DOI: https://doi.org/10.34123/jurnalasks#2.618

Jurnal Aplikasi Statistika &

POLITEKNIK STATISTIKA . -
STIS Komputasi Statistik J AS KS
Vol. 17 No. 2, December202%5

Jurnal Aplikasi Statistika

e- ISSN: 26151367, p-ISSN:20864132 & Komputasi Statistik
Available online ahttps://jurnal.stis.ac.id/ T

Clustering RegenciefCities Vulnerable to Air Pollution in the
Java Island: Fuzzy Geographically Weighted Clustering

Arya Candra Kusumal’, Arie Wahyu Wijayanto?, Arista3 Vicka Kharisma
Bahar*, Tifani Husna Siregar

1BPSSatistics IndonesiaJakarta, IndonesigZDepartment of Statistical Computing, Reknik StatistikeSTIS,
Jakarta, Indonesiadlndiana UniversityBloomington, Bloomingtorindiana,USA “Asian Development Bank
Institute, JapanKing Fahd University of Petroleum and Minerals, Saudi Arabia

*Corresponding AuthorE-mail addressarya.candra@bps.go.id

ARTICLE INFO Abstract
Article history: Introduction/Main Objectives: Air pollution has become a critical glob
Received4 August 2024 concern with substantial effects on human health and the environ
Revised? April, 2025 Background Problems: Java Island in Indonesia, recognized for its h
Acceptedl2 July 2025 population density and industrial activities, necessitates focused eff

Published31 December2025  resolving this issueNovelty: While air pollution research has been enormc
there has been no effort to cluster regencies or cities on Java Island ul
spatiallybased data. This research seeks to cluster regencies and cities

Keywords: Island acording to air pollution levels and to compare geodemographic

Air Pollution; Artificial Bee nongeodemographic clustering methodologié&esearch Methods: This

Colony (ABC) Environment; study employs secondary data regarding air pollution, obtained fron

Fuzzy C Means (FCM)Fuzzy Openweather API. This study employs a geodemographic clustering tech

Geographically Weightet namely fuzzy geographically weighted clustering (FGWC), optimized by

Clustering (FGWC) artificial bee colony (ABC) algrithm. Finding/Results: The study findings
indicate that the geodemographic clustering method ABCFGWC surp
Fuzzy GMeans(FCM) according to the TSS (Tar®&unSun) index. The dat
reveal that th&Sreater Jakarta alabodetabefirea and its adjacent territoris
are more susceptible to air pollution. The findings of this study are expec
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1. Introduction

Air pollution has emerged as a global concern due to its harmful impacts on human health and the
environmentl], [2], [3]. The deterioration of global air quality is attributable to anthropogenic activities
that release pollutants into the atmosphere, including car emissions, industrial emissions, and fossil fuel
combustion[2], [4]. The pollutants encompass particulate mai®..s and PMg), nitrogen dioxide
(NOy), sulfur dioxide (S@), carbon monoxide (COand several other organic chemicdlee World
Health Organization (WHO) reports that 91% of the global population lives in regions where air
pollution is above the established air quality guideli2ésin Indonesia, the average air pollution level
exceeds the WHO recommended limit by three tifsgsConsequently, analyzing air pollution is
essential for developing effective strategies to alleviate its harmful effects.
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Figure 1. Theimpact ofreducedife expectancycaused bymortality risk in Indonesia

Numerous scientific researgapers[6], [7], [8] have provided evidence tfe detrimental long
term and shotterm health effects of air pollutioffrom Figure 1, it is evident that air polluti@mone
of the most significant risk factercontributing to reduced life expectancy, exceeding all other
determinantg5]. PM2.5, a category of fine particulate matter, is a highly harmful pollutant closely
associated with respiratory and cardiovascular probj@m¥ulnerable populations, including children,
the elderly, and individuals with a history of respiratory or cardiovascular disease, are particularly
susceptible to the health impacts of air pollufi@h

In addition to its effects on human health, air pollution also poses a significant threat to the
ecosystem and the overall welfare of humajfity[4]. Sulfur dioxide (SQ@) and nitrogen oxides (NZ)
may react chemically to form acid rain, which has harmful consequences for the ozone layer and
ultimately contributes to global warmin@]. In terms of human welbeing, air pollution has a
significant impact on both labor productivity and the cognitive capacities of stufijis[11].
Therefore, resolving air pollution problems will not only tackle health concemisalso address
environmental concerijg].

To alleviate the adverse effects of air pollution, several governments and organizations across
different nations have enacted a series of measures, including the establishment of emission regulations,
the adoption of renewable energy sources, and thegbimmof sustainable transportatif#, [13], [14].
Furthermore, the European Union is implementing the Carbon Border Adjustment Mechanism (CBAM),
a scheme intended to charge fees on cattemsive goodghatwill be fully enacted in 2026, following
a transitional phase from 2023 to 202@]. In Indonesia, the urgency to address air pollution at the
local level is increasing as there are different levels of air pollution in each fegjodava Island is a
significant area fothe assessment of air pollution levels attributable to its concentrated industrial and
economic activities.

Several previous studies have examined air pollution using different methodoldgies
comprehensive analysis incorporating spatiotemporal assessment, clustering, and correlation techniques
has been applied to air pollution data in northern Cfii6% An enhanced variant of the-tdeans
algorithm has been proposed to improve accuracy and computational efficiency in determining the air
quality index (AQI)[17]. Cluster analysis combined with spatial correlation methods has also been
employed to examine air pollution patterns in CHir&. In addition, the Kmeans clustering technique
has been used to classify air pollution regions in Makd&9hmDespite extensive study on air pollution,
no studies have focused on clustering areas by air pollution at the regency or city level specifically for
Java lIsland, including geographical characteristics. Moreover, previous studies mostly focused on
clusterirg, neglecting the relationship among distiregjions. Clustering analysis, which incorporates
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spatial characteristics, might serve as a methodological approach to formulate policies that acknowledge
regional variability [20]. Geodemographic clustering enhances the identification of-iietgonal

linkages and supports spatially explicit analysis, hence assisting in policy form{gjofR21]. This
approach has been successfully implemented in several $d82jras well as in other domaifi23],

[24], [25].

Thus, this study aims to cluster regencies/cities on Java Island based on air pollution conditions. In
addition, this research also aims to compare clustering results between clustering methods that consider
spatial aspects and clustering methods thabtloonsider spatial aspects. By clustering regencies/cities,
it is possible to identify pollution levels and air pollution characteristics between redidizng this
knowledge, regional development strategies can be designed to mitigate air pbijutiking into
account the unique characteristics of each location. This research contributes to the field of air pollution
analysis and management in Java.

2. Material and Methods
2.1. Air Pollution Data

The data utilized in this research was acquired using the Application Programming Interface (API)
from the website https://openweathermap.org/. The study utilized regencies/cities on Java Island as
observation units, specifically 119 regencies/cities. Huedy represents air pollution in each
regency/city by using the centroid point of the regency/city area. Data collection occurred daily for one
week, from June 15, 2023, to June 22, 2023, at 12:00 WIB. The data collection is specifically targeted
at perials of high air pollution, which are typically associated with increased population activity. The
acquired data is then averaged to determine the pollution level in the regency/city. The grouping of
vulnerable regencies/cities is achieved by using air fiatiumeasurement variables, as showmable
1.

Table 1. Researclvariables

Variable Definition Units
CcoO CO (Carbon monoxide) concentration &
NO NO (Nitrogen monoxide) concentration ?_9
NO: NO: (Nitrogen dioxide) concentration ?_9
O3 O3 (Ozone) Concentration ?_Q
SG SO, (Sulfur dioxide) concentration ?_(é
PM: 5 PM. s (Fine particulate matter) concentration ?_9
PM1o PMio (Coarse particulate matter) concentratior ?_(9
NH3 NH; (Ammonia) Concentration ?_9
a

2.2. Fuzzy C Means (FCM)

FCM (Fuzzy CMeans) is one of the fuzzy clustering algorithms that assigns a membership level
to each observation in each cluster, ranging from zero td28je The membership level for each
observation in the cluster is determined by optimizing an objective function. The most commonly used
and studied objective function for FCM clustering is minimizing the least squares error, as in equation
(1) [26].

0 Rho CQ o
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With: r] represents the set of dill observations, with each observation a vectdDimensional
space, ief oMM O'Y.wisthe number of clusters in the set of all observatpns
w 0 p,a isthe fuzziness weighting exponent with avalup of& Hg‘ is the element in the
“@h row and’@h column of the fuzzy membership matrix, indicating the degree of membership of
observationGn cIusterQo o ho FE ho is the cluster centroid vectar Ol ER s
the centroid for clusteQ is thesquared distance between observafi@md clustefQThe fuzzy

membership matrig * is initialized using equatio(R).
. P
« o )
B & o=

are obtained using equati¢3).

° B - 3)

The optimal form of fuzzy clustering for datagpis defined as the pair of value§ho that
minimizes the objective function of equati¢t). The optimal pair is obtained through an iteration
process. The iteration process will stop when the condition in equé@t)prwhich indicates the
achievement of the local optimuj27]. With: - is the stopping criterion for the iteration, ranging from
0 to 1,0is the iteration index.

(4)

2.3. Fuzzy Geographically Weighted Clustering (FGWC)

The fuzzy emeans (FCM) algorithm was further developed through the integration of spatial
features[28]. The resulting algorithm is called Fuzzy Geograpyc#eighted Clustering (FGWCQC)
which is able to combine the effects of population and distance in cluster analysis in a geographical
context so as to enrich the existing fuzzyn@ans algorithnfi29]. The addition of spatial elements is
based on the understanding that cluster centers depend not only on variable values, but also on fuzzy
values associated with cluster paramef28j. Therefore, the spatial component is added by giving
weights to the cluster membership formed so as to produce clusters that also consider spatial aspects
[28]. FGWC has been applied to various studies that consider spatial aspects, particulady social
environmental studid23], [24], [25], [29]

Fuzzy Geographically

Fuzzy Clustering Weighted Clustering
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the membershlp ‘Of data points using a fuzzy effect. Cluster membership and properties change
membership matrix. throughout the clustering procedure.
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Source: Mason & Jacobs@28] .
Figure 2. lllustrative comparison of FGWC anflizzyclustering
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Figure 2shows an illustration of FGWC. In the process of cluster formation, FGWC adopts an
approach that awiders the influence of a region on other regions through population factors and the
distance separating thej28]. The mathematical equation for FGWC can be described as follows. For
a new cluster membersHhipof areaQit can be expressed as a linear combination of the previous cluster
membership* and the membership weiglit with respect to the weighting factors andf .
Mathematically, the FGWC formulation can be written as in equéfpj28].

©)

Where' is the new cluster membership for ai@a is the previous cluster membership for atea

andf are the scale parameters of the proportion between the previous cluster membership and the
membership weight. The values|ofindi must fulfill the requirement 1 p, 0 is a scale factor
calculated for all clusters such that the total membership of an area in each clustertelmaiidition,

the regional weight in equation(5) can be defined as in equati@). Where:& andd& represent

the population of ared&and QespectivelyQ is the distance between aré&@ndQdare parameters
defined by the researcher.

R
v 0 (6)

2.4. Atrtificial Bee Colony (ABC)

FGWC has the disadvantage of being prone to getting trapped in local ¢p8md25], [29]
Artificial Bee Colony (ABC) is one of the optimization approaches that can be used to minimize this
limitation [30], [31]. ABC is an optimization algorithm inspired by the behavior of a group of bees in
search of optimal food sourcg?], [33]. The search for the optimal value in ABC is analogous to the
search for the optimal food source by bees in the search[§2jcEhe ABC algorithm consists of three
stages involving three types of bees, namely employed bees, onlooker bees, and scout bees. The stages
of the ABC algorithm can be explained as folloj82].

First, employed bees travel back and forth between the nest and the food source location. Each
employed bee is associated with a specific food sandeemembers its location. They not only return
to the hive with the food source, but also conduct local exploration to find better food sources

Second, onlooker bees observe the behavior of employed bees returning from the food source
search process. Onlooker bees are not associated with a particular food source, kmdtioay
probabilistically observe the behavior of employed bees to determine the best food source location. This
selection probability can be calculated using equdf®iB4]. Where"Q&is the fitness value of th@
th solution that is directly proportional to the quality of the food source &ithcation, and is
the number of employed bees.

. §OlY]
T B8 oo (7)

Third, scout bees observe the behavior of employed bees when returning to the nest. Scout bees are
not associated with a specific food source location, and their job is to find new food sources. If scout
bees observe that employed bees do not find pragedsdetter food sources, they randomly search

for new food source locations in the search space. In the ABC algorithm, the search for a new food
source is expressed in equat{@h[34].

NZ

Wherec is a new candidate food source location calculated by comparing the previous food source
@ with a random food source locationy plghE ke , and Q@ plghE KO . The notation%o
represents a number in the rang@lp that is randomly generated
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2.5. Analysis Flow

This study employs FGWC parametérs ¢, | T, 1 ™, O P, ) p,and- p T,
which are the default settings in the naspaclust pad@&jeMeanwhile, for the ABC algorithm, the
parameters p T v,andl E| B @ere usedThe analysis process was carried out using
Rstudio 4.2.1 software by utilizing several statistical analysis packages and data visualization. The flow
of analysis in this study can be described as follows

1. First, the data was retrieved through the openweather API by determinimggenecycity
center point as the area to be retrieved from the API. The data is then preprocessed using
Rstudia

2. Next, cluster analysis was conducted by forming 2 to 6 clusters using both clustering methods.
The range of the number of clusters formed up to 6 refers to the categorization, @A«
also amounts to 6 categorig@6]. The determination of the optimal number of clusters in both
methods is done using the cluster validity index, the (T&8gSunSun) Index[37]. The TSS
index is a development of the XRBeni Index and Kwon Index to overcome the problem of
monotonically increasing or monotonically decreasing index vdlyemposing a penalty on
the calculation of index validityformulated in equatio(®) [37].

O p ‘e o . 'P o o
& Q& o 2 Ww P . (9)
©
Where* i is the degree of membership of thth observation to th&€h clusterd is a

vector indicating the value for tf@h observation'l and’l are vectors indicating the centroid
of the'@h and'Gth clustersg indicates the number of observations, arid the number of
clusters. The lower th® value, the better the cluster form@d].
3. After the clusters are formed, profiling is done on the results of the clusters formed. Profiling
is done by interpreting the cluster centroid results and showing biplots to support clustering.
4. The mmparison between clustering methods is then carried out using thede&&37] and

the Randindex[38]. The Randindex is a measure of the similarity of cluster results from two
different clustering methods on the same da8&. The Rand index is formulated in equation

(10) [38].

o ‘é ®BB: BB BB &

o W 5 (20
C

Where:¢ is the number of data grouped into & cluster inthe clustering methody and
grouped into théah cluster inthe clustering methodb . In addition, the notatiofi represents
the number of clustered dafthe Rand indewalueis between 0 and 1 withdenotingthat the
cluster results between the two methods are iderji8hlThe better clustering method is then
interpreted and discussed further.

3. Resultsand Discussion

This section explains the results and discusses cluster formation in the case of air pollution in Java.
To compare the two cluster formation methods, the optimal number of clusters for each method is first
determined. The determination of the optimal nundfeclusters is done using the TSS index. Clusters
will be created using both methods, with the TSS index determining the optimal number of clusters.
Next, the cluster results will be compared. After obtaining the best method, the better cluster method is
interpreted, and the cluster results are discussed to analyze the case of air pollution on Java Island.
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Figure 3. Determining thenumber ofclusters with TS$ndex in clustering methods B)zzyC Means
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3.1. Optimal Number of Clusters

Figure 3shows the TSS index graph for clusters formed using the FCM and ABCFGWC methods,
with cluster numbers ranging from 2 to 6. In the FCM method, it can be seen that the lowest TSS index
value in the cluster range of 2 to 6 is the TSS index for 6 clustera.résult, the optimal number of
clusters using FCM is six. Thus, six clusters were formed using the FCM method. On the other hand, in
the ABCFGWC method, it can be seen that the lowest TSS index value for the range of clusters 2 to 6
is the TSS index for 8lusters. As a result, using the ABCFGWC method, the optimal number of clusters
is five. Thus, five clusters were formed using the ABCFGWC method

3.2. Fuzzy C Means (FCM) Method
Based on the TSS index, a totabofclusters were formed using FCM. Interpretation of the cluster

results can be done using the center of the cluster regalite 2 displays the cluster centers of the 6
clusters formed using the FCM method.

Table 2. Centroidfuzzyc means (FCMXlusteringresult

Cluster CO NO NO, O3 SO PM; 5 PMig NH3
1 432.94 0.32 4.07 76.64 5.29 18.77 26.78 5.33
2 1416.28 0.92 21.35 179.71  20.95 104.10 124.82 16.96
3 3282.25 2.85 63.72 281.21 49.14 243.95 275.12 5.33
4 7809.41 3.46 116.40 639.47 69.80 721.95 832.20 1.53
5 833.50 0.43 9.34 100.76  8.50 52.69 69.99 13.18
6 2077.22 0.99 2.36 193.18 32.79 174.00 200.78 12.95

Source: Aut horsdé Calcul ati on

According toTable2, Cluster 4 tends to have the highest air pollution compared to other clusters,
except for the Nklpollutant. The next cluster that has the highest air pollution @tster 4 isCluster
3. In contrast t&luster 4,Cluster 3 tends to have lower air pollution values for all air pollutants except
for the NH; pollutant. When it comes to the NHollutant,Cluster 3 actually has a higher average value
thanCluster 4. Meanwhile, the other clusters exhibit their own unique pattesngxampleCluster 6
has high pollution levels, ranking just below clusters 3 and 4 in most pollutants but has théNl@vest
pollutant among all clusteré\nother example i€luster 2, which has the highest Npbllutant but is
not very prominent in other pollutants
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Figure 4. Biplot of principal componentnalysis (PCAYuzzyc means (FCMXElusteringresults

In addition to using cluster centroids, biplots can be used to support profiling and show clustering
in the clusters formed-igure 4shows a biplot using the PCA technique based on the cluster results
obtained with the FCM method. Using PCA, dimension 1 is able to explain 75.7% of the data variation,
while dimension 2 is able to explain 14.5% of the data variation. Thus, using omyledimensions,
the data has been well explained because it has explained more than 90% of the data Vaeation.
majority of air pollution is explained by dimension 1 in the PCA results, except fopdllitants

Examining Dimension 1 yields similar results, indicating that Cluster 4 typically has the highest air
pollution compared to the other clustdtgure 4also supportable3 by showing thaCluster 3 is the
most vulnerable cluster to air pollution aftéluster 4.0n the other handluster 1 has the lowest air
pollution compared to other clusters. Cluster 1, with its cluster center closest to the origin, demonstrates
this resultWhen considering dimension & can also be seen th@tuster 2,Cluster 5, andCluster 6
are clusters characterized by high N#dllutants. In additionCluster 2 also appears to have relatively
higher NH; pollutants than the other clusters, as indicate@lhgter 2's elongated ellipse in dimension
2. Thus, the biplot shows similar resulo the cluster centroid ifiable3.

3.3. Artificial Bee Colony (ABC) Fuzzy Geographically Weighted Clusterin
(FGWC) Method Y ) Y Jrap / J J

The next clustering method implemented in this research is ABCFGWC. Based on the TSS index,
a total of 5 clusters were formed using ABCFGWC. Similar to FCM, the interpretation of the cluster
results is done using the center of the cluster reJuatsle 3 displays the cluster centers of the 5 clusters
formed using the ABCFGWC method.

Table 3. Centroidartificial beecolony (ABC)fuzzy geographicallyweightedclustering (FGWC)

result

Cluster CO NO NO; O3 SO PMa.5 PMio NH3

1 1962.00 1.02 27.74 191.95 29.46 159.75 186.28 16.00
2 900.00 0.44 10.15 109.25 9.61 59.53 77.31 13.12
3 3264.53 2.78 62.34 282.00 48.61 243.32 275.23 5.42

4 7692.77 3.46 115.38 628.55 69.42 709.67 817.87 1.61

5 460.99 0.35 4.58 78.13 5.65 20.82 29.44 5.88

Source: Aut horsoé Calcul ati on

Table 3 displays the cluster centers of the 5 clusters formed using the ABCFGWC method.
According toTable3, Cluster 4 tends to have the highest air pollution compared to other clusters, except
for NHs pollution. The next cluster that has the highest air pollution &fester 4 isCluster 3. In

PagelO1l



Clustering Regencies/ Citiesé].

contrast toCluster 4,Cluster 3 tends to have high air pollution values for all air pollutants, except for
the NH; pollutant. When it comes to the Nidollutant,Cluster 3 actually has a higher average value
thanCluster 4. The ABCFGWC method yields similar results to the FCM method. Other clusters exhibit
characteristics unique to each cluster

Dim2 (14.5%)

5.0 7.5 10.0
Dim1 (75.7%)

Figure 5. Biplot of principal componentnalysis (PCA) ABCFGWCAttificial Bee Colony Fuzzy
GeographicallyWeightedClustering)results

Figure5 illustrates the biplot using the PCA technigue, based on the cluster results obtained through
the ABCFGWC method. Using PCA, dimension 1 can explain 75.7% of the data variation, while
dimension 2 can explain 14.5% of the data variation. Similar to théopeefindings, the majority of
air pollutionis explained by dimension ifi the PCA results, except for NH3 pollutani&amining
dimension 1 yields similar results once more, suggesting that Cluster 4 typically experiences the highest
levels of air pollubn. Figure 5also support§able 3 by showing thaCluster3 is the most vulnerable
cluster to air pollution afte€Cluster4. The results with the ABCFGWC method are similar to those
obtained with the FGWC method, but there is a difference: in the ABCFGWC method, the separation
between clusters is more visible. In addition, it should be noted that the numbering betweemn the tw
clustering methods is the result of random initialization

3.4. Comparison of the Two Clustering Methods

A comparison between the two clustering methods is done using the TSS index and Rand index
values. The TSS index value is used to determine the suitability between the clusters formed with a
better clustering method that will produce a smaller TSS indisevaccording toTable4, the lowest
TSS index values for the FCM and ABCFGWC methods are 0.257 and 0.145, respectively, in the range
of clusters 2 to 6. As a result, the clusters formed by the ABCFGWC method outperform FCM based on
the TSS index.

Table 4. Comparison otlusteringmethodsbhy TSSindex andandindex
Clustering TSS Indexfor Number of Clusters

Method 2 3 4 5 6 Rand Index
FCM 1.175 3.389 2.759 0.422 0.257 0.945
ABCFGWC 1.429 6.078 0.547 0.145 1.056 '
Source: Aut horso6é Calcul ation

However, the cluster membership formed using this method does not show a significant difference.
The Rand index can be used to determine the suitability of members between the two clusters that
formed. The Rand Index has a range of values between 0 atitti the higher values indicating more
identical cluster$38]. Using the Rand Index, as many as six clusters generated using FCM are compared
with as many as five clusters generated using ABCFGWC. The resulting Rand Index value is close to
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1, indicating that these two clusters are quite similar despite having a different number of optimal
clusters

However, the Rand Index method measures the suitability of cluster members without considering
the fuzzy membership degree but directly uses the cluster membership8&3ulteanwhile, the FCM
and ABCFGWC methods have different TSS index values, even showing a difference in the optimal
number of clusters between the two methods. With the TSS index, the degree of cluster membership is
considered for each observatiorherefore, the difference in TSS index value shows that there is a
difference in the degree of membership between the two clustering methods. The lower TSS index value
in the ABCFGWC method indicates that the results of clustering air pollution improve thke
neighborhood effect is taken into account and the fuzzy membership degree is adjusted accordingly.
Previous researchers found similar results, indicating that FGWC clustering outperforms FCM in the
presence of regional aspef39].

3.5. Discussion of Cluster Results

The clustering results of these two methods are depicted in a map visualigagioe 6depicts
the visualization map of the clustering outcomes obtained from the FCM mbthadwhile,Figure 7
depicts the visualization map of the clustering results obtained from the ABCFGWC mietisod
evident that the two maps Figure 6 and Figure §how a similar pattern of results. It should be noted,
however, that the numbering between the two clustering methods is the result of random initialization.
The difference in results between the two methods can be seen in a small number of regesdies/citie
the eastern and western parts of Java Island. The absence of striking differences between the two
clusteing methods also supports the results of the rand index calculation
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Figure 6. Map ofclusterresultsof regencytity in Indonesisbased orair pollution byfuzzyc means
(FCM) approach

Figure 7. Map ofclusterresultsof regencygity in Indonesiabased orair pollution by artificial bee
colony (ABC)fuzzygeographicallyweightedclustering (FGWChpproach
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