: all non-co
not within a radius, Eps, of a 
considered noise and consequently, 

8. Assign all the other points to clu
and non-core points are assigned to
point. 

 
For measuring the similarity of data p
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obtained through this approach allow the 
common distances between neighbors and 
of those distances that are influenced by 
noise points in the data set (Figure 1). T
inspired by the k-sort graphs proposed in [8]

The analysis of several data sets, either 
allowed the identification of the distance va
80% decile as an appropriate value for 
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usually associated to neighbors’ values and 
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between the consecutive distance values
distance array is equal to 0, even in the 
algorithm successively increments the 80
until a difference different than 0 is found.
shown in Figure 1 were obtained for the
described in more detail in the following s
shows the distance values for the real data
paper, the 2011 Portugal fires data set. 

 

Figure 2. Sorted distances for the spatial dimension f

For the temporal dimension, the identif
follows a similar process like the one ju
MaxS. The only difference is that the te
between each point and the minimum time 
the data set is calculated. 

For adding more dimensions to the clust
this case a semantic attribute (൏ ,ݔ ,ݕ ,ݐ ܽ ൐)
values, the distance function needs to be e
new dimension also needs to be normalized
MaxA value is calculated following the appr
weighting factor (wa) is also added allow
control the type of patterns that can be obtain

Finally, in the last dimension (attribut
employ a function that suits the attribute do
a function that deals with two or more se
combined in one. 

 

identification of 
the identification 
the presence of 

This process was 
].  
synthetic or real, 

alue given by the 
the MaxS. The 

distances that are 
those that start to 

in a spatially 
the data set are 

ers, the difference 
s in the sorted 
80% decile, the 

% value by 1% 
. Distance values 
e t5.8k data set, 
section. Figure 2 
a set used in this 

 
for the fires data set. 

fication of MaxT 
ust described for 
emporal distance 
instant present in 

tering process, in 
) with continuous 

extended (2). The 
d and for that the 
roach of MaxT. A 
wing the user to 
ned. 
te), the user can 
main or even use 

emantic attributes 

,ଵ݌ሺܦ4 ଶሻ݌ ൌ ௦ݓ כ ஽௦ሺ௫భ,௫మ,௬భ,௬ெ௔௫ௌ           ݓ௔ כ ஽௔ሺ௔భ,௔మሻெ௔௫஺  

This extension of the SNN
simultaneously analysis of 4 or mor
this process, new dimensions can be
new attributes to the distance functi
non-spatial attributes in one semanti

V. RESULTS

This section presents the results 
two synthetic data sets that were mo
time dimension. This was neede
temporal data sets are hard to find
set, the fires data set, is also used. 

For the purpose of this work 
presented next, the spatial distance c
distance (3). (4) was used for time 
attribute 

,ଵ݌ሺݏܦ  ଶሻ݌ ൌ ඥሺݔଵ െ ଶሻଶݔ ൅
 

,ଵ݌ሺݐܦ  ଶሻ݌ ൌ ଵݐ|  െ
,ଵ݌ሺܽܦ  ଶሻ݌ ൌ  |ܽଵ െ
 

In order to have a starting poi
appropriate values for the SNN inpu
an approach proposed by Moreira, 
[16]. With the values given by 
performed the first test and accordin
parameters were adjusted to the f
results presented next. 

A. Synthetic Data Sets 

The data set named t5.8k integ
spatial distribution is shown in Figur

Figure 3.  Spatial Distribution of t5.8k. 

In this data set, two differen
t5.8k.a and t5.8k.b in this paper) w
temporal dimension. First (t5.8k
vertically split in six days. For eac
were randomly distributed along the

Using the 4D+SNN implemen
Figure 4 shows the 6 resulting cluste
for space and time, 50%. Noise po
identified in the boundary of each ti
shows the adequacy of the distan
measure the similarity of the ob
correctness of the heuristic applied

௬మሻ ൅ ௧ݓ כ ஽௧ሺ௧భ,௧మሻெ௔௫் ൅
(2) 

 algorithm allows the 
re dimensions. Following 
e integrated either adding 
ion or combining several 
ic one. 

S 

obtained from clustering 
odified to incorporate the 
ed as synthetic spatio-

d. Afterwards, a real data 

and for all the results 
chosen was the Euclidean 
and (5) for the semantic 

ሺݕଵ െ ଶ|  (4) െݐ   ଶሻଶ (3)ݕ  ܽଶ| (5) 

int in the search for the 
ut parameters, it was used 

Santos and Moura-Pires 
this approach, it was 

ng to the results, the SNN 
final parameters used in 

grates 8000 points which 
re 3.  

 
Chameleon data sets [17]. 

nt modifications (named 
were made for adding the 
k.a), the data set was 
ch day, the several points 
e day.  
ntation, and for t5.8k.a, 
ers using the same weight 
oints (black points) were 
ime transition. This result 
nce function defined to 
bjects and confirm the 
 to identify the variables 



used in the normalization of each dimensio
and MaxT.  

 

Figure 4.  Result of Spatio-temporal Clustering Using
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VI. CONCLUSIONS AND

The proposed approach, the 4D+

promising results, with spatial and
more dimensions, because both
effectively clustered identifyin
This approach has some advantage
studied in Section II. Specifically, t
the STSNN [12] were the two pri
field of study of this work. In com
approaches, the 4D+SNN can clus
dimensions in an integrated way 
dimensions simultaneously in 
imposing no restrictions to the clu
Other advantage of this approach is 
input parameters to the algorithm, w
experience (the ST-DBSCAN a
parameters and the STSNN needs t
is the time window to an objec
neighborhood of another object). T
this approach needs are the weight
can tune in order to improve the res
a specific range of possible values (0
difficult for the user to understand h
he wants to give more importance to
he has to do is to increase the w
dimension. This is possible becaus
the normalization parameters needed
equivalent, i.e., stop using 
The main advantage of this appr
cluster objects with spatial, te
dimensions which, to the best of o
approach can do. 

The results achieved with both
sets are very promising as spatio
effectively clustered identifying rele
continue the work carried so far, as

nsities depend on the used 

m and Minimum per Cluster 
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D FUTURE WORK 

SNN, had interesting and 
d temporal data or with 

h types of data were 
ng relevant patterns. 
es in relation to the ones 
the ST-DBSCAN [7] and 
ncipal approaches to the 
mparison with these two 
ster spatial and temporal 
because it considers all 
the distance function, 

usters that can be found. 
that it does not add more 

which facilitates the user 
adds two more input 
that the user knows what 
ct be considered in the 
The input parameters that 
ting factors that the user 
sults but this factors have 
0-100) so it should not be 
how these factors work, if 
o a specific dimension all 

weight associated to that 
se this approach can find 
d to make the dimensions 
measures and scales.  

roach is the capacity to 
emporal and semantic 
our knowledge, no other 

h synthetic and real data 
o-temporal objects were 
evant patterns. In order to 
s future work we plan to 



introduce a discrete attribute in the clustering process, 
opening new possibilities in the analysis of non-spatial 
attributes. We also plan to further investigate our heuristic to 
identify the normalization factors, now depending of the 
80% decile, through an approach that uses the properties of 
the data set to discover the normalization parameters. 
Moreover, the current implementation will be complemented 
with a graphical user interface that will allow any user to 
take advantage of it. This implementation will be available in 
the web as open-source code. 
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