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Abstract: Air quality monitoring is important in the management of the environment and pollution.
In this study, time series of PMjg from air quality monitoring stations in Malaysia were clustered
based on similarity in terms of time series patterns. The identified clusters were analyzed to gain
meaningful information regarding air quality patterns in Malaysia and to identify characterization for
each cluster. PMjg time series data from 5 July 2017 to 31 January 2019, obtained from the Malaysian
Department of Environment and Dynamic Time Warping as the dissimilarity measure were used
in this study. At the same time, k-Means, Partitioning Around Medoid, agglomerative hierarchical
clustering, and Fuzzy k-Means were the algorithms used for clustering. The results portray that the
categories and activities of locations of the monitoring stations do not directly influence the pattern of
the PMjq values, instead, the clusters formed are mainly influenced by the region and geographical
area of the locations.

Keywords: air quality; time series clustering; Dynamic Time Warping; k-Means; Partitioning Around
Medoid; agglomerative hierarchical clustering; Fuzzy k-Means

1. Introduction

In this modern world with vast development in every corner of the world, air quality
issues should be a major concern for everyone. Antecedently, before the haze problems
occurred in the 1980s and 1990s in Southeast Asia, environmental issues were not consid-
ered a major issue in Malaysia. However, after the haze occurrence, the Malaysian Air
Quality Guidelines and Air Pollution Index were introduced by the Malaysian government
to cope with the problems [1]. Many air quality related studies have been conducted in
Malaysia as air quality problems may, directly and indirectly, affect human health and the
environment [2]. One of them is the study of atmospheric pollutants in the Klang Valley,
which is in the center of the densely populated Peninsular Malaysia. A combination of a
few statistical analyses and a trajectory analysis was applied to compare the concentration
of pollutants between stations in that area [3].

Clustering is a process of grouping a set of data with unknown prior information. In
contrast, time series clustering is a process where a sequence of continuous data is grouped
into numbers of distinct clusters [4]. Time series clustering can be applied in various areas
of knowledge such as finance [5], energy [6], meteorology [7], and law [8]. There are many
existing studies on clustering air quality substances that include clustering of PM, 5 in
China based on the EPLS-based clustering algorithm [9] as well as clustering of air quality
monitoring stations in the Marmara region of Turkey, based on SO, and PM;q by using
Principal Component Analysis (PCA) and the Fuzzy c-Means method [10]. Meanwhile,
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Stolz et al. [11] applied a combination of three clustering techniques, namely, PCA, hierar-
chical, and k-Means in grouping air pollutant monitoring stations in Mexican metropolitan
areas based on PM;g and O3 time series data. For Malaysia air quality studies, Dominick
et al. [12] utilized agglomerative hierarchical clustering to group eight Malaysian air moni-
toring stations based on several parameters recorded. In that study, they used Principal
Component Analysis (PCA) to determine primary sources of pollutions for every cluster
formed and Multiple Linear Regression (MLR) to predict the Air Pollution Index (API).
Mutalib et al. [13] identified the air quality patterns in only three selected air monitoring
stations in Malaysia, namely, Petaling Jaya, Melaka, and Kuching by using Discriminant
Analysis, Hierarchical Agglomerative Cluster Analysis (HACA), Principal Component
Analysis (PCA), and Artificial Neural Networks (ANNSs). Other than discovering the spatial
and temporal pattern of air pollutant, clustering can also be employed to forecast the air
quality index [14] and impute missing observations of air quality data [15].

This study was conducted as there has not been much research carried out on clustering
monitoring stations that cover all parts of both the Peninsular and East Malaysia as well as
the lack of use of Dynamic Time Warping (DTW) as the distance measure in time series
clustering of air pollutants. There are a few supervised models that study the relationship
between air quality and locations but no correlation between them was found, hence
unsupervised learning such as clustering was implemented to assess the pattern of air
quality [16]. Zhan et al. [17] mentioned in their paper that air pollution is different among
locations in China such as Northern China, Xinjiang Province, and Southern China. Other
than that, air pollution index is known to be affected by several meteorological factors such
as humidity, wind speed, and temperature which vary between locations [18]. This supports
the importance of clustering of air quality monitoring stations so that the implementation
of air quality treatment and management can be done accordingly by government. Besides,
clustering of monitoring stations with similar characteristics helps the respective authority
to take similar precautionary actions in order to combat air pollution for the stations in the
same group [19]. Cotta et al. [20] also highlighted in his study that in order to use public
resources efficiently, it is vital to group redundant monitoring stations that employ a similar
air pollutant pattern.

Both the daily average and daily maximum time series extracted from each station’s
hourly PM;g time series data ranging from 5 July 2017 to 31 January 2019 were clustered.
Since the air quality data is time series data, the time series clustering method is deemed to
provide a better result than the classical clustering technique. Hence, the Dynamic Time
Warping (DTW), a shape-based distance measure more suited to time series data, was used
as the dissimilarity measure. Other than DTW, shape-based distance (SBD) can also be
used as a dissimilarity measure for time series clustering [21]. However, in this study only
DTW was used with k-Means, Partitioning Around Medoid (PAM), as well as hierarchical
and Fuzzy k-Means (FKM) algorithms to cluster the air quality time series data. According
to Govender and Sivakumar [22], k-Means and hierarchical clustering are the two most
common used algorithms in clustering. Other than that, PAM is used as it is better than
k-means in terms of finding true cluster [23]. Fuzzy clustering is also used in this paper
because it has become more popular and has less limitations concurrent with the statement
of Luczak and Kalinowski [24] that says, “it should be noted that, recently, approaches
based on soft clustering algorithms have become more popular, having fewer limitations
and disadvantages than traditional hard clustering algorithms”. This study also compares
the clustering results from these different clustering approaches. Overall, more insights can
be gained from the analysis regarding the air quality in Malaysia.

2. Methods
2.1. Dynamic Time Warping
Many distance measures can be used to measure the similarities between time series,

either based on the shape, feature, or model of the time series. The whole time-series
clustering approach is considered in this study, where time series from different stations
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are clustered according to their similarities. The similarities are calculated based on the
clustering prototypes, which are representations of the series such as the medoid, aver-
age, and local search prototypes. Different clustering algorithms have been developed
over the years, which include partitional, hierarchical, density based, grid-based, model-
based, and boundary-detecting algorithms [25,26]. The most common algorithms for time
series clustering are hierarchical clustering, partitioning clustering, and density-based
clustering [27].

DTW is a shape-based distance measure employed to determine the optimum warping
path between two time series [28]. Niennattrakul and Ratanamahatana [29] used DTW for
clustering multimedia time series data by applying k-Means as its clustering algorithm at
the same time. Izakian et al. [30] employed DTW along with fuzzy clustering algorithms
such as Fuzzy C-Means and Fuzzy C-Medoids to cluster a few time series datasets obtained
from the University of California, Riverside (UCR) Time Series Classification Archive and
determine the satisfactory level of the clustering results. Meanwhile, Huy and Anh [31]
implemented the anytime K-medoids clustering algorithm with DTW to cluster five time
series datasets and evaluate the clustering quality. On the other hand, Luczak [32] also
applied DTW but with the agglomerative hierarchical clustering algorithm on derivative
time series data instead of raw time series data of UCR datasets. According to Huy and
Anh [31], DTW can handle time series of different lengths since it can match one point in a
time series to a few data points in the other time series by stretching and compressing the
time axis. However, it is computationally expensive due to its complicated and dynamic
calculations [28].

Let there be two time series sequences represented by U and V with length n and m,
respectively:

U=uq,uy, ..., u..., uy. @)

V =01,02,...,0,...,0n. (2)

Before obtaining the optimal warping path, an n x m distance matrix is created where
the elements are made up of D(i,j) = d(u;,v;) that represents the distance between two
points. Dynamic programming is employed to compute the cumulative distance matrix by
applying the reiteration as follows:

v(i,j) = d(uw;,vj) +min{y(i —1,j), v(i, j=1),7(-1,j-1)} ®)

where (i, j) is cumulative distance, d (ui, vj) is the distance of the current cell and the rest
of the formula is the minimum value of the adjacent elements of the respective cumulative
distance. A path W = {wy,wy, ..., w, ..., w.} that minimises the total cumulative distance
between the two sequences is created to get the best alignment. Three conditions must
be satisfied to build the warping path, which are boundary conditions, continuity, and
monotonicity [32]:

(i) w; =D(1,1)and wy = D(n,m),

(i) wy = D(ik, ji) and wi1 = D(ikr1, jis1), i — ik < Land frpg — je < 1,

(i) ix1q — i > 0and jryq — jk > 0.

Therefore, the DTW distance is the path that minimizes the warping cost:

C
DTW (u,v) = min }_ wy 4)
k=1

2.2. Clustering Algorithms
2.2.1. K-Means Clustering

The first clustering algorithm used in this study is k-Means clustering. K-Means
clustering is one of the well-known partitioning clustering or non-hierarchical clustering
methods [33]. This clustering algorithm groups data into clusters by minimizing the sum
of the squared error [34]. The procedure for k-Means clustering is as follows:
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(i) randomly initialize a k-cluster, then compute the cluster centroids or means,

(ii) by employing an appropriate distance measure, allocate each data set to the nearest
cluster,

(iif) recompute the cluster centroids based on the current cluster members,

(iv) repeat stepsii and iii until no further changes.

Based on Maharaj et al. [34], the objective function of the k-Means clustering is as
follows:
K I ] )
min Y Y Y uillxi — kil @)
k=1i=1j=1
where u;, refers to the degree of membership of the i-th object in the k-th cluster;
uy = {0, 1} where u; = 1 indicates the i-th object is in the k-th cluster while u; = 0
indicates the opposite.

2.2.2. Partitioning around Medoid (PAM) Clustering

Another partitioning clustering algorithm used in this study is PAM, also known as
k-Medoids. Generally, medoids can be defined as the most centrally located data points
in the data set. PAM or k-Medoids is also known for its robustness to noise and outliers
compared to k-Means [31]. The algorithm for PAM consists of two phases which are BUILD
and SWAP [35]. Below is the explanation for both phases:

Phase 1: BUILD

(i) randomly select k elements from the data set that are centrally located as the initial
medoids to represent each cluster.

Phase 2: SWAP

(ii) change the selected data points or medoids to other unselected data points and if they
can reduce the objective function, then the swap is carried out,

(iii) assign each of the remaining data to the cluster with the nearest medoid,

(iv) this step continues until the objective function can no longer be reduced.

2.2.3. Hierarchical Clustering

Apart from partitioning clustering, hierarchical clustering is also used in this study.
In this context, agglomerative hierarchical clustering is used to cluster the air quality data
according to the stations. A complete linkage method is used where it applies the farthest
distance data pairs to determine inter-cluster distance [34]. Agglomerative hierarchical is a
clustering algorithm that begins from the bottom to the top of the tree where it merges the
objects from many clusters into a single cluster [36]. Hierarchical clustering can deal with
any type of similarity or distance measures [37]. A dendrogram graphically presents the
clustering tree that includes the merging process as well as the intermediate clusters thus it
is very informative [38]. However, hierarchical clustering has its downside too as it is not
suitable for a very large dataset due to its time complexity [39].

2.2.4. Fuzzy K-Means (FKM) Clustering

The last clustering method used in this paper is fuzzy clustering, also known as the
soft-clustering algorithm, where objects or series can be clustered into more than one
cluster [34]. Let X = {x;;: i=1,...,I;j=1,...,]} represent the i-th object of the j-th
variable. The fuzzy clustering method can be expressed as follows [34]:

I K K
- 2
min Y ) wigdi; Y ug =1, ug >0 (6)
i=1k=1 =1

where u;; represents the membership degree of the i-th object to the k-th cluster while
m > 11is a parameter that governs the fuzziness of the cluster. D’Urso et al. [40] employed
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Fuzzy c-Medoid and autoregressive metric in clustering Italian monitoring stations based
on their PM; time series data.

3. Results and Analysis

Four different univariate cluster analyses were performed in this study. In this context,
all cluster analyses used DTW as the dissimilarity measure along with various clustering
algorithms such as k-Means, PAM, hierarchical, and FKM.

In this study, hourly PM;( data from 5 July 2017 until 31 January 2019 from 60 stations
located in Malaysia (Figure 1), categorized as rural, urban, sub-urban, and industry areas,
were obtained from the Department of Environment (DOE), Malaysia and clustered into
several groups. It is essential to group the monitoring stations into clusters as each member
in the respective cluster may provide homogenous information from the air quality pattern,
thus, the formation of the clusters can evade redundancy [40], especially given that the
cost for air quality monitoring is expensive. Information from this study may help the
respective agencies in Malaysia to manage the air quality standards and the impacts of air
pollutions in Malaysia.

@ Industry

@ Rural * Kota Kinabalu * Sandakan
@ sub Urban e

® urban

© Kuala Terengganu

««——— Balok Baru
*®Indera Mahkota

> it SUANINREN Cheras, KL

iy
Permyjaya, Miri . Limbang

« Paka s runei

Miri * Tawau

Kemaman

Samalaju
.

Banting———>* 7 +Seremban
Port” .
Dickso «Bukit Rambai
Nilai
Alor Gajah

BandarayaMelaka

ST Putrajaya o
ibu
* Segamat Sarikei
. * Kluang Kuching
Batu Pahat _ o Kota Tinggi ® «Samarahan
Larkin, «Sri Aman

Pasir Gudang °® Pengerang

Figure 1. Air quality monitoring stations according to location categories: PMj time series data
that was used in this study were collected from 60 monitoring stations in Peninsular Malaysia and
East Malaysia.

Imputation of missing values in this study was done by applying the linear interpo-
lation method. Many research examples on air quality time series have used the linear
interpolation method for data imputation such as studies by Ottosen and Kumar [41], Yen
et al. [42] and Junninen et al. [43] especially for the imputation of short gap missing values
and because of the simplicity of the technique. Figure 2 shows the maximum missing
values gap in hours for every station which are relatively small compared to the total length
of the PM; data used.

Since the DTW is computationally expensive [44], the hourly time series data were
converted into daily average and daily maximum time series data. By using the daily
average time series, information on the daily cycle cannot be observed, thus resulting in
the loss of information. However, because of the limitation in terms of the computational
cost for clustering hourly time series, this study opted for daily average time series. This
study also considered clustering of the daily maximum time series to minimize the loss
of information caused by using the average daily time series. The air quality monitoring
stations are clustered into four groups based on the optimal number of clusters determined
by the elbow technique [45]. The methodology flowchart in this study is shown in Figure 3.



6 of 24

Stations

Maximum Missing Values Gap

2
2
o

350 -
300

:
Figure 2. Maximum length of gaps of missing values for PMj( data from 60 air quality monitoring

stations in Malaysia.

||I|‘||||IIIII|I
$333
33T

g 8 8

& -

(sanoy) des yo yi3ual

100
50
0

Atmosphere 2022, 13, 503

Figure 3. Methodology flowchart.



Atmosphere 2022, 13, 503 7 of 24

3.1. Clustering of Daily Average Data

The daily average time series of all 60 stations are used to obtain the four clusters
of air quality in Malaysia. Figures 4-7 show the daily average time series plots for the
four clusters obtained based on k-Means, PAM, hierarchical, and FKM, respectively. Based
on those figures, the time series plots for each cluster show similar patterns in terms of
magnitudes and occurrence of extreme events. In addition, all four methods manage to
distinguish dissimilarities in the time series patterns between different clusters.
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Figure 4. Time series plots for each cluster formed based on DTW and k-Means for daily average

PM;( time series data.
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Figure 5. Time series plots for each cluster formed based on DTW and PAM for daily average PMjg

time series data.
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Figure 6. Time series plots for each cluster formed based on DTW and hierarchical for daily average

PM;( time series data.
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Figure 7. Time series plots for each cluster formed based on DTW and FKM for daily average PMjg

time series data.

Figure 8 and Table 1 show the distribution of daily average PMjg time series data
for each cluster. Based on the boxplots, there are differences in the daily average time
series distribution between each cluster, especially in terms of the median. This is observed
from the boxplots of all four algorithms except for the median of clusters 1 and 2 from the
DTW with the PAM algorithm. Based on the boxplots for all algorithms used, cluster 3
consists of time series with higher daily average values of PMy compared to other clusters,
indicated by the high median value. On the other hand, cluster 4 consists of time series with
lower values of PM;q daily average, as its median is lower than other clusters as shown in

the boxplots.
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Figure 8. Boxplots for Malaysia PM; value (11g/m?) according to clusters based on four clustering
algorithms for daily average data: (a) DTW with k-Means; (b) DTW with PAM; (¢) DTW with
hierarchical; (d) DTW with FKM. Lower whisker represents minimum observation, lower hinge
represents lower quartile, the middle line represents median, upper hinge represents upper quartile,
and upper whisker represents maximum observation.
Table 1. Minimum, lower quartile, median, upper quartile, and maximum (below upper fence)
observations of PM1g according to clusters based on four clustering algorithms for daily average data
extracted from the corresponding boxplots.
. Minimum . . . Maximum Observation
Algorithms Cluster Observation Lower Quartile Median Upper Quartile (Below Upper Fence)
DTW Cluster 1 6.52 20.37 25.78 32.92 51.71
Cluster 2 4.46 16.01 20.55 26.67 42.67
K M+ Cluster 3 6.57 25.46 31.75 39.67 60.86
-vieans Cluster 4 4.37 12.96 15.92 20.23 31.13
DTW Cluster 1 4.46 16.71 22.00 28.86 47.06
Cluster 2 4.37 17.47 22.54 29.13 46.58
P;M Cluster 3 6.57 24.46 30.51 38.05 58.21
Cluster 4 4.55 13.42 16.67 21.58 33.80
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Table 1. Cont.

Algorithms Cluster 01\;[;2;21:;211 Lower Quartile Median Upper Quartile h?;’;:)“;‘:}g)tie;:zz;n
Cluster 1 6.57 22.81 28.57 35.69 54.97
DTW Cluster 2 4.46 16.37 21.23 27.71 44.69
. + . Cluster 3 14.11 28.02 36.01 46.22 73.38
Hierarchical ¢y gier 4 4.37 13.31 16.40 21.13 32.84
Cluster 1 6.52 19.96 25.38 32.54 51.42
DTW Cluster 2 5.00 16.33 20.90 26.87 1267
+ Cluster 3 6.57 25.46 31.75 39.67 60.86
FKM Cluster 4 437 13.05 16.32 21.10 33.13
Table 2 represents the cluster membership for PM;( daily average data for 60 air
quality stations in Malaysia based on DTW dissimilarity measures with four clustering
algorithms. From the table, we can say that most stations are assigned to the same cluster
for almost all algorithms. For example, stations CA24N, CA25N, CA26M, CA29], CA31],
CA32], CA35], CA37C, CA40C, and CA42T are all assigned into cluster 2 for all clustering
algorithms applied. Other than that, CA14A, CA48S, CA49S, CA51S, CA54Q, CA55Q,
CA59Q, CA62Q, CA63Q, CA64Q, and CA65Q are all grouped into cluster 4. Besides that,
k-Means and FKM produce almost similar clusters as the membership of every cluster
formed by both algorithms is mostly the same. This is concurrent with the statement from
Ghosh and Dubey [46], which emphasizes that FKM and k-Means produce alike clusters.
Table 2. Cluster membership for PMjq daily average data according to stations based on four
clustering algorithms.
Station ID Station Location C?at’:let ;:;y k?hig;s DI;;‘I:/I-F Hig'zgh*i-cal DTW + FKM
CAO01R Kangar, PERLIS Sub Urban 2 1 2 4
CA02K Langkawi, KEDAH Sub Urban 2 1 2 2
CAO03K Alor Setar, KEDAH Sub Urban 2 1 2 2
CA04K Sungai Petani, KEDAH Sub Urban 2 1 2 2
CA05K Kulim Hi-Tech, KEDAH Industry 2 1 2 2
CAO06P Seberang Jaya, PULAU PINANG Urban 1 1 2 1
CAQ7P Seberang Perai, PULAU PINANG Sub Urban 1 1 2 1
CAQ9P Balik Pulau, PULAU PINANG Sub Urban 2 1 2 4
CA10A Taiping, PERAK Sub Urban 3 3 1 3
CA11A Tasek Ipoh, PERAK Urban 1 2 1 1
CAI12A Pegoh Ipoh, PERAK Sub Urban 3 3 1 3
CA13A Seri Manjung, PERAK Rural 1 1 2 1
CA14A Tanjung Malim, PERAK Sub Urban 4 4 4 4
CA15W EE%‘SII\E/[QS?HI&\‘IN ILAYAH Sub Urban 1 2 1 1
Cheras, KL WILAYAH
CA16W PERSEKUTUAN Urban 1 3 1 1
Putrajaya, WILAYAH
CAITW  Linal AN Sub Urban 1 3 1 1
CA18B Kuala Selangor, SELANGOR Rural 2 1 2 1
CA19B Petaling Jaya, SELANGOR Sub Urban 3 3 1 3
CA20B Shah Alam, SELANGOR Urban 3 3 1 3
CA21B Klang, SELANGOR Sub Urban 3 3 3 3
CA22B Banting, SELANGOR Sub Urban 3 3 1 3
CA23N Nilai, NEGERI SEMBILAN Sub Urban 3 3 1 3
CA24N Seremban, NEGERI SEMBILAN Urban 2 2 2 2
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Table 2. Cont.

Station ID Station Location C?at:et ;(())rrly k?hig;s DP];/:/; Hi]e)r::fh*i-cal DTW + FKM
CA25N Port Dickson, NEGERI SEMBILAN  Sub Urban 2 2 2 2
CA26M Alor Gajah, MELAKA Rural 2 2 2 2
CA27M Bukit Rambai, MELAKA Sub Urban 1 2 1 1
CA28M Bandaraya Melaka, MELAKA Urban 2 2 2 1

CA29J Segamat, JOHOR Sub Urban 2 2 2 2
CA31] Batu Pahat, JOHOR Sub Urban 2 2 2 2
CA32] Kluang, JOHOR Rural 2 2 2 2
CA33] Larkin, JOHOR Urban 1 3 1 1
CA34] Pasir Gudang, JOHOR Urban 1 2 1 1
CA35] Pengerang, JOHOR Industry 2 2 2 2
CA36] Kota Tinggi, JOHOR Sub Urban 4 2 4 4
CA37C Rompin, PAHANG Rural 2 2 2 2
CA38C Temerloh, PAHANG Sub Urban 1 2 1 1
CA39C Jerantut, PAHANG Sub Urban 2 4 2 4
CA40C ;Tﬁfgg‘hkom’ Kuantan, Sub Urban 2 2 2 2
CA41C Balok Baru, Kuantan, PAHANG Industry 1 1 1 1
CA42T Kemaman, TERENGGANU Industry 2 2 2 2
CA43T Paka, TERENGGANU Industry 2 2 2 4
CA44T Kuala Terengganu, TERENGGANU  Urban 2 1 2 2
CA45T Besut, TERENGGANU Sub Urban 2 1 2 2
CA46D Tanah Merah, KELANTAN Sub Urban 1 1 2 1
CA47D Kota Bahru, KELANTAN Sub Urban 1 1 2 1
CA48S Tawau, SABAH Sub Urban 4 4 4 4
CA49S Sandakan, SABAH Sub Urban 4 4 4 4
CA50S Kota Kinabalu, SABAH Sub Urban 2 4 2 2
CAbSI1S Kimanis, SABAH Industry 4 4 4 4
CA54Q Limbang, SARAWAK Rural 4 4 4 4
CA55Q Permyjaya, Miri, SARAWAK Rural 4 4 4 4
CA56Q Miri, SARAWAK Sub Urban 2 4 2 2
CA57Q Samalaju, SARAWAK Industry 2 4 4 2
CA58Q Bintulu, SARAWAK Sub Urban 1 1 2 1
CA59Q Mukah, SARAWAK Rural 4 4 4 4
CA61Q Sibu, SARAWAK Sub Urban 2 4 4 2
CA62Q Sarikei, SARAWAK Rural 4 4 4 4
CA63Q Sri Aman, SARAWAK Rural 4 4 4 4
CA64Q Samarahan, SARAWAK Rural 4 4 4 4
CA65Q Kuching, SARAWAK Urban 4 4 4 4

In addition, CA21B (Klang) monitoring station is a single member cluster formed
based on agglomerative hierarchical clustering mainly due to the nature of the algorithm
itself. It is shown in Figure 6 that Klang usually has a higher reading of PM;y on a daily
basis. In this context, hierarchical clustering allows a smaller number of members for the
formation of clusters with a very contrary pattern, such as outlier stations. Wang et al. [47]
and Mazarbhuiya et al. [48] highlight that hierarchical clustering can determine anomalous
patterns in data. Meanwhile, other partitioning clustering algorithms prioritize equal size
clusters [49]. Furthermore, according to Van der Laan et al. [23], PAM uses medoid as
its cluster centroid, making it less sensitive to outliers and producing clusters 1 and 2
with almost identical distributions. However, this may also be influenced by the station’s
geographical location, where the station might be clustered together with other nearest
stations with almost similar PM;( values. This is because PAM applies actual value from the
time series data set as its medoid compared to k-Means and FKM, which use the average
as the cluster centroid.
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Table 3 shows the crosstable of the number of stations within each cluster formed for
each clustering algorithm based on the stations’ location categories. It is found that almost
all clusters are dominated by sub-urban categories for all clustering algorithms since the
locations of the air quality stations in Malaysia are mostly from sub-urban areas.

Table 3. Crosstable of the number of stations between clusters formed for each clustering algorithm
with the stations’ location categories of the PM( daily average time series data.

Stations” Location DTW + DTW +

Categories Clusters k-Means DTW + PAM Hierarchical DTW + FKM
1 1 2 1 1
2 5 3 4 4
Industry 3 0 ) . .
1 1 2 0 2
Rural 2 4 3 5 3
ura 3 0 0 0 0
1 5 2 5 6
2 3 4 4 2
Urban 3 1 3 0 ;
4 1 1 1 1
1 8 10 9 8
2 14 8 17 11
Sub-Urban 3 6 7 ; .
4 4 7 5 7

Most of the stations in industrial areas are grouped into cluster 2 for all algorithms,
while most of the stations in rural areas are dominated by cluster 4. Urban stations are
mostly clustered into cluster 1 for k-Means, hierarchical, and FKM, with cluster 2 for PAM.
A big part of sub-urban stations is placed in cluster 2 for k-Means, hierarchical, and FKM,
with cluster 1 for PAM. Therefore, we can deduce that cluster 1 represents urban, cluster 2
represents industrial and sub-urban, while cluster 4 represents rural areas.

The locations considered as industrial areas by the DOE are mainly in less populated
areas. We can say that the air quality in those areas is manageable since they are not
clustered into cluster 3, which has the highest readings of the daily average of PM; as
interpreted from the boxplots in Figure 8. On the other hand, some highly populated areas
which are categorized as suburban and urban were clustered into cluster 3. Therefore,
highly populated areas have higher PM;( readings and poor quality of air. We can clearly
see cluster 3 focuses on the Klang Valley area which is in the central part of Malaysia
near to the capital city of Malaysia. This area is densely populated and deals with heavy
traffic with a lot of passenger vehicles every day that contribute to production of significant
amount of nitrogen oxides, carbon monoxide, and other pollutant.

Figures 9-12 show that cluster 4 stations are distributed throughout East Malaysia
for all algorithms applied. Meanwhile, stations in clusters 1 and 2 are mainly distributed
throughout Peninsular Malaysia, and stations in cluster 3 are mainly located in the cen-
tral part of Peninsular Malaysia. This result applied to all the algorithms used. In the
east coast area of Peninsular Malaysia, most of the stations are clustered into cluster 2
and 4 which have lower air pollution as a result of lower PM; readings except for Balok
Baru (CA41C), Kota Bahru (CA47D), and Tanah Merah (CA46D) which are grouped into
cluster 1 that has higher PM;y reading. Balok Baru has lower air quality due to its lo-
cation to nearby Pelabuhan Kuantan and Gebeng which consist of many factories and
massive industrial activities related to bauxite mining, oil and gas activity, as well as other
manufacturing activities.
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Figure 9. Air monitoring stations’ locations colored according to clusters for PM;( daily average time
series data with DTW and k-Means as its clustering algorithm.

Figure 10. Air monitoring stations’ locations colored according to clusters for PM; daily average
time series data with DTW and PAM as its clustering algorithm.

Figure 11. Air monitoring stations’ locations colored according to clusters for PM; daily average
time series data with DTW and agglomerative hierarchical as its clustering algorithm.

Figure 12. Air monitoring stations’ locations colored according to clusters for PM; daily average
time series data with DTW and FKM as its clustering algorithm.
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3.2. Clustering of Daily Maximum Data

Daily maximum time series are also considered in this study because it is crucial
to identify stations with a high value of PMjg for a shorter period. Similar to the daily
average time series discussed in the previous section, the daily maximum time series of
all 60 stations are used to obtain four clusters of air quality in Malaysia. Figures 13-16
show the daily maximum time series plots for the four clusters obtained based on k-Means,
PAM, hierarchical, and FKM, respectively. Cluster 1 based on PAM and hierarchical is a
single member cluster of station CA10A. Meanwhile, based on k-Means and FKM, cluster 1
has two members consisting of station CA10A and CA21B. Station CA10A is located in a
suburban area facing Sumatera Island and surrounded by hilly areas, which might cause
higher daily maximum values than other stations. At the same time, station CA21B has
a higher daily maximum, coinciding with the results in the previous section. Boxplots
in Figure 17 show that the distributions of daily maximum for clusters 2, 3, and 4 are
almost similar in terms of their median and variance values. The minimum, lower quartile,
median, upper quartile, and maximum values from the boxplots are summarized in Table 4.

Table 4. Minimum, lower quartile, median, upper quartile and maximum (below upper fence)
observations of PMjg according to clusters based on four clustering algorithms for daily maximum
data extracted from the corresponding boxplots.

. Minimum . . . Maximum Observation

Algorithms Cluster Observation Lower Quartile Median Upper Quartile (Below Upper Fence)
DTW Cluster 1 11.67 32.00 46.91 7252 133.12
Cluster 2 6.00 18.02 25.15 34.66 59.58
. M* Cluster 3 9.10 29.30 40.03 55.16 93.65
-vieans Cluster 4 7.00 22.22 31.00 43.11 74.42
DTW Cluster 1 11.67 29.24 43.00 74.69 142.18
Cluster 2 6.00 17.00 23.00 31.76 53.88
PXM Cluster 3 11.95 31.00 4198 57.66 97.57
Cluster 4 7.00 23.00 31.00 42.67 72.17
DTW Cluster 1 11.67 29.24 43.00 74.69 142.18
Cluster 2 6.00 19.00 26.33 37.00 64.00
i * hical Cluster 3 17.00 36.00 49.00 69.87 120.01
lerarchica Cluster 4 10.00 28.00 37.00 50.24 83.37
DTW Cluster 1 11.67 32.00 46.91 72.52 133.12
Cluster 2 6.00 18.02 25.15 34.66 59.58
FI:M Cluster 3 7.00 23.88 32.70 45.75 78.51

Cluster 4 7.00 23.75 33.16 47.18 82.31
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Figure 13. Time series plots for each cluster formed based on DTW and k-Means for daily maximum

PM;j time series data.

PM10 (ug/m3)

PM10 (ug/m3)

1000 u
500
il
T T T T T T T
01-Jul-17 01-Jan-18 01-Jul-18 01-Jan-19
Cluster 1
| | | | | |
1000
500
L JL..}'L
T T T IT T T T
01-Jul-17 01-Jan-18 01-Jul-18 01-Jan-19
Cluster 3

PM10 (pg/m3)

PM10 (pg/m3)

1000 - -
500 -
01-Juk-17 01-Jan-18 01-Jul-18 01-Jan-19
Cluster 2
1 1 1 1 1
1000 - -
500 -
[T I -'#l 1 WU ‘_ H"I
T T L T T
01-Juk-17 01-Jan-18 01-Jul-18 01-Jan-19
Cluster 4

Figure 14. Time series plots for each cluster formed based on DTW and PAM for daily maximum

PM; time series data.
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Figure 15. Time series plots for each cluster formed based on DTW and hierarchical for daily

maximum PMg time series data.
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Figure 17. Boxplots for Malaysia PMy value (ug/m3) according to clusters based on four clustering
algorithms for daily maximum data: (a) DTW with k-Means; (b) DTW with PAM; (c¢) DTW with
hierarchical; (d) DTW with FKM. Lower whisker represents minimum observation, lower hinge
represents lower quartile, the middle line represents median, upper hinge represents upper quartile,
and upper whisker represents maximum observation.

Table 5 displays the membership of all four clusters formed for PM;q daily maximum
of air quality time series data for each clustering algorithm applied. From the output, we
can deduce that a few clustering results for all algorithms are consistent. For illustrations,
CAO01R, CAO3K, CA09P, CA14A, CA36], CA39C, CA40C, CA43T, CA48S, CA49S, CA51S,
CA54Q, CA63Q), and CA64Q) stations are all grouped into cluster 2 for all algorithms used.
Apart from that, CA07P, CA27M, CA34], and CA41C stations are clustered in the same
cluster for all algorithms. However, the results from daily average data are more consistent
throughout all algorithms than daily maximum data since clusters 2, 3, and 4 for daily
maximum data do not have noticeable differences. The differences between both daily
average and daily maximum data are due to the loss of information in the daily average
data as the information on the daily cycle cannot be observed.
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Table 5. Cluster membership for PMjg daily maximum data according to stations based on four
clustering algorithms.

Station ID Station Location Csat :et gl(())r;y k]-jl\l/;z\;r:-s DP]::/[-F Hi]e)rzrcvh;—cal DTW + FKM
CAO01R Kangar, PERLIS Sub Urban 2 2 2 2
CAO02K Langkawi, KEDAH Sub Urban 2 4 2 2
CAO03K Alor Setar, KEDAH Sub Urban 2 2 2 2
CA04K Sungai Petani, KEDAH Sub Urban 2 4 2 2
CAO05K Kulim Hi-Tech, KEDAH Industry 4 4 2 4
CAO06P Seberang Jaya, PULAU PINANG Urban 4 4 4 3
CAQ7P Seberang Perai, PULAU PINANG Sub Urban 4 4 4 4
CAQ9P Balik Pulau, PULAU PINANG Sub Urban 2 2 2 2
CA10A Taiping, PERAK Sub Urban 1 1 1 1
CA11A Tasek Ipoh, PERAK Urban 4 4 4 3
CAI2A Pegoh Ipoh, PERAK Sub Urban 3 3 4 3
CA13A Seri Manjung, PERAK Rural 4 4 2 3
CA14A Tanjung Malim, PERAK Sub Urban 2 2 2 2
CA15W EE?S?ES%{%&V ILAYAH Sub Urban 4 4 4 3
Cheras, KL WILAYAH
CAl16W PERSEKUTUAN Urban 3 3 4 3
CA17TW ﬁ‘gﬁgﬁgﬁf&ﬁ“‘{ Sub Urban 4 4 4 3
CA18B Kuala Selangor, SELANGOR Rural 4 4 4 3
CA19B Petaling Jaya, SELANGOR Sub Urban 3 3 4 4
CA20B Shah Alam, SELANGOR Urban 3 3 4 3
CA21B Klang, SELANGOR Sub Urban 1 3 3 1
CA22B Banting, SELANGOR Sub Urban 3 3 4 3
CA23N Nilai, NEGERI SEMBILAN Sub Urban 3 3 4 4
CA24N Seremban, NEGERI SEMBILAN Urban 2 4 2 2
CA25N Port Dickson, NEGERI SEMBILAN Sub Urban 2 4 2 2
CA26M Alor Gajah, MELAKA Rural 2 4 2 2
CA27M Bukit Rambai, MELAKA Sub Urban 4 4 4 4
CA28M Bandaraya Melaka, MELAKA Urban 4 4 2 3
CA29] Segamat, JOHOR Sub Urban 2 4 2 2
CA31J Batu Pahat, JOHOR Sub Urban 2 4 2 2
CA32] Kluang, JOHOR Rural 2 4 2 2
CA33] Larkin, JOHOR Urban 4 4 4 3
CA34J Pasir Gudang, JOHOR Urban 4 4 4 4
CA35] Pengerang, JOHOR Industry 4 4 2 3
CA36] Kota Tinggi, JOHOR Sub Urban 2 2 2 2
CA37C Rompin, PAHANG Rural 2 4 2 2
CA38C Temerloh, PAHANG Sub Urban 4 4 2 3
CA39C Jerantut, PAHANG Sub Urban 2 2 2 2
CA40C Indera Mahkota, Kuantan, PAHANG  Sub Urban 2 2 2 2
CA41C Balok Baru, Kuantan, PAHANG Industry 4 4 4 4
CA42T Kemaman, TERENGGANU Industry 4 4 2 4
CA43T Paka, TERENGGANU Industry 2 2 2 2
CA44T Kuala Terengganu, TERENGGANU  Urban 4 4 2 3
CA45T Besut, TERENGGANU Sub Urban 2 4 2 2
CA46D Tanah Merah, KELANTAN Sub Urban 4 4 2 4
CA47D Kota Bahru, KELANTAN Sub Urban 3 4 2 3
CA48S Tawau, SABAH Sub Urban 2 2 2 2
CA49S Sandakan, SABAH Sub Urban 2 2 2 2
CA50S Kota Kinabalu, SABAH Sub Urban 4 2 2 3
CAbSI1S Kimanis, SABAH Industry 2 2 2 2
CA54Q Limbang, SARAWAK Rural 2 2 2 2
CA55Q Permyjaya, Miri, SARAWAK Rural 4 2 2 3
CA56Q Miri, SARAWAK Sub Urban 4 2 2 4
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Table 5. Cont.
. . . Station DTW + DTW + DTW +
Station ID Station Location Category k-Means PAM Hierarchical DTW + FKM
CA57Q Samalaju, SARAWAK Industry 4 4 2 3
CA58Q Bintulu, SARAWAK Sub Urban 3 3 4 4
CA59Q Mukah, SARAWAK Rural 4 4 2 3
CA61Q Sibu, SARAWAK Sub Urban 4 4 2 4
CA62Q Sarikei, SARAWAK Rural 4 2 2 3
CA63Q Sri Aman, SARAWAK Rural 2 2 2 2
CA64Q Samarahan, SARAWAK Rural 2 2 2 2
CA65Q Kuching, SARAWAK Urban 4 4 2 4

Table 6 indicates the crosstable of the number of stations between clusters formed
for k-Means, PAM, agglomerative hierarchical, and FKM clustering algorithms with the
stations’ location categories of the PM;j(y daily maximum time series data. Most of the
stations are grouped into clusters 4 and 2. The majority of the stations in the industrial
area are grouped into cluster 4 based on k-Means, PAM, and FKM, while most of them are
grouped into cluster 2 based on hierarchical algorithms. As for stations located in rural and
sub-urban areas, most stations are members of cluster 4 according to k-Means and PAM,
while most stations in this area are members of cluster 2 based on hierarchical and FKM
algorithms. Most of the stations in urban areas are in cluster 4 based on k-Means, PAM and
hierarchical, while the highest number of stations in urban areas are in cluster 3 based on
the FKM algorithm. Based on this table, it can be deduced that the cluster from the daily
maximum was independent of station categories.

Table 6. Crosstable of the number of stations between clusters formed for each clustering algorithm
with the stations’ location categories of the PMj( daily maximum time series data.

Stations’ Location ¢ gyorg  DIW*  prww i pam  PTWH - prw s

Categories k-Means Hierarchical

1 0 0 0 0

2 2 2 6 2

Industry 3 0 0 0 5

4 5 5 1 3

1 0 0 0 0

Rural 2 5 5 10 6

ura 3 0 0 0 5

4 6 6 1 0

1 0 0 0 0

2 0 0 4 1

Urban 3 2 5 0 7

4 8 8 6 2

1 1 1 1 2

2 11 11 21 15

Sub-Urban 3 6 6 1 7

4 14 14 9 8

Figures 18-21 represent the air monitoring stations that are colored according to their
clusters based on k-Means, PAM, hierarchical, and FKM, respectively, for PM;j( daily maxi-
mum time series data. From the plotted maps, it can be roughly seen that the distribution
of cluster results is inconsistent for all algorithms. For instance, most of cluster 3 members
are distributed in the Klang Valley area for k-Means, PAM, and hierarchical, while for FKM,
they are distributed throughout both Peninsular and East Malaysia. Meanwhile, clusters 2
and 4 are distributed throughout Malaysia for all algorithms.
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Figure 18. Air monitoring stations’ locations colored according to clusters for PM;g daily maximum
time series data with DTW and k-Means as its clustering algorithm.

Figure 19. Air monitoring stations’ locations colored according to clusters for PM;( daily maximum
time series data with DTW and PAM as its clustering algorithm.

Figure 20. Air monitoring stations’ locations colored according to clusters for PM;g daily maximum
time series data with DTW and agglomerative hierarchical as its clustering algorithm.

Figure 21. Air monitoring stations’ locations colored according to clusters for PM;g daily maximum
time series data with DTW and FKM as its clustering algorithm.
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FKM and k-Means generate almost similar results for daily average but different
results for daily maximum because of the nature of the algorithms themselves. According
to D’Urso and Maharaj [50], the dynamic characteristic of the time series that causes the
time series to belong to a certain cluster only for a certain time, makes it vague and Fuzzy k-
Means is suitable to treat this vagueness as compared to traditional clustering methods such
as k-Means. Mingoti and Lima [51] mentioned that Fuzzy k-Means performed better than
k-Means and hierarchical clustering, as it is very stable even in the presence of overlapping
and outliers.

3.3. Evaluation of Clustering

To evaluate our clustering results, a cluster validity index (CVI) was used [19]. Table 7
below shows the Rand Index values for daily average and daily maximum data for every
algorithm used. From the output, we can say that PAM performs better than the other
algorithms due to high values of Rand Index. FKM is the second best followed by k-Means
and hierarchical.

Table 7. Rand Index values for daily average and daily maximum data for k-Means, PAM, hierarchical,
and FKM.

Rand Index
Algorithm
Daily Average Daily Maximum
k-Means 0.6559322 0.5694915
PAM 0.7548023 0.5903955
Hierarchical 0.6423729 0.499435
FKM 0.6570621 0.580226

4. Conclusions

In brief, this study implemented DTW with four different clustering algorithms, which
are k-Means, PAM, hierarchical, as well as FKM on Malaysia hourly PM; time series data
that had been converted into daily average and daily maximum data.

From the results for all algorithms applied, daily average data gives better, and more
consistent results compared to daily maximum data. Based on the clustering results
from both daily average and daily maximum time series data, it can be assumed that the
clusters formed do not depend on the locations’ categories but are more influenced by the
geographical characteristic of the stations’ locations. Based on the daily average time series
cluster analysis, the pattern of PMjj air quality data in Malaysia is significantly different
for both Peninsular Malaysia and East Malaysia as they are grouped into different clusters
based on all four algorithms.

All things considered, air quality condition in the central region of Peninsular Malaysia
is the most worrisome due to the high population density. In contrast, the condition for the
rest of Peninsular Malaysia is still manageable, and East Malaysia has the best air quality
in Malaysia due to slow urbanization and development that leaves Borneo still with a lot
of greens, forest, and cleaner air. However, Bintulu in Sarawak is grouped in a cluster with
higher PM;( values and separately from other East Malaysia air monitoring stations. This
has been caused by the palm oil and crude oil refinery mills located in the surrounding
area. Besides that, according to the Malaysian Department of Environment, the high PM;g
reading from the CA21B (Klang) monitoring station is due to the high number of factories
and industrial activities. Meanwhile, the unsatisfactory quality of air in CA10A (Taiping) is
highly influenced by the activities of the palm oil and carbide factories located there.

Based on the results, it was shown that the hierarchical algorithm can differentiate
anomaly stations, which are dissimilar compared to other stations. However, k-Means,
PAM, and FKM algorithms usually produce equal size clusters compared to the hierarchical
algorithm. Furthermore, k-Means and FKM did produce almost identical clusters. As for
the cluster validity index, Rand Index was used and PAM proved to perform best followed
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by FKM, k-Means, and hierarchical. Overall, DTW showed that it is suitable for measuring
the dissimilarities for clustering time series air quality data using all four algorithms.
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