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ABSTRACT
Even though many studies have shown the usefulness of clustering
for the exploration of spatio-temporal patterns, until now there is
no systematic description of clustering methods for geo-referenced
time series (GTS) classified as one-way clustering, co-clustering and
tri-clustering methods. Moreover, the selection of a suitable cluster-
ing method for a given dataset and task remains to be a challenge.
Therefore, we present an overview of existing clustering methods
for GTS, using the aforementioned classification, and compare dif-
ferent methods to provide suggestions for the selection of appro-
priate methods. For this purpose, we define a taxonomy of
clustering-related geographical questions and compare the cluster-
ing methods by using representative algorithms and a case study
dataset. Our results indicate that tri-clustering methods are more
powerful in exploring complex patterns at the cost of additional
computational effort, whereas one-way clustering and co-clustering
methods yield less complex patterns and require less running time.
However, the selection of the most suitable method should depend
on the data type, research questions, computational complexity,
and the availability of the methods. Finally, the described classifica-
tion can include novel clustering methods, thereby enabling the
exploration of more complex spatio-temporal patterns.
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1. Introduction

Advances in data collection and sharing techniques have resulted in significant increases
in spatio-temporal datasets. Therefore, novel approaches in terms of pattern mining and
knowledge extraction are required for such large datasets (Miller and Han 2009, Cheng
et al. 2014, Shekhar et al. 2015). Geo-referenced time series (GTS), a type of spatio-
temporal data, record time-changing values of one or more observed attributes at fixed
locations and consistent time intervals (Kisilevich et al. 2010). GTS is popular in real
applications, and examples include hourly PM2.5 concentrations observed at a network
of ground monitoring stations. Moreover, sequences of images can also be considered as
GTS, e.g., satellite image time series.
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Clustering is a data mining task that identifies similar data elements and groups them
together. As a result, data elements in each group, or cluster, are similar to each other and
dissimilar to those in other groups (Berkhin 2006, Han et al. 2012). This allows an overview
of datasets at the cluster level and also provides insights into details by focusing on
a single cluster (Andrienko et al. 2009). Thus, clustering is useful for extracting patterns
from spatio-temporal datasets.

As mentioned in previous studies (Zhao and Zaki 2005, Henriques and Madeira 2018, Wu
et al. 2018), clusteringmethods for GTS can be classified as one-way clustering, co-clustering
and tri-clustering methods depending on the dimensions involved in the analysis. In such
a classification, one-way clustering methods, also termed traditional clustering, identify
clusters in one of the dimensions of 2D datasets based on the similarity of data elements
along the other dimension (Dhillon et al. 2003, Zhao and Zaki 2005). Also analyzing 2D
datasets, co-clustering methods identify (co-)clusters along both spatial and temporal
dimensions based on the similarity of data elements along these two dimensions
(Banerjee et al. 2007, Wu et al. 2020a). Tri-clustering methods identify (tri-) clusters based
on the similarity of data elements along spatial, temporal and third, e.g., attribute, dimen-
sions from 3D datasets (Wu et al. 2018, Henriques andMadeira 2018). However, a systematic
description of clustering methods for GTS from this perspective has not yet been reported.

Besides, an important issue concerns selecting appropriate clustering methods for
specific tasks at hand considering various available methods (Grubesic et al. 2014).
Similar issues also exist when choosing clustering methods for GTS and we aim to provide
suggestions for selecting suitable methods. To achieve this, we define a taxonomy of
clustering-related geographical questions, compare clustering methods in the above
classification by answering these questions using representative algorithms and a case
study dataset, and provide suggestions for selecting suitable methods.

Thus, the objective of this study is to provide two important and unique perspectives
on clustering methods for GTS. First, we provide an overview of clustering methods for
GTS using the classification outlined above. Thereafter, we compare different clustering
methods by answering clustering-related geographical questions and provide sugges-
tions on selecting suitable methods.

The structure of this paper is as follows: First, we describe the types of GTS and define
clustering-related questions in Section 2. Thereafter, we systematically describe the
clustering methods for GTS in the classification in Section 3. In Section 4, our case study
dataset and representative algorithms are described. Clustering results are interpreted
and the algorithms are compared in Section 5. Finally, we discuss the results in Section 6
and draw conclusions in Section 7.

2. GTS and questions for clustering GTS

The characteristics of the data to be analyzed heavily influence the choice of clustering
methods (Andrienko and Andrienko 2006, Kisilevich 2010). As a type of spatio-temporal
data, GTS instinctively involves three components: space (S), time (T) and attribute (A) in
a triad framework (Peuquet 1994). Depending on the number of attributes, GTS can be
divided into single attribute GTS (abbreviated to GTS-A, where A indicates the single
attribute) and multiple attributes GTS (abbreviated to GTS-As, where the affixed
s indicates the plural form). Alternatively, if single attribute GTS has one attribute but two
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nested hierarchies in either spatial or temporal dimension (e.g., day and hour in the case
of time), then GTS also includes the single attribute GTS with nested hierarchies in the
spatial dimension (abbreviated to GTS-Ss, where the S after the hyphen indicates the spatial
dimension, and s indicates the plural form) and one with nested hierarchies in the temporal
dimension (abbreviated as GTS-Ts, where T after the hyphen indicates the temporal dimen-
sion, and s indicates the plural form). GTS with more complex structures, e.g., with multiple
attributes and nested spatial and temporal dimensions, are beyond the scope of this paper
and not further discussed – also because they need the development of new clustering
methods.

With two dimensions, GTS-A are 2D GTS and typically organized into a data table where
rows are locations, columns are timestamps in which the attribute is observed, and
elements of the table are values of the attribute (Figure 1(a)); for example, hourly PM2.5

concentrations recorded at monitoring stations. With three dimensions, GTS-As, GTS-Ss
and GTS-Ts are 3D GTS, and any of them can be organized into a data cuboid with rows,
columns and depths as its three dimensions. Take GTS-As for instance, in which rows are
locations, columns are timestamps, depths are attributes, and elements are values of
attributes observed at corresponding locations and timestamps (Figure 1(b)); for example,
hourly PM2.5, PM10, NO2 and CO values recorded at monitoring stations.

In addition to the data characteristics, the other important factor for selecting cluster-
ing methods is the questions researchers are interested to answer (Andrienko and
Andrienko 2006). According to the triad framework developed by Peuquet (left of
Figure 2), three types of questions can be structured for GTS concerning the three
components: (1) where (space) + when (time) → what (attribute); (2) when + what →
where; (3) where + what→ when (Peuquet 1994). For these questions, two reading levels

Figure 1. Various formats of GTS under different situations. (a) single attribute GTS (GTS-A); (b)
multiple attributes GTS (GTS-As); (c) single attribute GTS with nested hierarchies in spatial dimension
(GTS-Ss); (d) single attribute GTS with nested hierarchies in temporal dimension (GTS-Ts).

Figure 2. Triad framework to structure questions of the clustering analysis of GTS.
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are distinguished as elementary and synoptic, depending on whether the elements of
components are treated individually or not (Bertin 1983, Andrienko and Andrienko 2006);
for instance, questions regarding one location belong to the elementary level whereas
those regarding part of or the whole area belong to the synoptic level. Based on the
aforementioned work, a taxonomy of clustering-related geographical questions is defined
with three new components: spatial-cluster (SC), temporal-cluster (TC) and cluster (C), as
well as two reading levels (right of Figure 2). Correspondingly, questions regarding one
spatial-cluster belong to the elementary level while those regarding all spatial-clusters or
the subsets belong to the synoptic level. According to the taxonomy, 12 questions are
structured (Table 1).

3. Classification of clustering methods for GTS

The classification of clustering methods for GTS into one-way clustering, co- and tri-
clustering methods is systematically described in this section. Each category is further
divided into hierarchical and partitional methods depending on whether nested clusters
are created. For each type of clustering method, we first explain principles of the method
and then provide an overview of the main methods used in previous studies, emphasizing
on the analysis of GTS.

Table 1. Clustering-related geographical questions.
Components

Reading levels

I. where (SC) + when (TC) → what (C)
Elementary SC
+ elementary TC

What is the value of the cluster observed at spatial-cluster sci and timestamp-cluster tci?

Synoptic SC
+ elementary TC

What is the trend of the cluster(s) observed in the whole study area at timestamp-cluster tci?

Elementary SC
+ synoptic TC

What is the trend of the cluster(s) observed at location-cluster lci over the whole study
period?

Synoptic SC
+ synoptic TC

What is the trend of the cluster(s) observed in the whole study area over the whole study
period?

II. when (TC) + what (C) → where (SC)
Elementary TC +
elementary C

At which location-cluster(s) is the cluster ci observed in timestamp-cluster tci?

Synoptic TC
+ elementary C

At which location-cluster(s) is the cluster ci observed over the whole study period?

Elementary TC
+ synoptic C

At which location-cluster(s) are all clusters observed in timestamp-cluster tci?

Synoptic TC
+ synoptic C

At which location-cluster(s) are all clusters observed over the whole time period?

III. where (SC) + what (C) → when (TC)
Elementary SC +
elementary C

In which timestamp-cluster(s) is the cluster ci observed at location-cluster li?

Synoptic SC +
elementary C

In which timestamp-cluster(s) is the cluster ci observed in the whole study area?

Elementary SC +
synoptic C

In which timestamp-cluster(s) are all clusters observed at location-cluster li?

Synoptic SC +
synoptic C

In which timestamp-cluster(s) are all clusters observed in the whole study area?
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3.1. One-way clustering methods

Both traditional partitional and hierarchical clusteringmethods analyze 2DGTS organized into
the table either from the spatial or the temporal perspective, respectively. For example,
traditional partitional clustering methods regard locations as objects and timestamps as
attributes when analyzing from the spatial perspective (Figure 3(b1)). Then, they partition
locations into location-clusters, based on the similarity of data elements across all timestamps.
As the clustering results are location-clusters, such an analysis is also known as spatial
partitional clustering. When analyzing from the temporal perspective (Figure 3(b2)), tradi-
tional partitional clusteringmethods regard timestamps as objects and locations as attributes.
Subsequently, they partition timestamps into timestamp-clusters based on the similarity of
elements across all locations. Such an analysis is also known as temporal partitional clustering
because the resulting clusters are timestamp-clusters. Theoretically, any traditional clustering
method can perform spatial and temporal clustering analysis separately.

3.1.1. Overview of traditional clustering methods
Extensive studies have been conducted for the application of clusteringmethods for spatio-
temporal data, including GTS (Berkhin 2006, Han et al. 2012), most of which are traditional
methods. Regarding traditional partitional clustering algorithms, the most widely used one
is k-means (MacQueen 1967, Lloyd 1982). This algorithm is described in detail as being
representative of one-way clustering methods (Section 4.2). White et al. (2005) and Mills
et al. (2011) employed k-means to locate similar regions in terms of phenology. Using
a partitioning and optimization process similar to that of k-means, iterative self-organizing
data analysis (ISODATA) employs the predefined number of clusters as an initial estimate,
and it is able to delete, split, and merge clusters for further refinement (Tou and Gonzalez
1974). Gu et al. (2010) applied ISODATA, which is widely used in remote sensing, to identify

Figure 3. Partitional clustering methods for GTS: (a&b1&b2) one-way clustering, (a&c) co-clustering
and (d&e) tri-clustering.
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regions with similar phenological characteristics. Kohonen (1995) developed self-organizing
maps (SOM) to map n-dimensional input data to neurons on a 2D plane. Starting with
a random initialization of values for the neurons, SOM considers each input data as a vector
and aims to determine its best match unit (BMU) in the neurons with the nearest Euclidean
distance. Once chosen as a BMU of a particular vector, the neuron changes the values of its
neighboring neurons in the output space by using a neighborhood function. The above-
mentioned training process ceases when all the input vectors find their corresponding
BMUs, and the output neurons become stable. Thus, SOM groups similar input vectors to
the same or adjacent neurons, thereby proving their feasibility for partitional clustering
analysis. Owing to its effectiveness for dimension reduction, SOM has also been used for
spatial or temporal clustering in many applications such as company location (Guo et al.
2006), crime rate analysis (Andrienko et al. 2010), and weather analysis (Wu et al. 2013).

In terms of traditional hierarchical clustering methods, popular algorithms are
balanced iterative reducing and clustering using hierarchies (BIRCH, Zhang et al.
1996) and hierarchical SOM (Hagenauer and Helbich 2013). Designed for clustering
large datasets, BIRCH first extracts the clustering features (CFs) from data and then
organizes the CFs into a clustering feature tree (CF tree). Then, the next optional step
entails compressing the initial CF tree into a smaller one to remove outliers and group
sub-clusters. Once the smaller CF tree is built, BIRCH uses an existing hierarchical
clustering algorithm to conduct global clustering with the CF tree. The final optional
step is to reassign data elements to the closest existing cluster centroids to refine the
clusters. Inspired by previous work on Kangas Map (KM, Kangas 1992, Bação et al.
2005) and SOM, Hagenauer and Helbich (2013) proposed a hierarchical clustering
algorithm named hierarchical spatio-temporal SOM (HSTSOM), which is designed with
a spatial and temporal KM in the upper layer and a basic SOM in the lower layer. To
separately consider the spatial and temporal dependence of the data, HSTSOM trains
the two KMs in the upper layer independently but in parallel. To identify spatio-
temporal clusters, this algorithm then concatenates the positions of BMUs in the
upper-layer KMs for each input data to create training vectors for the lower-layer
SOM. In their study, HSTSOM was applied to analyze the socio-economic character-
istics of Vienna. Additional traditional clustering methods are discussed in the litera-
ture (Berkhin 2006, Miller and Han 2009, Grubesic et al. 2014).

3.2. Co-clustering methods

Both partitional and hierarchical co-clustering methods treat locations and timestamps
equally and concurrently analyze 2D GTS along the spatial and temporal dimensions. For
example, partitional co-clustering methods (Figure 3(c)) simultaneously partition loca-
tions into location-clusters and timestamps into timestamp-clusters based on the simi-
larity of data elements along both locations and timestamps. In this case, the clustering
results are co-clusters with similar elements along both dimensions, which are intersected
by each of location-clusters and timestamp-clusters.

3.2.1. Overview of co-clustering methods
Co-clustering methods have attracted significant attention ever since they were first
proposed in the early 1970s (Hartigan 1972, Padilha and Campello 2017, Shen et al.
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2018, Wu et al. 2020b). However, the majority of previous studies focused on other fields,
especially bioinformatics (Eren et al. 2012), with only a few recent studies focusing on
spatio-temporal data (Wu et al. 2017). To ensure our overview is comprehensive, co-
clustering methods used in other fields are also mentioned here.

Regarding partitional co-clustering methods, Dhillon et al. (2003) proposed the informa-
tion theoretic co-clustering (ITCC) algorithm for simultaneous word-document clustering.
With an initial random mapping from words to word-clusters and document to document-
clusters, ITCC regards the co-clustering issue as the optimization process in information
theory and formulates the objective function as the loss of mutual information between the
original variables (word and document) and the clustered ones (word-clusters and docu-
ment-clusters). Then, it optimizes the objective function by reassigning words and docu-
ments to word-clusters and document-clusters until convergence is achieved. Cho et al.
(2004), who aimed to analyze gene expression data, developed a co-clustering algorithm by
using the minimum sum-squared residual as the similarity/dissimilarity measure. This algo-
rithm organizes data in the form of a 2D matrix and yields the first set of row-clusters and
column-clusters using either random or spectral initialization, and uses residuals to build
the objective function, which it then minimizes to obtain the optimal co-clustering results.
Generalizing these previous studies (Dhillon et al. 2003, Cho et al. 2004), Banerjee et al.
(2007) subsequently proposed the Bregman co-clustering algorithm as a meta co-clustering
algorithm that aims to partition the original data into co-clusters with several distortion
functions such as the Euclidean distance. They also mentioned several applications of co-
clustering such as natural language processing (Rohwer and Freitag 2004) and video
content analysis (Cai et al. 2005). Recently, Wu et al. (2015) applied the Bregman block
average co-clustering algorithm with I-divergence (BBAC_I), a special case of the Bregman
co-clustering algorithm, to analyze temperature series for simultaneous location and time-
stamp clustering. This was the first study that applied co-clustering analysis to spatio-
temporal data. Afterwards, several studies applied BBAC_I for analyzing GTS in a variety
of fields, for example, disease hotspot detection (Ullah et al. 2017) and identification of
favorable conditions for virus outbreaks (Andreo et al. 2018).

Regarding hierarchical co-clustering methods, Hartigan (1972) developed a direct co-
clustering algorithm and applied it to analyze American presidential voting. This algo-
rithm, which is one of the earliest co-clustering algorithms, employs the squared
Euclidean distance to build the objective function and then aims to minimize it by
using a ‘divide and conquer’ direct clustering algorithm in a hierarchical manner.
Another hierarchical co-clustering algorithm proposed by Hosseini and Abolhassani
(2007) aimed to analyze queries and URLs of a search engine log, to mine the query
logs in web information systems. This algorithm uses the queries and URLs to construct
a bipartite graph in which singular value decomposition (SVD) is used to perform dimen-
sion reduction. Subsequently, k-means is used to iteratively cluster queries, and URLs are
used to create the hierarchical categorization. Costa et al. (2008) developed a hierarchical,
model-based co-clustering algorithm and used it to analyze internet advertisements.
Considering the dataset as a joint probability distribution, this algorithm groups tuples
into clusters characterized by different probability distributions. Thereafter, co-clusters are
identified by exploring the conditional distribution of elements over tuples. Inspired by
ITCC, Cheng et al. (2012), and Cheng et al. (2016) proposed a hierarchical co-clustering
algorithm by employing the information divergence as the measure of similarity/
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dissimilarity to analyze newsgroups and documents. This algorithm starts with an initial
co-cluster, and then constructs hierarchical structures of rows and columns by iteratively
splitting the rows and columns to achieve convergence. Unlike ITCC, which uses the loss
in mutual information, Ienco et al. (2009) and Pensa et al. (2012) proposed a hierarchical
co-clustering algorithm named Incremental Flat and Hierarchical Co-Clustering (iHiCC).
This algorithm employs Goodman-Kruskal’s τ coefficient to measure the strength of the
link between two variables and uses the result for text categorization. Using the first
hierarchy created by τCoClust (Robardet 2002), this algorithm divides rows and columns
iteratively until only one element remains in all leaves of the hierarchies of both rows and
columns. However, to date, studies that have applied hierarchical co-clustering methods
for the analysis of spatio-temporal data have not been published. Detailed reviews on co-
clustering were presented by Charrad and Ahmed (2011), Eren et al. (2012), and Padilha
and Campello (2017).

3.3. Tri-clustering methods

Both partitional and hierarchical tri-clustering methods concurrently analyze 3D GTS in
the cuboid along the spatial, temporal, and third dimensions. For example, partitional tri-
clustering analysis of GTS-As (Figure 3(e)) simultaneously groups locations into location-
clusters, timestamps into timestamp-clusters and attributes into attribute-clusters based
on the similarity of data elements along all three dimensions. The clustering results are tri-
clusters that contain similar elements along locations, timestamps and attributes, which
are intersected by each of location-clusters, timestamp-clusters, and attribute-clusters.

3.3.1. Overview of tri-clustering methods
Since the proposal of the first tri-clustering algorithm in 2005 (Zhao and Zaki 2005), this
emerging subject has attracted increasing attention (Henriques and Madeira 2018).
Almost all previous studies on tri-clustering methods focused on other fields, with few
on geo-related fields (Wu et al. 2018). Nevertheless, we mention other methods to ensure
our description is complete.

Previous studies focused on partitional tri-clustering methods to a larger extent. Zhao and
Zaki (2005) introduced the first tri-clustering algorithm named TRICLUSTER, which aims to
mine coherent gene expression over time based on graph-based approaches. TRICLUSTER
first identifies co-clusters as the intermediate results by creating multigraphs of ranges and
finding constrained maximal cliques. Subsequently, these candidate co-clusters generate tri-
clusters. Thereafter, Sim et al. (2010) proposed the mining-correlated 3D subspace Cluster
(MIC) to analyze continuous-valued data and stock-financial-ratio-year data as examples.
Initialized by generating pairs of values with highly correlated information as seeds or initial
clusters, MIC greedily refines these clusters to mine correlated 3D subspace clusters by
optimizing the correlation information of those seeds. In addition, Hu and Bhatnagar (2010)
proposed a tri-clustering algorithm to analyze real-valued gene expression data. Their algo-
rithm identifies tri-clusters in two datasets by specifying an upper threshold for the standard
deviations of these tri-clusters. To this end, the algorithm first searches for co-clusters of which
the standard deviation obeys the specified upper bound in each dataset. Then, tri-clusters are
formulated from these candidate co-clusters. Based on their work on co-clustering analysis,
Wu et al. (2018) extended an existing co-clustering algorithm to a tri-clustering algorithm
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named the Bregman cuboid average tri-clustering algorithm with I-divergence (BCAT_I) to
analyze 3D GTS.

Few studies concerned with hierarchical tri-clustering methods have been reported
and these efforts mostly focus on analyzing biological data. Gerber et al. (2007) developed
a tri-clustering algorithm named GeneProgram for gene expression data analysis based
on hierarchical Dirichlet processes. This algorithm first discretizes continuous gene
expression data, and then employs Markov chain Monte Carlo sampling to approximate
the model posterior probability distribution using a three-level hierarchy in the Dirichlet
process, and finally identifies tri-clusters by summarizing the distribution. Amar et al.
(2015) proposed an algorithm known as three-way module inference via Gibbs sampling
(TWIGS) to analyze large 3D biological datasets. TWIGS functions by initially developing
a hierarchical Bayesian generative model for binary data by using the Bernoulli-Beta
assumption and for real-valued data by using the Normal-Gamma assumption.
Subsequently, TWIGS employs a co-clustering solution as the starting point and then
iteratively improves it using the Gibbs sampler. Finally, tri-clusters are inferred from
candidate co-clusters. A detailed overview of tri-clustering algorithms was published by
Henriques and Madeira (2018).

4. Data and representative algorithms of clustering methods

In this section, the dataset we used as a case study is first described. Then, algorithms
representative of each category of clustering methods are briefly described.

4.1. Case study dataset

To illustrate this study, we used the PM2.5 dataset published by Microsoft Research Asia
(MRA, Zheng et al. 2013, 2014), which is freely available. The dataset contains hourly PM2.5

concentrations at 36 monitoring stations in Beijing from 8 February 2013 to
8 February 2014. Because of the incompleteness of the dataset (Li et al. 2016), we selected
18 stations in the central urban areas (Figure 4). A Thiessen polygon map was created
using the coordinates of these stations (also available from MRA) to indicate the area
covered by each station. Furthermore, for the purpose of analysis, 299 days ranging from
1 February 2013 to 31 January 2014 (365 days) were selected as the study period with the
criterion that the days on which PM2.5 concentrations for all stations are zero for 24 h are
removed. The temporal distribution of these 299 days and the number of non-zero days in
each month over the study period are shown in Figure 5. The experiments were imple-
mented in MATLAB 2018a on a laptop running Windows 10 (64-bit) with a 2.20-GHz Intel
core (i7) CPU with 16 GB of RAM. Parallel computing was not implemented in our
experiments although this could be an interesting line for further research.

Patterns of spatial distribution, seasonal and diurnal variation of PM2.5 concentrations
were analyzed in previous studies (Zhang and Cao 2015, Chen et al. 2015). Based on these
existing studies, we constructed example questions for the PM2.5 dataset according to the
clustering-related questions discussed in Section 2. The 22 example questions we con-
structed are listed in Table 2. Clustering methods were then compared by answering
these questions.

INTERNATIONAL JOURNAL OF GEOGRAPHICAL INFORMATION SCIENCE 9



Figure 4. Thiessen polygon map indicating the area covered by each station and the location of the
study area in Beijing (inset).

Figure 5. Temporal distribution of PM2.5 dataset collected in Beijing with non-zero days indicated in
green (outer circle) and the number of non-zero days in each month over the study period (inner
histogram).
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4.2. K-means

Since the case study dataset is an hourly PM2.5 dataset, i.e., single attribute GTS with day
and hour as nested temporal dimensions (GTS-Ts), it was averaged to daily PM2.5 dataset,
i.e., single attribute GTS (GTS-A) when subjected to the traditional clustering method. The
dataset is organized into a table where rows are stations, columns are days and elements
are daily PM2.5 concentrations. Such a data table could also be seen as the co-occurrence
matrix OSD between a spatial and temporal variable, the former taking values in m (18)
stations and the latter in n (299) days.

Because of its wide use in many applications (Berkhin 2006), k-means was selected as
the algorithm representative of traditional clustering methods and used in this study to
perform temporal clustering. It is noteworthy that k-means can also be used to perform
spatial clustering.

Table 2. Example questions of the clustering PM2.5 dataset in Beijing.
Components

Reading levels Number

I. where (SC) + when (TC) → what (C)
elementary SC
+ elementary TC

What is/are the pollution level(s) of PM2.5 at station-cluster1 and in day-cluster1? 1
What is/are the pollution level(s) of PM2.5 at station-cluster1, in day-cluster1 and
in hour-cluster1?

2

synoptic SC
+ elementary TC

What is the pattern of pollution in the study area in day-cluster2? 3
What is the pattern of pollution in the study area in day-cluster1 and hour-cluster1? 4

Elementary SC
+ synoptic TC

What is the pattern of pollution at station-cluster1 over the study period? 5

synoptic SC
+ synoptic TC

What is the seasonal distribution of the pollution in the study area over the study
period?

6

What is the spatial distribution and seasonal variation of the pollution in the study
area over the study period?

7

What is the spatial distribution, seasonal and diurnal variation of the pollution in the
study area over the study period?

8

II. when (TC) + what (C) → where (SC)
elementary TC +
elementary C

At which station-cluster(s) is the PM2.5 pollution level of Good observed in day-
cluster2?

9

At which station-cluster(s) is the PM2.5 pollution level of Good observed in day-
cluster2 and hour-cluster1?

10

Synoptic TC
+ elementary C

At which station-cluster(s) is the PM2.5 pollution level of Good observed over the
study period?

11

elementary TC
+ synoptic C

At which station-cluster(s) is the PM2.5 pollution level becoming worse in day-cluster1? 12
At which station-cluster(s) is the PM2.5 pollution level becoming worse in day-
cluster2 and hour-cluster1?

13

Synoptic TC
+ synoptic C

At which station-cluster(s) is the PM2.5 pollution level becoming worse over the time
period?

14

III. where (SC) + what (C) → when (TC)
elementary SC
+elementary C

In which day-cluster(s) is the PM2.5 pollution level of Good observed at station-
cluster1?

15

In which day-cluster(s) and hour-cluster(s) is the PM2.5 pollution level of Good
observed at station-cluster1?

16

synoptic SC +
elementary C

In which day-cluster(s) is the PM2.5 pollution level of Good observed in the study
area?

17

In which day-cluster(s) and hour-cluster(s) is the PM2.5 pollution level of Good
observed in the study area?

18

elementary SC +
synoptic C

In which day-cluster(s) does the PM2.5 pollution level worsen at station-cluster1? 19
In which day-cluster(s) and hour-clusters does the PM2.5 pollution level worsen at
station-cluster1?

20

synoptic SC +
synoptic C

In which day-cluster(s) does the PM2.5 pollution level worsen in the study area? 21
In which day-cluster(s) and hour-cluster(s) does the PM2.5 pollution level worsen in
the study area?

22
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Suppose the days are clustered into l day-clusters. The pseudocode of the process of
iteratively optimizing day-clusters by k-means is depicted in Figure 6. With a random
initialization, l days are first selected as the cluster centers (step 1). Then, the iterative
process starts by assigning each of n days to the most similar cluster center measured by
the Euclidean distance indicated by Deucð; Þ(step 2.1). Next, for each of l day-clusters, the
cluster center is updated as the mean of all days assigned to this cluster (step 2.2). The
objective function of k-means is typically formulated as the sum of squared errors
between the days and corresponding day-clusters. The iterative process continues until
the objective function converges (i.e. reaches a value below a predefined threshold) and
the optimized l day-clusters are yielded.

4.3. Bregman block average co-clustering algorithm with I-divergence (BBAC_I)

The co-clustering method was also used to analyze the daily PM2.5 dataset in the table and
considers the table as the co-occurrence matrix, OSD. BBAC_I was chosen as the repre-
sentative algorithm because of its effectiveness in analyzing GTS (Wu et al. 2015, 2016).

Suppose the stations are clustered into k station-clusters, and the days are clustered
into l day-clusters for the analysis of the daily PM2.5 data matrix, OSD. The pseudocode of
BBAC_I (shown in Figure 7) demonstrates the process of optimizing the station-clusters
and day-clusters iteratively. With a random initial mapping as the starting point (step 1),
stations are partitioned into k station-clusters and days into l day-clusters concurrently,
resulting in a co-clustered 2D data matrix (ÔSD). The objective function is then formulated
as the distortion between the original and the co-clustered matrices measured using the

Figure 6. Pseudocode of the k-means algorithm.
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information divergence (step 2), where DIð�jj�Þ indicates the information divergence of
two matrices. Thereafter, the iterative process starts by re-assigning stations to station-
clusters and days to day-clusters, to optimize the objective function (step 3). This process
has been proven to monotonically decrease the objective function after each reassign-
ment (Banerjee et al. 2007). The iterative process terminates when the objective function
achieves convergence (i.e., gets below a predefined threshold) and k × l optimized sta-
tion-day co-clusters are yielded.

4.4. Bregman cuboid average tri-clustering algorithm with I-divergence (BCAT_I)

The tri-clustering method was used to analyze the hourly PM2.5 dataset, which is orga-
nized into a data cuboid where rows represent stations, columns represent days, depths
are 24 hours, and elements are hourly PM2.5 concentrations. Such a data cuboid can be
regarded as the 3D co-occurrence matrix, OSDH, among one spatial variable taking values
in m (18) stations, and two temporal variables, taking values in n (299) days and p (24)
hours, respectively.

BCAT_I, which was developed and proven to be effective for analyzing GTS (Wu et al.
2018), was selected as the representative algorithm. Suppose the stations, days and
24 hours in OSDH are clustered into k station-clusters, l day-clusters and z hour-clusters in
the tri-clustering analysis. The pseudocode of BCAT_I (Figure 8) demonstrates the

Figure 7. Pseudocode of BBAC_I.
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optimization process of partitioning the hourly PM2.5 matrix into tri-clusters in an iterative
manner. Starting with a random initialization by mapping stations to k station-clusters, days
to l day-clusters and hours to z hour-clusters (step1), the algorithm first generates a tri-
clustered 3D data matrix (ÔSDH). In the next step, BCAT_I measures the distortion between
the original and the tri-clustered matrices using the information divergence to build its
objective function (step 2). Thereafter, it aims to minimize the objective function by
iteratively updating mappings from stations to station-clusters, days to day-clusters and
hours to hour-clusters (step 3). The iterative process ceases when the objective function is
below a preset threshold, which yields the optimized k × l × z station-day-hour tri-clusters.

5. Results

In our analysis, the number of station-clusters was chosen to be three in accordance with
previous studies (Zhao et al. 2014, Wang et al. 2015) and the number of day-clusters is set
as four, with the expectation that days would fall into four ‘real’ seasons to enable us to
explore patterns of seasonal variations. Additionally, the number of hour-clusters was set

Figure 8. Pseudocode of BCAT_I.
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to six because the air pollution index (AQI) for PM2.5 is categorized into six levels: Excellent
(0–50), Good (51–100), Lightly polluted (101–150), Moderately polluted (151–200), Heavily
polluted (201–300) and Severely polluted (>300) (according to the Technical Regulation
on Ambient Air Quality Index (on Trial) (China 2012)). Clustering results are interpreted by
answering example questions for clustering the PM2.5 dataset and then the three cluster-
ing algorithms are compared in terms of several aspects.

5.1. K-means clustering results

After the temporal clustering analysis, the 299 days are grouped into four day-clusters.
The ringmap in Figure 9 displays the temporal distribution of the four clusters of days. The
innermost circle in the ringmap shows the distribution of zero values in 365 days and the
other four circles are four clusters of days with increasing concentrations from inside

Figure 9. Ringmap displaying the results of k-means clustering. The innermost circle indicating days
with zero values. Other four circles from inside outward indicating day-cluster 1 to day-cluster 4 and
days in each day-cluster colored the same using average value.
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outward. Each circle indicates 365 days, which is divided into 12 months from
February 2013 to January 2014 in a clockwise direction, and days falling into each cluster
are colored using the average value of that cluster.

With the ringmap, four out of the 22 questions (numbers: 3, 6, 17, 21) can be answered.
In response to question number 3, the ringmap shows that day-cluster2 has the averaged
value of ‘Lightly polluted’ according to (China 2012) and days therein mainly occur in
Spring (April and May), Summer and early Autumn (July, August, September and October).
As for question number 6, it can be seen that ‘Good’ days in day-cluster1 are sparsely
spread in April, July, August, December and January while ‘Lightly polluted’ days occupy
most of the study area. ‘Heavily polluted’ days are scattered throughout Winter and also
October. In response to question number 16, days in day-cluster4 are ‘Heavily polluted,’
and the fewest days are scattered throughout January 2014, February, early March and
October. For question number 20, because day-clusters are arranged from 1 to 4 with
increasing values of PM2.5 concentrations, the pollution level becomes worse from day-
cluster1 to day-cluster4.

5.2. BBAC_I co-clustering results

After the co-clustering analysis, 18 stations were grouped into three station-clusters and
299 days were grouped into four day-clusters, resulting in 12 (3 × 4) co-clusters.

The heatmap (Figure 10) straightforwardly shows all co-clusters: by arranging day-
clusters and station-clusters with increasing values from left to right along the x-axis and
from bottom to top along the y-axis, respectively. Consequently, values of co-clusters
increase from the bottom left to the top right. Each geographical map in the small multiples
(top of Figure 11) displays the spatial distribution for each of three station-clusters with
PM2.5 concentrations increasing from left to right. For eachmap, the region covered by each
station-cluster is colored with an average value in that cluster. The ringmap (bottom of

Figure 10. Heatmap displaying BBAC_I co-clustering results. The color of each co-cluster intersected
by each station- and day-cluster indicating the average value of that co-cluster.
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Figure 11) shows the temporal distribution of four day-clusters using four circles inside
outward with increasing values. For each circle, days in corresponding day-clusters are
displayed in the same color as an average value.

With these visualizations, more than half of the example questions (13) can be
answered (numbers: 1, 3, 5, 6, 7, 9, 11, 12, 14, 15, 17, 19, 21). Questions answered by
k-means clustering results are not repeated. For question number 1, the heatmap shows

Figure 11. Small multiples (top) and ringmap (bottom) displaying BBAC_I co-clustering results. In the
small multiples, stations falling into each station-cluster colored using the average value of that
station-cluster. In the ringmap, the innermost circle indicating days with zero values. Other four circles,
from inside outward, representing day-cluster1 to day-cluster4 and days in each day-cluster colored
the same as the average value.
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that the co-cluster intersected by station-cluster1 and day-cluster4 is ‘Heavily polluted’.
For question number 3, days in day-cluster2 are mostly spread from July to October.
During these days, the pollution level worsens from ‘Good’ at stations in the east (station-
cluster1&2) to ‘Lightly polluted’ at stations in the west (station-cluster3). In response to
question number 5, the pollution level of the Haidianbeijingzhiwuyuan station (1002, 海
淀北京植物园) in station-cluster1 changes from ‘Excellent’ in day-cluster1 to ‘Heavily
polluted’ in day-cluster4. For question number 7, the pollution level worsens from the
west to the east of the study area and from Summer to Winter in the study period.
Moreover, the highest fluctuations of PM2.5 values occur during Winter, with the highest
and lowest levels of the entire year, whereas the fluctuations in Spring and Summer are
much reduced with medium-level concentrations (Li et al. 2015, 2016). For question
number 9, the heatmap shows that in station-cluster1, the pollution level of ‘Good’ is
observed in day-cluster2. The result also shows that in station-cluster1 and station-
cluster2, the pollution level is observed to be ‘Good’ over the study period as the response
to question number 11. For question number 12, in day-cluster1, the pollution level
worsens from station-cluster1 in the west to station-cluster3 in the east of the study
area. The same trend can also be observed over the time period for question number 14.
The answer to question number 15 is the same as that to question number 9 and the
answer to the last question is the same as that to question number 5.

5.3. BCAT_I tri-clustering results

After the tri-clustering analysis, 18 stations, 299 days and 24 hours were grouped into
three station-clusters, four day-clusters and six hour-clusters, respectively, resulting in
72 (3 × 4 × 6) tri-clusters. The quasi-3D heatmap in Figure 12 provides a direct view of all
tri-clusters arranged according to station-clusters, day-clusters, and hour-clusters with
values increasing from bottom to top of rows, from left to right of columns, and from
front to back of the depths, respectively. The overall view is that the values of tri-clusters
increase from the bottom left front to the top right back. The spatial distribution for
each station-cluster is displayed in the small multiples with PM2.5 values increasing from
left to right (top of Figure 13). Four circles in the ringmap (middle of Figure 13) use
colors to display the temporal distribution of days in four day-cluster with values
increasing from the innermost to the outermost ring. The set of six bar timelines
(bottom of Figure 13) displays the temporal distribution of six hour-cluster over
24 hours with concentrations increasing from the bottom to the top. Each bar timeline
represents 24 hours and hours in each hour-cluster are colored using the average value
of that hour-cluster to show the distribution.

With the above visualizations, all example questions can be answered. Questions that
were answered by k-means and co-clustering results are not repeated. For question
number 2, the quasi-3D heatmap shows that the pollution level of PM2.5 is ‘Excellent’ at
station-cluster1, day-cluster1 and hour-cluster1. For question number 4, the overall
pollution level in day-cluster1 and hour-cluster1 is ‘Excellent’ with the pollution slightly
worsening from the west to the east of the study area. For question number 8, the
combination of visualizations shows that most stations in the west and other stations
mostly in the southern and eastern areas have the highest value. These results are
consistent with those of previous studies, i.e., low PM2.5 values exist in the north (west),
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whereas high values exist in the south (east) (Zhao et al. 2014, Wang et al. 2015). With
respect to the seasonal variation, it is shown that high fluctuations of PM2.5 concentrations
occur in the Autumn and especially in the Winter, whereas a more stable pattern of
middle-valued concentrations appear in the Spring and Summer (Li et al. 2015, 2016).
Furthermore, hours from 7:00 to 14:00 are characterized by low concentrations, whereas
hours from 21:00 to 24:00 and 1:00 to 3:00 occur the highest PM2.5 concentrations. These
results are supported by previous studies on diurnal variations (Zhao et al. 2014, Chen
et al. 2015). For question number 10, the heatmap shows that in day-cluster2 and hour-
cluster1, station-cluster2 and station-cluster3 are observed to have a ‘Good’ pollution
level. This includes all stations except Haidianbeijingzhiwuyuan (1002, 海淀北京植物园)
as shown in the small multiples. The response to question number 13 is that, in day-
cluster2 and hour-cluster1, the pollution level worsens from ‘Excellent’ to ‘Good’ from
station-cluster1 to station-clusters2&3. For question number 16, the heatmap shows that,
in station-cluster1, the pollution level is observed to be ‘Good’ at several intersections
of day-clusters and hour-clusters, e.g., the intersections of day-cluster1 and hour-cluster6,
day-cluster2 and hour-cluster2. It also shows that the pollution level of ‘Good’ is observed
at additional intersections of day-clusters and hour-clusters in the study area for question
number 18 (e.g., that of day-cluster2 and hour-clusters1-6 at station-cluster3). For ques-
tion number 20, at station-cluster1, the pollution level worsens from day-cluster1
and hour-cluster1 to day-cluster4 and hour-cluster6, i.e., from hours 7:00–9:00 on days
scattered throughout April and November to hours 21:00–24:00 on days spread sparsely
across September, October and January 2014. Moreover, it shows that the pollution level

Figure 12. Quasi-3D heatmap displaying the tri-clustering results. The color of each tri-cluster
intersected by each station-, day- and hour-cluster indicating the average value of that tri-cluster.
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Figure 13. Small multiples (top), ringmap (middle) and bar timelines (bottom) displaying the tri-clustering
results. In the small multiples, stations in each station-cluster colored the same using average value. In the
ringmap, the innermost circle indicating days with zero values. Other four circles (from inside outward)
indicating day-cluster1 to day-cluster4 and days in each day-cluster colored the same using average value.
In the bar timelines, hours in each hour-cluster colored the same using average value.
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is worsening from day-cluster1, hour-cluster1 and station-cluster1 to day-cluster4, hour-
cluster6 and station-cluster3, respectively, in response to the last question.

5.4. Comparisons of clustering algorithms

The k-means, BBAC_I and BCAT_I algorithms are compared using the case study dataset
and the results in terms of the input data, size of the data matrix, the number of
parameters needed, the number of iterations & initializations, computational efficiency
represented by average running time and also the number of example questions
answered (Table 3).

The results in Table 3 indicate that BCAT_I analyzes the dataset with finer resolution
and larger size than k-means and BBAC_I, whereas BCAT_I requires a larger number of
input parameters. Both k-means and BBAC_I analyzed the daily PM2.5 dataset with the size
18 × 299, whereas BCAT_I analyzed the hourly dataset with the size 18 × 299 × 24. As such,
the tri-clustering algorithm allows the inclusion of more information in the clustering
process and consequently in the results. In terms of the number of input parameters for
the case study, k-means requires the least, namely three, i.e., the number of day-clusters,
iterations and initializations. In comparison, BBAC_I needs an additional parameter as the
number of station-clusters and BCAT_I also needs the number of hour-clusters.

In terms of computational efficiency, k-means requires the shortest average running time
for analysis in the case study, followed by BBAC_I, whereas BCAT_I needs the longest time.
Using the same number of iterations and initializations for each algorithm, the results in
Table 3 indicate that k-means is 100 times faster than BBAC_I and thousands of times faster
than BCAT_I. Compared with BCAT_I, the average running time of BBAC_I is 60 times faster.

In terms of answering example questions, BCAT_I is the most capable method because
it allows us to answer all questions. This method is followed by BBAC_I (answers more
than half of all questions), and then k-means (answers less than one-fifth of all questions).
By performing temporal clustering, k-means can answer any question on the spatial-
cluster at the synoptic level (synoptic SC). Because traditional clustering methods can
perform spatial clustering separately, theoretically k-means can also answer three exam-
ple questions: 5, 11 and 14 (which are questions on the temporal-cluster at the synoptic
level (synoptic TC)). As such, it can reveal spatial or temporal patterns, e.g., the seasonal
variation in the PM2.5 dataset. BBAC_I concurrently performed spatial and temporal
clustering with the clustering results allowing us to answer all questions except those
with two nested temporal dimensions. In view of this, BBAC_I can reveal more complex
patterns, e.g., the spatial distribution and seasonal variation in the case study dataset. The
analysis of the hourly dataset using BCAT_I enabled us to answer all questions and explore
more patterns in the dataset, e.g., the spatial distribution, seasonal and diurnal variations.

Table 3. Comparisons of the three clustering algorithms.

Clustering
algorithm Input data

Size of the
data matrix

Number of
parameters
needed

Number of
iterations &
initializations

Average
running
time

Number of exam-
ple questions
answered

k-means Daily PM2.5 dataset 18 × 299 3 100 & 20 0.01 second 4 (out of 22)
BBAC_I Daily PM2.5 dataset 18 × 299 4 100 & 20 1 second 13 (out of 22)
BCAT_I Hourly PM2.5 dataset 18 × 299 × 24 5 100 & 20 60 seconds 22 (out of 22)
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6. Discussion

6.1. Suggestions for selecting clustering methods

As mentioned above, tri-clustering methods represented by BCAT_I are more powerful in
analyzing GTS with fine resolutions and exploring complex patterns but are less compu-
tationally efficient than other methods. In comparison, traditional clustering methods
represented by k-means and co-clustering methods represented by BBAC_I are capable of
exploring less complex patterns but require less running time. Then, given one-way
clustering, co- and tri-clustering methods for GTS, is there one type as the best and
most suitable for any task and dataset? Or is it possible to select a single method as being
superior? There is no clear cut answer to such a question, as stated by Grubesic et al.
(2014). Selection of the most suitable method should consider the data type to be
analyzed, the research questions with which researchers are concerned, the computa-
tional effort, and the availability of the methods (Table 4).

If the data at hand are 2D GTS and research questions relate to the whole study area or
period, traditional clustering methods instead of co-clustering methods are recommended,
especially for large datasets. That is because the computational complexity of co-clustering
methods is generally higher than that of traditional clustering methods. As shown in
Table 4, the computational complexity of k-means is O(mnki) (where m is the number of
rows in GTS, n is the number of columns, k is the number of row-clusters and i is the number
of iterations needed to reach convergence). In comparison, the complexity of BBAC_I is
higher, i.e., O(mni(k + l)) (where l is the number of columns in GTS). Nevertheless, if research

Table 4. Comparison of one-way clustering, co- and tri-clustering methods.

Methods Data
Clustering-related

questions
Typical

algorithms
Computational
complexity Availability

Traditional clustering 2D-GTS (GTS-A) Synoptic SC +
elementary TC;
synoptic SC +
synoptic TC;
synoptic SC +
elementary C;
synoptic SC +
synoptic C;
elementary SC +
synoptic TC;
synoptic TC +
elementary C;
synoptic TC +
synoptic C

k-means O(mnki)a Codes available in
different
languages, e.g.,
Python

BIRCH O(m) Codes available in
different
languages, e.g.,
Python

Co-clustering 2D-GTS (GTS-A) All BBAC_I O(mni(k + l)) Available onlineb

iHiCC O(i(k + l)2) Available upon
request

Tri-clustering 3D-GTS (GTS-Ss;
GTS-Ts;
GTS-As)

All TRICLUSTER O(mn2p) Available onlinec

BCAT_I O(mnpi
(k + l + z))

Available onlined

awhere m is the number of rows, n is the number of columns, p is the number of depths, i is the number of iterations
needed until convergence, k is the number of row-clusters, l is the number of column-clusters and z the number of
depth-clusters.

bhttps://figshare.com/s/48324046400cac9489f8.
chttp://www.cs.rpi.edu/~zaki/software/TriCluster.tar.gz.
https://figshare.com/s/48324046400cac9489f8.
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questions also relate to individual spatial-clusters or timestamp-clusters, then co-clustering
methods are suggested even though they are more time-consuming.

Tri-clustering methods are suggested if researchers are interested in analyzing 3D
GTS and answering any clustering-related research questions, even at the expense of
considerable computational effort. As shown in Table 4, the computational complexity
of TRICLUSTER, the first tri-clustering algorithm, is O(mn2 p) (where p is the number of
depths in the 3D data cuboid that GTS is organized into) and that of BCAT_I is O(mnpi
(k + l + z)) (where z is the number of depth-clusters). Compared with that of
traditional clustering and co-clustering methods, the complexity of tri-clustering
methods is much higher because they generally need to search all three dimensions
of the data cuboid for potential tri-clusters. Moreover, the computational complexity
is directly linked to the size of the dataset and that could be challenging when the
size increases.

6.2. Comparisons of the classifications of clustering methods

To date, there has been no uniform classification of clustering methods for spatio-
temporal data. For instance, Han et al. (2009) provided an overview of clustering methods
for spatial point data by classifying them as partitional, hierarchical, density-based and
grid-based methods. Han et al. (2009) and Kisilevich (2010) proposed two different
classifications for trajectory data. In the work of Han et al. (2009), clustering methods
were first categorized depending on whether they cluster entire or partial trajectories.
Thereafter, entire trajectory clustering methods were further divided into probabilistic
and density-based methods. Kisilevich (2010) broadly divided clustering methods into
two types: descriptive & generative model-based clustering methods and density-based
methods. Recently, Grubesic et al. (2014) provided a classification of clustering methods
for hotspot analysis, by dividing the methods into partitional, hierarchical, scan-based and
autocorrelation-based methods.

Compared with the aforementioned classifications, the one presented in this study is
straightforward and reveals new insights. One-way clustering methods analyze GTS along
a single dimension and result in spatial or temporal patterns. Co-clustering methods focus
on the analysis of two dimensions of GTS and concurrent spatial and temporal patterns
can be explored. In comparison, tri-clustering methods focus on the analysis of three
dimensions and result in spatio-temporal patterns in 3D GTS.

Furthermore, the classification described in this study is necessary because it allows to
include novel clustering methods. In the era of big data, various clustering methods for
patterns exploration are needed with increasing amounts of GTS. However, most cluster-
ing methods are categorized as one-way clustering methods and only explore spatial or
temporal patterns in 2D GTS. Co-clustering methods are needed to explore complex
patterns, e.g., concurrent spatio-temporal patterns. Moreover, the emergence of higher
dimensional GTS, e.g., 3D GTS, requires the use of clustering methods that can analyze
data along more dimensions. Although few of these methods have been applied to GTS
(Wu et al. 2015, 2018, Ullah et al. 2017, Andreo et al. 2018), the classification presented in
this study shows the potential of including other co- and tri-clustering methods, which
enable the exploration of more complex spatio-temporal patterns.
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7. Conclusions

In this paper, we systematically described the classification of clustering methods for GTS
categorized into one-way clustering, co- and tri-clustering methods. Furthermore, we
compared different categories to offer suggestions for selecting appropriate methods. To
achieve this, we defined a taxonomy of clustering-related questions with three compo-
nents (spatial-cluster, temporal-cluster and cluster) and two reading levels (elementary,
synoptic). Different methods were then compared by answering these questions using
representative algorithms and a case study dataset.

Our results show that tri-clustering methods are more powerful in exploring complex
patterns from GTS with fine resolutions at the cost of considerably extended running time.
In relative terms, one-way clustering and co-clustering methods require less running time
but are less capable of exploring complex patterns. However, the selection of the most
appropriate method should consider the data type, research questions, computational
complexity, and also the availability of methods. Traditional clustering methods are
recommended for analyzing large 2D datasets when research questions focus on the
whole study area or period; otherwise, co-clustering methods are recommended for 2D
GTS. Tri-clustering methods are recommended for analyzing 3D GTS for complex patterns,
albeit at the expense of additional computational effort. Finally, the classification
described in this study is necessary because it can include more co- and tri-clustering
methods for GTS and thus explore more complex spatio-temporal patterns.
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