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Abstract
Spatio-temporal data exists in various fields such as transportation and environment,
and the analysis of clustering plays a critical role in understanding such data. How-
ever, spatio-temporal clustering faces challenges, as it is frequently affected by the
time length of data and the intricate dependence structure of spatio-temporal data.
In this work, we propose a robust approach to achieve the fuzzy clustering of com-
plex spatio-temporal data. This involves two key technologies: (1) the reconstruction
of spatio-temporal data using B-splines, and (2) the incorporation of a weighted
exponential function to characterize spatial and temporal dependencies. The data
reconstruction reduces the impact of the time length on clustering while improv-
ing computational efficiency. Meanwhile, the integration of a spatio-temporal scaling
factor within the weighted function addresses the scale difference between spatial and
temporal coordinates. For the implementation, the clustering process is performed
using the Partitioning Around Medoids (PAM) algorithm, and the optimization of the
number of clusters is achieved through the use of the fuzzy silhouette coefficient.
Extensive simulation studies and two real-world applications are used to demonstrate
the effectiveness of the proposed method.
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1 Introduction

With the advancements in Geographic Information Systems (GIS), Remote Sensing
(RS), and Global Positioning System (GPS) technologies, a vast amount of spatio-
temporal data is being generated and collected. Consequently, spatio-temporal data
analysis has receivedmore andmore attention in recent decades. In this context, spatio-
temporal clustering becomes more and more important, owing to its capability to
identify comparable subgroups within datasets. As a result, spatio-temporal clustering
finds applications in diverse fields such as geography, meteorology, social sciences,
and economics ( Liu and George 2003; Lurka 2021; Yürüşen et al. 2021; Cammalleri
et al. 2023).

In literature, the main methods for spatio-temporal clustering can be classified into
three types: spatio-temporal scan methods (Kulldorff et al. 2005; Gaudart et al. 2006),
density-based methods (Wang et al. 2006; Pei et al. 2010), and distance-based meth-
ods (Zaliapin et al. 2008). Spatio-temporal scanning methods usually consider global
autocorrelation and density-based methods determine the clustering structure based
on the closeness of the samples. In contrast, distance-basedmethods can determine the
clustering structure based on the spatio-temporal dependent variations among random
samples, and the spatio-temporal dependence can be assessed by using prior knowl-
edge. Recent developments in spatio-temporal clustering are reviewed in Ansari et al.
(2020). Among all these approaches, distance-based methods have garnered increas-
ing attention and found wide applications in the era of big data, primarily because of
their remarkable flexibility and high computational efficiency (Tork 2012; Deb and
Karmakar 2023). This article focuses on distance-based fuzzy methods.

In literature, many researchers prefer to use the framework of fuzzy clustering
(McBratney and Moore 1985; Keogh et al. 2001; Maharaj and D’Urso 2011). Com-
pared to traditional clustering methods, fuzzy clustering is more attractive because it
does not require any distribution assumptions and offers greater flexibility in applica-
tions. For spatio-temporal data, spatial information plays an important role. Generally,
objects that are closer in space tend to be more similar than those that are farther apart.
Therefore, when conducting spatio-temporal clustering, some researchers incorpo-
rate spatial information as penalty terms in the objective function (Gao and Yu 2016;
D’Urso et al. 2022). Some scholars (Mattera 2022) characterize spatio-temporal depen-
dence by assigning weights to time and space distances, employing the Euclidean
distancemetric. This approach has been successfully employed in analyzing the spread
of COVID-19 in Italy. Recently, a similar spatio-temporal clustering method, utiliz-
ing a weighting scheme for both temporal and spatial distances, was introduced and
employed to analyze spatio-temporal COVID-19 data in the United States (Deb and
Karmakar 2023).

In most of the aforementioned studies, researchers have commonly employed
Euclidean distance to measure the similarities between samples. However, it is worth
noting that Euclidean distance is susceptible to the presence of outliers or heavy-
tailed data. Additionally, the time length of spatio-temporal data, closely related to the
dimensionality of data, can result in the computational burden for a large number of
observations.
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To tackle these challenges, this work develops a robust clustering procedure of
spatio-temporal dependent data under a fuzzy clustering framework. Firstly, a B-
splines-based technique is employed to reconstruct the spatio-temporal data as the sum
of the product of a series of fixed temporal bases and unknown coefficients to be esti-
mated. This data reconstruction technique reduces the dimension of spatio-temporal
data while preserving essential information from the original dataset, thus simplify-
ing calculations. Secondly, a weighted exponential function is utilized to model data
dependence across both time and space. Specifically, two different exponential func-
tions are employed to represent the correlation between any two coefficients derived
fromB-splines and the correlation between any two spatial points, respectively. For the
clustering process, the PartitioningAroundMedoids (PAM) algorithm is utilized. PAM
offers cluster centers that correspond to real spatial units, thus improving interpretabil-
ity. Furthermore, the determination of the optimal number of clusters is accomplished
using the fuzzy silhouette coefficient. Through numerical simulations and two real-
world case studies involving urban traffic data in Guiyang, China, and urban air quality
data in China, the proposed method’s extensive applicability is validated.

The framework of this article is as follows: Sect. 2 provides details for the pro-
posed method and presents an algorithm for implementation. Section3 investigates
the performance of the proposed method using a simulation study. Section4 includes
an analysis of two real data sets to illustrate the broad applicability of the proposed
method. We conclude with a discussion in Sect. 5.

2 Robust fuzzy spatio-temporal clusteringmodel

To carry out spatio-temporal clustering, this study adopts a fuzzy framework to con-
struct a clustering model. This choice is motivated by the limitations of traditional
clustering methods in defining precise cluster boundaries, whereas fuzzy clustering
allows for membership-based assignments. Fuzzy clustering offers greater maneuver-
ability compared to traditional methods and is more flexible as it does not necessitate
assumptions about the data source.

The clustering process employs the PAMalgorithm (Mondal andChoudhury 2013),
which computes clustering centers to represent specific spatial units. This approach
enhances interpretability compared to K-means, which merely calculates the centroid
of the data. By using PAM algorithm, the resulting cluster centers correspond to actual
spatial locations, providing more meaningful insights.

When clustering time series data, the problem of high dimensionality is usually
faced, so the data needs to be reconstructed to reduce the dimensionality and retain
as much information as possible from the original time series. Many methods for
reconstructing time series data have been proposed in the literature, including discrete
Fourier transform (Faloutsos et al. 1994), discrete wavelet transform (Ann et al. 2010),
piecewise aggregation approximation (Keogh et al. 2001), B-splines (Abraham et al.
2003), and othermethods. SinceB-splines have good properties, in this paperB-splines
are used for data reconstruction of time series data.
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2.1 Time series reconstruction: B-splines

For any given time series {yi (t)} (i = 1, 2, . . . , n), which represents the observations
of the i-th spatial unit at T time points, we consider a model with a p-dimensional
functional basis {Bs,d(·)}ps=0 as follows:

yi (t) =
p∑

s=0

βs
i Bs,d(t) + εi , t = 1, 2, . . . , T (1)

The coefficient vector β̂i = (β1
i , β

2
i , . . . , β

p
i )� is estimated by simple least squares,

i.e., β̂i is solved so that
∑T

j=1

(
y(t j ) − ∑p

s=0 βs
i Bs,d(t j )

)2
is minimized, which leads

to β̂i = (
B�
i Bi

)−1
B�
i yi . Bi is a matrix, which leads to the n coefficient vectors(

β̂1, β̂2, . . . , β̂n

)
with dimension p.

In this paper, cubic B-splines are employed due to their favorable theoretical prop-
erties and ability to achieve dimension reduction by selecting an appropriate number of
internal nodes (de Boor 2001). The dimensionality can be reduced to p = S+4, where
S represents the number of internal nodes. For the selection of internal nodes, there are

two approaches. One approach is to choose S = T
1
5 (where T represents the length

of the time series), as suggested in Theorem 1 of Huang and Shen (2004) (for more
details, please refer to their work). Another approach is to utilize cross-validation,
where the data is divided into training and validation sets. Multiple models are trained
and predicted using different numbers of internal nodes, and the mean squared error
of the predicted results is calculated. The number of internal nodes that minimize the
mean squared error is selected as the final choice. When the data exhibits periodic
patterns, Fourier bases or wavelet bases can also be considered.

2.2 Spatio-temporal distance

Defining the similarity between two spatial units is a crucial step in cluster analysis.
In this paper, we employ a weighted combination of spatial and temporal distances to
characterize the distances between two spatial units. For measuring spatial distance,
we use the latitude and longitude data of the spatial units. For temporal distance, we
utilize the coefficient vectors obtained after B-splines reconstruction.

When measuring spatial and temporal distances, the choice of distance function
is of great importance as it can impact the final clustering results. The Euclidean
distance is widely used; however, it is sensitive to outliers. To address this drawback,
an exponential distance measure is proposed, which canmitigate the impact of outliers
and exhibit a certain level of robustness (Zhang andChen2004). For any twocoefficient
vectors β̂i and β̂ j , the exponential distance between them is defined as follows:

dexp
(
β̂i , β̂ j

)
=

[
1 − exp

(
−θ

∥∥∥β̂i − β̂ j

∥∥∥
2
)]1/2

, (2)
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the parameter θ plays a significant role in the exponential distance measure. As it
increases, the exponential distance approaches its maximum value of 1. The following
methods were used to determine θ value (Wu and Yang 2002):

θ =
⎡

⎣
∑n

i=1 d
2
(
β̂i , β̂q

)

n

⎤

⎦
−1

, (3)

where β̂q is the q-th coefficient vector, and q = argmin1≤i≤n
∑n

j=1 d
2(β̂i , β̂ j ),

d2(β̂i , β̂ j ) represents the Euclidean distance square i. e. That is d2(β̂i , β̂ j ) =∥∥∥β̂i − β̂ j

∥∥∥
2
.

In order to better capture the heterogeneity within the data sample set and enhance
the clustering performance, this paper introduces the concept of weighted exponential
distance for describing the temporal and spatial distances. The weight assigned to the
distance measure is determined based on the coefficient of variation.

The coefficient of variation weighting method (Ren and Jian 2021) is proposed
on the basis of inverse variance. The coefficient of variation for a given dataset
is calculated by dividing its standard deviation by the absolute value of the mean.
That is, for n data points in the data set x1, x2, . . . , xn , denote x = 1

n

∑n
i=1 xi ,

Sx =
√(

1
n−1

∑n
i=1

(
xi − x−)2),then vx = Sx|x | is the coefficient of variation of

x1, x2, . . . , xn .
In this paper, for the p-dimensional coefficient vector β̂i , there are p coefficients

of variation v1, v2, . . . , vp, and the weight corresponding to the i-th coefficient of
variation is as follows:

ωi = vi∑p
i=1 vi

, i = 1, 2, . . . , p. (4)

The larger the value of vi , the greater the change in different objects and the stronger
the ability to distinguish objects, so it should be paid attention to. Thus, the weighted
exponential distance formula is obtained as:

dWExp(β̂i , β̂ j ) =
[
1 − exp

(
−θ

(
ω1(βi1 − β j1)

2 + . . . + ωp(βi p − β j p)
2
))]1/2

.

(5)

Denoting the latitude and longitude coordinates of the i-th and j-th spatial units by
pi = (Xi Lon,Yi Lat ) and p j = (

X j Lon,Y j Lat
)
, the spatial distance between the two

spatial unit is obtained defined as:

dWExp(pi , p j ) =
[
1 − exp

(
−θs

∥∥∥wws �
(
pi − p j

)∥∥∥
2
)]1/2

=
[
1 − exp

(
−θs

(
ω1

(
Xi Lon − X j Lon

)2 + ω2
(
Yi Lat − Y j Lat

)2))]1/2
,

(6)
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where ω1 and ω2 denote the weights of longitude and latitude, respectively. � rep-
resents the Hadamard product. Let β̂i and β̂ j denote the p-dimensional coefficient
vectors of the i-th and j-th spatial units, respectively, obtained by B-splines transfor-
mation. The time distance between the two spatial units can be calculated as follows:

dWExp(β̂i , β̂ j ) =
[
1 − exp

(
−θt

∥∥∥wwt �
(
β̂i − β̂ j

)∥∥∥
2
)]1/2

=
[
1 − exp

(
−θt

(
ω1

(
βi1 − β j1

)2 + . . . + ωp
(
βi p − β j p

)2))]1/2
. (7)

To balance the scale difference between spatial and temporal coordinates, this paper
introduces a spatio-temporal scaling factor ”s” (Lurka 2021) into the construction of
spatio-temporal distance. This approach enhances the representation of data informa-
tion and yields the squared spatio-temporal distance between two spatial units, defined
as follows:

d2 (s, t) = w2
s

[
1 − exp

(
−θs

∥∥wws � (
pi − p j

)∥∥2
)]

+w2
t

[
s2

(
1 − exp

(
−θt

∥∥∥wwt �
(
β̂i − β̂ j

)∥∥∥
2
))]

, (8)

where ws + wt = 1, ws and wt denote a weight in space and time, respectively, and
s2 = Var(X)+Var(Y)

Var(Tβ)
, Var(X), Var(Y) and Var

(
Tβ

)
are the longitude and latitude

of all spatial units of the input and the variance of all coefficient vectors, respectively.

2.3 Spatio-temporal clusteringmodel based on B-splines with weighted
exponential distance

2.3.1 Spatio-temporal clustering model

Let Dspace = (
p1,p2, . . . ,pn

)
be the latitude and longitude dataset for n spatial units.

Additionally, let DTime =
(
β̂1, β̂2, . . . , β̂n

)
be the dataset obtained by transforming

the time series data into coefficient vectors after B-splines reconstruction. Assuming
that there are C clusters, the membership degree of the i-th spatial unit to the c-th
cluster is denoted as uic. To cluster n spatial units, a spatio-temporal fuzzy clustering
model based on B-splines with weighted exponential distance (STFCMd-BSWE) is
proposed.

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

min
n∑

i=1

C∑
c=1

umic

[
w2
s

[
1 − exp

(
−θs

∥∥∥wws �
(
pi − ∼

pc
)∥∥∥

2
)]

+w2
t

⎡

⎣s2

⎛

⎝1 − exp

⎛

⎝−θt

∥∥∥∥∥wwt �
(

β̂i −
∼
β̂c

)∥∥∥∥∥

2
⎞

⎠

⎞

⎠

⎤

⎦

⎤

⎦

s.t .
C∑
c=1

uic = 1, uic ≥ 0, uic ∈ [0, 1]

s.t . ws + wt = 1, ws, wt ≥ 0
s2 = Var(X)+Var(Y)

Var(Tβ)

(9)

123



Effective and robust clustering for spatiotemporally dependent data

where m > 1 is a constant representing the fuzzy parameter. pi and
∼
pc denote the

two-dimensional vectors of latitude and longitude corresponding to the i-th spatial unit

and the c-th cluster-centered spatial unit, respectively. β̂i and
∼
β̂c denote the coefficient

vectors of the time series corresponding to the i-th spatial unit and the c-th cluster-
centered spatial unit, respectively, which are obtained byB-splines reconstruction. The
optimization problem can be solved using the Lagrangemultipliermethod, the solution
procedure is referred to by D’urso and Massari (2019). The optimal parameters can
be obtained as follows:

uic =

[
w2
s

[
1 − exp

(
−θs

∥∥∥wws �
(
pi − ∼

pc
)∥∥∥

2
)]

+ w2
t

⎡

⎣s2

⎛

⎝1 − exp

⎛

⎝−θt

∥∥∥∥∥wwt �
(

β̂i −
∼
β̂c

)∥∥∥∥∥

2
⎞

⎠

⎞

⎠

⎤

⎦

⎤

⎦
− 1

m−1

∑C
c′=1

[
w2
s

[
1 − exp

(
−θs

∥∥∥wws �
(
pi − ∼

pc′
)∥∥∥

2
)]

+ w2
t

⎡

⎣s2

⎛

⎝1 − exp

⎛

⎝−θt

∥∥∥∥∥wwt �
(

β̂i −
∼

β̂c′
)∥∥∥∥∥

2
⎞

⎠

⎞

⎠

⎤

⎦

⎤

⎦
− 1

m−1

(10)

ws =

∑n
i=1

∑C
c=1 u

m
ic

⎡

⎣s2

⎛

⎝1 − exp

⎛

⎝−θt

∥∥∥∥∥wwt �
(

β̂i −
∼
β̂c

)∥∥∥∥∥

2
⎞

⎠

⎞

⎠

⎤

⎦

∑n
i=1

∑C
c=1 u

m
ic

[[
1 − exp

(
−θs

∥∥∥wws �
(
pi − ∼

pc
)∥∥∥

2
)]

+
⎡

⎣s2

⎛

⎝1 − exp

⎛

⎝−θt

∥∥∥∥∥wwt �
(

β̂i −
∼
β̂c

)∥∥∥∥∥

2
⎞

⎠

⎞

⎠

⎤

⎦

⎤

⎦

(11)

wt =
∑n

i=1
∑C

c=1 u
m
ic

[
1 − exp

(
−θs

∥∥∥wws �
(
pi − ∼

pc
)∥∥∥

2
)]

∑n
i=1

∑C
c=1 u

m
ic

[[
1 − exp

(
−θs

∥∥∥wws �
(
pi − ∼

pc
)∥∥∥

2
)]

+
⎡

⎣s2

⎛

⎝1 − exp

⎛

⎝−θt

∥∥∥∥∥wwt �
(

β̂i −
∼
β̂c

)∥∥∥∥∥

2
⎞

⎠

⎞

⎠

⎤

⎦

⎤

⎦

(12)

Usually, m does not take on excessively large values. This is because as m → ∞,
the membership degree uic → 1

C . When ws = 0, the spatio-temporal clustering
model can be considered as a pure time series clustering. Similarly, when wt = 0, the
spatio-temporal clustering model can be seen as a pure spatial clustering in latitude
and longitude. The computational steps of the proposed spatio-temporal clustering
model are outlined in Algorithm 1.
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Algorithm 1 STFCMd-BSWE algorithm
1: Fixed C , and maximum number of iterations max.iter;
2: Set the initial iteration number iter=0 and initial objective function value;
3: Generate C initial iteration centroids: β̂1, β̂2, . . . , β̂C :
4: Calculate the spatio-temporal distance di j between every pair of all objects;

5: Calculate v j =
n∑

i=1

di j∑n
l=1 dil

, j = 1, 2, . . . , n;

6: Sort v j in ascending order. Select C objects having the first C smallest values as initial medoids.
7: Randomly generate ws from a uniform distribution U(0,1), wt = 1 − ws ;
8: Repeat the following steps:
9: Store the current iteration centroids (β̂1, β̂2, . . . , β̂C )OLD = (β̂1, β̂2, . . . , β̂C );
10: Assign each remaining object to the cluster represented by the nearest centroid;
11: Calculate the membership degree matrix U , weight allocated to space ws and weight allocated to

time wt according to equation (10), equation (11) and equation (12);
12: Calculate the objective function value according to equation (9);
13: The iterative process uses the PAM algorithm;
14: iter ←iter + 1;
15: Until, (β̂1, β̂2, . . . , β̂C )OLD = (β̂1, β̂2, . . . , β̂C )OLD or iter =max.iter.

2.3.2 Convergence analysis of algorithm

Let us now briefly analyze the convergence of Algorithm 1.
The cost function is bounded: since the sample units to be clustered are finite, there

exists a maximum possible total cost (when all objects choose the farthest center) and
a minimum possible total cost (i.e., a division of the global optimal solution). This
means that the cost function is a bounded function.

The cost function decreases or remains constant with each iteration: centroids are
replaced only if they lower the overall cost, ensuring that the total cost never increases
during an iteration

Finite state space: Considering that the number of sample units is finite, the number
of center objects (state space of the algorithm) that can be selected is also finite. Each
iteration of the algorithm can be viewed as a move in the state space.

Each iteration maintains or reduces at least the total cost: if no cost-reducing center
substitution can be found in a given iteration, the total cost remains unchanged, the
algorithm stops, and the algorithm converges.

Based on the above, it is known that the Algorithm 1 will converge to a locally
optimal partition after a finite number of iterations.

2.4 Selection of optimal clusters

In order to select the best partition C , we use the Fuzzy Silhouette (FS) coefficient
as an evaluation criterion (Campello and Hruschka 2006), and select the number of
clusters corresponding to the maximum value of FS as the optimal number of clusters.

The FS coefficient is a validity measure that considers both inter-cluster and intra-
cluster distances. It is computed as a weighted average of individual Silhouette widths,
denoted as λi . The formula for the FS index is as follows:
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FS =
∑n

i=1

(
u pi − uqi

)α · λi∑n
i=1

(
u pi − uqi

)α with λi = l pi − api
max{l pi , api } , (13)

where api is the average distance between the i-th spatial unit and other units in the
same cluster p (p = 1, 2, . . . ,C), and l pi is the minimum average distance from the
i-th spatial unit to all units belonging to cluster q (q �= p).

(
u pi − uqi

)α is the weight
of each λi , while u pi and uai are the first and second largest elements corresponding
to the i-th column of the membership degree matrix. Here, α ≥ 0 is the optional
weighting coefficient.

2.5 Evaluation of clustering results

To evaluate the effectiveness of the proposed method, certain clustering evaluation
indices are required. In this study, two types of indices are considered: purity (Moayedi
et al. 2019) and Fowlkes-Mallows index (FMI) (Campello 2007). Purity and FMI both
provide measures of how closely the clustering results align with the true results, with
higher values indicating better clustering performance. Both purity and FMI range
between 0 and 1.

Purity is an external clustering validation method that compares the clustering
results with externally provided true clustering labels. In other words, it measures the
extent to which the clustering labels reflect the true underlying structure of the data.

FMI, on the other hand, is a measure of clustering algorithm performance that
requires knowledge of the true cluster labels. It assesses similarity based on the inter-
section and union of the true labels and the predicted cluster assignments, as well as
the ratio of point pairs within and between clusters.

Let R = {R1, . . . , Rr } denote the clusters in which the data are truly divided, and
E = {E1, . . . , Ee} denote the clusters in which the data are estimated. We can then
express the following relationship:

Purity (E) = 1

n

e∑

i=1

max
j

∣∣Ei ∩ R j
∣∣, (14)

FMI (E) = T P√
(T P + FP) (T P + FN )

, (15)

where T P denotes the number of pairs of sample points belonging to the same cluster
in R and also belonging to the same cluster in E ; FP denotes the number of pairs of
sample points belonging to the same cluster in R and different clusters in E ; and table
FN shows the number of pairs of sample points belonging to different clusters in R
and the same cluster in E .

3 Simulation analysis

For the generation of spatial units, a two-dimensional xy-plane is utilized to replace
the latitude and longitude data of the actual real spatial units. The n units are generated
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uniformly and randomly from a rectangular region of the xy-plane. The n units are
divided into C clusters based on the (x, y) coordinates using the K-means algorithm.
In order to assign values to the divided clusters, we simulate two scenarios.

In scenario 1 (Sce1), the units within the same cluster are set to have similar time
series of length T , with distinct differences between clusters. On the other hand, in
scenario 2 (Sce2), the distinctions between clusters are not obvious.

For the number of spatial units n ∈ (50, 100), the number of clustersC ∈ (3, 5), and
the time length T ∈ (50, 100, 500). For scenario 1, when C = 3, the time series data
of these clusters are generated from the three functions f (x) = sin(x), g(x) = cos(x),
and h(x) = −π + x , respectively, and each time series data error obeys N (0, 0.22)
when the interval [0, 2π ] is taken at equal intervals of size T . When C = 5, the time
series data of these clusters are generated from the five functions f (x) = sin(x),
g(x) = cos(x), h(x) = −π + x , m(x) = sin2(x), and n(x) = cos2(x), respectively,
and other settings are the same as inC = 3 case. For scenario 2, the time series data of
the same cluster comes from the same time series process of length T . When C = 3,
three different stationary time series processes γ1, γ2gamma3 are set to generate the
time series data. γ1 is set to AR(1): xt = 0.5 + 0.9xt−1 + εt , γ2 is set to MA(1):
xt = −0.5 + εt − 0.3εt−1, γ3 is set to ARMA(1,1): xt − 0.3xt−1 = εt − 0.2εt−1
and εt obey N (0, 0.12). When C = 5, the method for generating time series data with
three clusters is the same as described earlier, and twomore clusters are set to generate
the time series data as the f (x) = sin(x) and g(x) = cos(x) functions, respectively.
Where for f (x) = sin(x), the capacity of size T is taken at equal intervals in interval
[−π

6 , π
6 ]. For g(x) = cos(x), the capacity size of T is taken at equal intervals in

the interval [π
3 , 2π

3 ]. Each time series error obeys N (0, 0.22). The value of the fuzzy
parameter m is also uncertain, in the previous literature, some scholars take m = 1.5
(D’Urso et al. 2022), and some scholars take m = 2 (Mattera 2022). In this paper’s
simulation analysis, we examine two cases: m = 1.5 and m = 2, to investigate
the impact of the fuzzy parameter on the clustering results. When reconstructing the
data using B-splines for time series, we explore a range of 3-10 nodes. The data is
then divided into training and test sets, and the number of nodes corresponding to the
minimummean square error obtained in the test set is selected as the optimal choice. To
determine the optimal number of clusters, we employ the fuzzy silhouette coefficient
discussed in Section 2.4. Algorithm 1 is utilized for spatio-temporal clustering, and
the evaluation indexes after clustering are calculated to assess the effectiveness of the
model.

To assess the effectiveness of the proposed method in this paper, we will compare
its accuracy in identifying real clusters with other methods. The first method being
considered is the weighted fuzzy clusteringmodel proposed byRaffaeleMattera (Mat-
tera 2022). This method defines spatial distance using the Euclidean distance of local
spatial autocorrelation coefficients and temporal distance using the Euclidean distance
of lagged L-order autocorrelation coefficients for the time series. In this comparison,
we set L = 10 and L = 50, but when the number of spatial units n = 50, only
L = 10 is considered. We refer to this method as MWFC, and the fuzzy parameter
for this method is set to m = 2. The second method is the spatio-temporal clustering
algorithm ST-DBSCAN (Birant and Kut 2007) which is widely used in literature, in
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Fig. 1 Example plots of simulated data for the two scenarios ((a) and (b) denote the spatial units after real
clustering and the corresponding time series of the clustering results in scenario 1, respectively, and (c) and
(d) denote the corresponding data in scenario 2, where n = 100, T = 50, and C = 5 are taken)

this algorithm, it is necessary to determine three important parameters, the maximum
value of spatial distance, Eps1, the maximum value of temporal distance, Eps2, and
the minimum point, MinPts, which are usually determined by determining the value of
MinPts before determining the values of Eps1 and Eps2 values. First, MinPts can
be approximated as the sample size of the data set, which is MinPts ≈ ln (n). Then
the average distance between each point and its nearest neighbor is calculated, the
corresponding temporal MinPts distances are plotted as well as the spatial MinPts
distances, and the values at the “elbows" of the plots are chosen as the corresponding
values for Eps1 and Eps2. The simulation of each method was repeated 50 times
for each scenario, and the average value of the 50 simulations was taken as the final
experimental result. The spatial and temporal data of the two scenarios from one of
the simulations are shown in Fig. 1. The same color represents the same cluster.

The simulation results for each parameter setting in both scenarios are presented in
Tables 1, 2, and 3. The average number of clusters, Purity, and FMI of the clustering
results are displayed for each method. The simulation results of the proposed method
in this paper demonstrate that the average number of clusters closely matches the real
situation for both Scenario 1 and Scenario 2. Moreover, the Purity and FMI values
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Table 1 Average optimal number of clusters for different models simulated in both scenarios ( Sce1 stands
for scenario 1, and Sce2 stands for scenario 2. T represents the length of the time series,m represents fuzzy
parameter, and L represents lagged L−order)

n Scenario Class T STFCMd-BSWE MWFC ST-DBSCAN

m = 1.5 m = 2 L = 10 L = 50

50 Sce1 C = 3 50 3 3 3.4 – 6.5

100 3 3 4 2 4.6

500 3 3 2.4 2.45 9

C = 5 50 4.4 4.6 2 – 3

100 3.8 5 4 2 8

500 4.8 4.9 2 3 8.4

Sce2 C = 3 50 2.2 3 2 – 7.32

100 3 3 2 2 11.4

500 3 3 2 2 6

C = 5 50 4 4.6 5 – 10.88

100 4.9 5 4.02 4.04 6.06

500 5 5 2 2 6.08

100 Sce1 C = 3 50 3 3 3.15 – 6

100 3 3 4 3.5 11

500 2.95 2.98 4.33 2 7.18

C = 5 50 3 4 2 – 11

100 3.06 4 2 2 12

500 2 4 2 2 14

Sce2 C = 3 50 3 3 2 – 6.22

100 3 3 2 2 14.54

500 3 3 2 2 9.08

C = 5 50 4.9 5 2 – 9.02

100 4.96 5 4 2 7.46

500 4 4.04 2 6 8.14

indicate that the proposed method performs optimally in most cases, highlighting its
effectiveness compared to the other two methods.

Regarding the fuzzy parameters, the simulations show that the difference in clus-
tering effect between m = 1.5 and m = 2 is not very obvious. This suggests that
the fuzzy parameter does not have a major impact on the clustering effect. However,
there are certain parameter settings where the clustering effect is notably better for
m = 2 than for m = 1.5 (e.g., in Scenario 1 with n = 100, T = 50, and C = 5
). Furthermore, it is observed that the clustering effect of the other two methods is
better for Scenario 1 compared to Scenario 2. This indicates that these methods are
not effective when the distinction between clusters is less obvious.
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Table 2 Average Purity index of the simulation approach for different models in both scenarios

n Scenario Class T STFCMd-BSWE MWFC ST-DBSCAN

m = 1.5 m = 2 L = 10 L = 50

50 Sce1 C = 3 50 1.0000 1.0000 0.8000 – 0.9056

100 1.0000 1.0000 0.9820 0.6400 0.9592

500 1.0000 1.0000 0.7040 1.0000 0.7244

C = 5 50 0.8680 0.9573 0.4600 – 0.3600

100 0.776 1.0000 0.5660 0.4600 1.0000

500 0.9696 0.9848 0.5200 0.4400 0.9096

Sce2 C = 3 50 0.7280 0.9800 0.6615 – 0.6680

100 0.9208 0.9800 0.6996 0.6404 0.8016

500 0.9976 0.9700 0.7200 0.7100 0.6400

C = 5 50 0.8004 0.9240 0.4188 – 0.7832

100 0.9816 1.0000 0.4400 0.3424 0.5944

500 1.0000 1.0000 0.2400 0.2400 0.5732

100 Sce1 C = 3 50 1.0000 1.0000 0.7800 – 0.8872

100 1.0000 1.0000 0.9970 0.7636 0.7590

500 0.988 0.9952 0.9033 0.7600 0.9812

C = 5 50 0.6200 0.8300 0.2896 – 0.8736

100 0.6772 0.8500 0.4000 0.4300 0.8268

500 0.5000 0.8300 0.3995 0.2700 0.8288

Sce2 C = 3 50 0.9567 0.9800 0.6896 – 0.6692

100 0.9706 0.9900 0.7200 0.7175 0.5244

500 1.0000 1.0000 0.7440 0.7600 0.5040

C = 5 50 0.9816 0.9992 0.2700 – 0.6294

100 0.9932 0.9996 0.3662 0.2884 0.5880

500 0.8400 0.8462 0.2700 0.5300 0.5712

4 Real-life Data Sets

In this paper, we apply the proposed spatio-temporal clustering model BSWE-
STFCMd to spatio-temporal data in two different domains: one is traffic data and
the other is air quality data. In applying the STFCMd-BSWEmodel, the fuzzy param-
eter m = 2, the optimal number of clusters is determined by choosing the number
of clusters corresponding to the maximum value of the fuzzy silhouette coefficient in
Section 2.4.

Example 1: Traffic Data
The dataset used in this study consists of traffic flow data collected from 25 inter-

sections located in Guanshanhu District, Guiyang City, Guizhou Province, China. The
data was recorded on April 15, 2020, with a time interval of five minutes, resulting in
a total of 288 data points per day. The spatial units in this dataset correspond to the 25
intersections, denoted by n = 25, while the length of the time series is T = 288.
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Table 3 Average FMI of the simulation approach for different models in two scenarios

n Scenario Class T STFCMd-BSWE MWFC ST-DBSCAN

m = 1.5 m = 2 L = 10 L = 50

50 Sce1 C = 3 50 1.0000 1.0000 0.7698 – 0.8536

100 1.0000 1.0000 0.8830 0.7614 0.9482

500 1.0000 1.0000 0.8065 0.9031 0.5699

C = 5 50 0.8861 0.9546 0.6419 – 0.4741

100 0.8531 0.8708 0.8239 0.6576 0.8994

500 1.0000 1.0000 0.6816 0.7791 0.7632

Sce2 C = 3 50 0.7542 0.9651 0.6969 – 0.8684

100 0.8608 0.9651 0.7603 0.6667 0.7649

500 0.9961 0.9452 0.7997 0.7804 0.9023

C = 5 50 0.8507 0.9392 0.5955 – 0.6703

100 0.9872 1.0000 0.6928 0.6069 0.7371

500 1.0000 1.0000 0.6366 0.6366 0.6976

100 Sce1 C = 3 50 1.0000 1.0000 0.7685 – 0.6469

100 1.0000 1.0000 0.8799 0.6145 0.4923

500 0.9910 0.9964 0.8214 0.8064 0.9225

C = 5 50 0.7376 0.8896 0.6458 – 0.6924

100 0.7330 0.9013 0.6279 0.6510 0.6095

500 0.5810 0.8896 0.6261 0.6431 0.6145

Sce2 C = 3 50 0.9331 0.9985 0.9844 – 0.9191

100 0.9399 0.9789 0.7318 0.7282 0.4446

500 1.0000 1.0000 0.7752 0.8064 0.6472

C = 5 50 0.9872 0.8863 0.5888 – 0.7541

100 0.9935 0.9992 0.6074 0.5830 0.7623

500 0.8469 0.8528 0.6431 0.7190 0.7232

These 25 intersections collectively form a road network, and it is essential to par-
tition this network to facilitate traffic management. By dividing the road network
into appropriate sub-networks, the management department can gain insights into
intersections with high and low traffic flows. This allows them to make informed deci-
sions and implement tailored management strategies for different sub-networks. Such
an approach enables more effective traffic flow management, optimization of road
conditions, and improved efficiency of road access. Figure2 displays the geographic
locations of the 25 intersections, while Fig. 3 illustrates the corresponding traffic flow
observed at these intersections. For narrative purposes, the 25 intersections are num-
bered as shown in Table 4.

Taking the number of clusters C = (2, 3, 4, 5, 6), the fuzzy silhouette coefficient
corresponding to different numbers of clusters is displayed as shown in Fig. 4, when
taking the number of clusters C = 2, the fuzzy contour coefficients attain the maxi-
mum value of FS = 0.9122, i.e., it is the most appropriate to divide the road network
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Fig. 2 Schematic of 25 intersection locations (The red area on the left represents the geographical distri-
bution of the Guanshanhu District under study in Guizhou Province, while the right diagram shows the
locations of 25 intersections in the Guanshanhu District)

formed by these 25 intersections into two sub-zones. When the optimal number of
clusters is determined, the final weights assigned to space and time are obtained as
ws = 0.71 and wt = 0.29, respectively. The final clustering results are also obtained
for the membership degree of each intersection as well as the division results as shown
in Table 5 and Fig. 5. It is known that the clustering centers are numbered 10 and 11,
and the two clusters contain intersections numbered (2, 3, 5, 10, 14, 17, 23, 25) and
(1, 4, 6, 7, 8, 9, 11, 12, 13, 15, 16, 18, 19, 20, 21, 22, 24), respectively. The method
divides 25 road networks formed by each intersection into two subareas, a high-traffic
area, and a low-traffic area.

Example 2: Air Quality Data
The example dataset consists of the daily average Air Quality Index (AQI) for 36

cities in the northeastern region of China from January 1, 2020, to December 31,
2020. This dataset represents spatial units with n = 36 cities and a time series length
of T = 366 days. By performing spatio-temporal clustering based on the AQI values
of these 36 cities, we can understand the regional differences and develop appropriate
strategies, which are of great significance for mitigating air pollution. The spatial
representation of the 36 cities is illustrated in Fig. 6, where the spatial location of each
city is indicated by its center latitude and longitude coordinates.

To determine the number of clusters, we calculate the fuzzy silhouette coeffi-
cients for different cluster numbers, as shown in Fig. 7. The highest coefficient value
FS = 0.9275 is achieved when the number of clusters C = 3, indicates that the
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Fig. 3 Plots of traffic flow over time at 25 intersections
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Table 5 Clustering results: membership degrees of the 25 intersections

Intersection number Center intersection number

10 11

1 0.0961 0.9039

2 0.8674 0.1326

3 0.9693 0.0307

4 0.0357 0.9644

5 0.8888 0.1112

6 0.0125 0.9875

7 0.2730 0.7269

8 0.1135 0.8865

9 0.0385 0.9615

10 1.0000 0.0000

11 0.0000 1.0000

12 0.2126 0.7874

13 0.3731 0.6269

14 0.5704 0.4296

15 0.0948 0.9052

16 0.0756 0.9244

17 0.5351 0.4649

18 0.1554 0.8446

19 0.0429 0.9571

20 0.0896 0.9104

21 0.0365 0.9635

22 0.0291 0.9709

23 0.5248 0.4752

24 0.0944 0.9056

25 0.9303 0.0697

36 cities should be divided into three clusters. Once the optimal number of clusters is
determined, theweights assigned to space and time arews = 0.6685 andwt = 0.3315,
respectively. This suggests that spatial proximity has a greater influence on the cluster-
ing results compared to temporal proximity. The final clustering results are presented
in Fig. 8 and Table 6.

Table 6 shows the membership degrees of the 36 cities belonging to each clus-
ter, and from the results, the whole Northeast region is divided into three clusters
according to the average daily AQI values. The center cities of the three clusters
are Jilin City in Jilin Province, Anshan City in Liaoning Province, and Hegang City
in Heilongjiang Province, and the clustering is centered on one of the cities in each
province, which further indicates that the spatio-temporal clustering in the model is
effective and consistent with common sense. It can also be seen that Yingkou City in
Liaoning Province belongs to the second cluster with a high membership degree of
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Table 6 Clustering results: membership degrees of the 36 cities

City Center city

Jilin Anshan Hegang

Shenyang 0.3981 0.5292 0.0728

Dalian 0.1642 0.7413 0.0945

Anshan 0.0000 1.0000 0.0000

Fushun 0.6677 0.2578 0.0745

Benxi 0.3576 0.5664 0.0760

Dandong 0.2655 0.6070 0.1276

Jinzhou 0.0529 0.9235 0.0236

Yingkou 0.0159 0.9777 0.0064

Fuxin 0.2302 0.6739 0.0959

Liaoyang 0.0517 0.9321 0.0162

Panjin 0.1795 0.7575 0.0630

Tieling 0.7039 0.2302 0.0659

Chaoyang 0.1045 0.8421 0.0535

Huludao 0.0676 0.8983 0.0341

Changchun 0.8543 0.0723 0.0734

Jilin 1.0000 0.0000 0.0000

Siping 0.7187 0.1845 0.0968

Liaoyuan 0.8852 0.0746 0.0402

Tonghua 0.2458 0.6107 0.1435

Baishan 0.3321 0.4686 0.1993

Songyuan 0.6990 0.1393 0.1617

Baicheng 0.3769 0.2544 0.3688

Yanbian Korean Autonomous Prefecture 0.3650 0.2157 0.4193

Harbin 0.6388 0.1716 0.1896

Qiqihar 0.3169 0.1611 0.5220

Jixi 0.1370 0.0748 0.7882

Hegang 0.0000 0.0000 1.0000

Shuangyashan 0.0892 0.0377 0.8730

Daqing 0.3352 0.2689 0.3959

Yichun 0.0856 0.0414 0.8729

Jiamusi 0.1139 0.0683 0.8178

Qitaihe 0.2849 0.0928 0.6223

Mudanjiang 0.5591 0.1059 0.3350

Heihe 0.1602 0.1295 0.7104

Suihua 0.5999 0.1644 0.2357

Daxinganling 0.2243 0.1864 0.5893
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Fig. 5 Clustering results: two subareas

Fig. 6 Map of the distribution of 36 cities: black dots indicate the center of each city(The data set is provided
by Geographic remote sensing ecological network platform (www.gisrs.cn)

0.9777, and Liaoyang City in Liaoning Province belongs to the second cluster with a
membership degree of 0.9321, which indicates that it is reasonable to classify these
two cities in the second cluster. Figure8 shows the spatial locations of the 36 cities
after clustering, and the cities with the same color belong to the same cluster, which
indicates that these cities have similar spatial and temporal variations in air quality in
a year. Obvious differences in air quality levels can also be found between cities in
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Fig. 7 Fuzzy silhouette coefficient values corresponding to different numbers of clusters C

Fig. 8 Clustering results: divided into three clusters
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Jilin Province, and the Yanbian Korean Autonomous Prefecture in Jilin Province is
more different from other cities in the province. The air quality levels in Fushun City,
Liaoning Province, are similar to those in Jilin Province.

5 Conclusion

This paper proposes a new robust clustering method for complex spatio-temporal
data, addressing the need to cluster spatial units with similar time series. Given the
fact that spatio-temporal clustering is usually affected by the dependence on time and
space, a weighted exponential function is used to describe the correlation of spatio-
temporal data. Additionally, a B-splines-based expansion is employed to reconstruct
the spatio-temporal data. Further, the Partitioning Around Medoids (PAM) algorithm
is introduced to accelerate the implementation of the proposed clustering method. In
summary, the proposed method can effectively characterize the correlation of spatio-
temporal data and is also easy to understand and implement.

Compared with several competing spatio-temporal clustering methods, the simula-
tion studies show that the proposed method generally exhibits better performance in
terms of purity and FMI. The method’s extensive applicability is also demonstrated
through two real-world applications involving traffic and air quality data. Furthermore,
the proposed method can be extended to cater to a diverse range of requirements,
including the clustering of spatio-temporal data from mobile monitors.

Our work is subject to limitations that need further study. Specifically, the depic-
tion of spatio-temporal data correlation relies on a specific kernel form, such as the
weighted exponential function employed in this study. The choice of the kernel func-
tion holds significance for the clustering approach and is frequently influenced by our
comprehension of the data.
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