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Abstract—Lombok Island is located between the Indo-

Australian subduction zone and the Flores back-arc thrust, 

makes it vulnerable to earthquake. During July to August 

2018, significant earthquakes occurred in Lombok Island 

region and led to severe damages in the northern area. In this 

study, we propose hierarchical clustering of historical 

earthquakes that occurred in Lombok region during July 2018 

to December 2018 and model the clustering of earthquakes. We 

used spatial and non-spatial attributes in three different 

conditions. The results show that the most homogenous seismic 

sources were achieved by using spatial attributes. 
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I. INTRODUCTION 

Lombok is an island, located in West Nusa Tenggara 
province, Indonesia. It is a part of the Lesser Sunda Island 
region, lies between Bali island in the West and Sumbawa 
island in the East. In 2018, Indonesian Meteorology, 
Climatology and Geophysical Agency (Badan Meteorologi 
Klimatologi dan Geofisika/BMKG) reported that several 
significant earthquakes shook Lombok [1]. This earthquake 
sequence began with an Mw 6.4 earthquake on 28 July 2018, 
followed by earthquakes on 5 August (Mw 6.8), 9 August 
(Mw 5.8) and 19 August (Mw 6.9). The detailed parameters 
of earthquakes are listed in Table I, and locations of 
earthquakes are depicted in Fig. 1. The earthquakes that 
occurred from 5 to 19 August 2018 in the West-, East-, and 
North Lombok reached the maximum intensity of VIII-IX 
and were strongly felt by all residents in the whole of 
Lombok [2]. 

The Seismicity of Lombok island mainly controlled by 
two major geological structures, i.e. the Flores back-arc 
thrust in the North and the Indo-Australian subduction zone 
to the South [3], [4]. A unique feature of geomagnetic 
anomaly pattern in Lombok consists of contiguous negative–
positive anomalies are closely related to this subduction. A 
strong dipolar magnetic anomaly was found in the southern 
region of Lombok could be associated with a large magnetic 
body or a discontinuity in the geological structure (e.g. 
potentially local fault) [5]. Another stronger one was found 
in the northern region, which was formerly identified as 
formations of young lavas of Mount Rinjani, but later on it 

could also be identified related with a new mature subduction 
along the Flores thrust [6].   

Earthquakes and effort to reduce the hazard have 
attracted the attention of many researchers. Mitigation plans 
of seismic hazard and risk play an important role particularly 
for decision makers to prepare an earthquake mitigation in an 
optimal way [7], [8]. One of step in any seismic hazard 
analysis is the ability of modeling the earthquake source [9], 
[10]. A potential single earthquake that occurred in one place 
is supposed to be uniform. The chance of one earthquake to 
be occurred with certain magnitude is the same through the 
source, which may be linear or areal [10].   

 

Fig. 1. The relatives Location of The 2018 Lombok Earthquakes. 

TABLE I. PARAMETER FOR THE MAINSHOCKS OF  
LOMBOK 2018 EARTHQUAKES 

Date Time  

(UTC) 

Latitude  

(N) 

Longitude  

(E) 

Magnitude 

(Mw) 

Depth 

 

(km) 

July  

28th 

22:47:38.491 8.35 116.50 6.4 13 

August 

5th 

11:46:37.363 8.35 116.47 6.8 32 

August 

9th 

05:25:32.601 8.44 116.21 5.8 14 

August 

19th 

14:56:27.086 8.37 116.70 6.9 18 
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Modeling of earthquake sources is a fundamental in 
creating hazard maps and estimating the probability of 
upcoming earthquake that will be occurred with different 
magnitude in the future [11]. Using database collection of 
historical earthquakes has made it possible to compose these 
sources more efficient. However, seismologists construct the 
boundary of seismic sources manually based on tectonic 
features and historical earthquakes without using standard 
method [12]-[14]. Furthermore, since the size of historical 
earthquake grows, the manual depiction of source boundaries 
becomes less accurate and complicated. 

Several studies have been conducted to cluster 
earthquakes sources. A study for earthquake preparedness in 
the Istanbul city has used K-means clustering method to 
create the training dataset for earthquakes vulnerability 
analysis [15]. Another study in the Sea of Marmara region 
has used high-resolution seismicity catalog and the nearest-
neighbor earthquake cluster approach for identification of 
clusters seismicity [16]. Using this method, they could 
identified whether the events of earthquake are foreshocks, 
mainshocks and aftershocks. More recent study has been 
conducted in the area of Corinth Gulf, Greece to identify 
evolution of mainshock–aftershock sequences and swarms, 
along with periods of seismic quiescence using Markovian 
Arrival Process (MAP) [17]. The study could identify 
selected seismic sequences and the hidden states and found 
their close relationships with mainshock–aftershock and 
swarm-like sequences. 

Agglomerative Hierarchical Clustering (AHC) algorithm 
has been proposed to overcome clustering problem. Authors 
[18] proposed AHC algorithm to cluster Linear Ordinal 
Ranking (LOR) information and used it to illustrate online 
financial product recommendation. Distance measure and the 
aggregation method have been proposed under the 
framework of AHC. Meanwhile authors [19] used AHC as a 
data mining procedure to provide a simplified optimization 
of economic, environmental and energy (3E) in assessing of 
building retrofit on a macro-scale. Based on set performance 
target, an innovative framework for a facile and holistic 
assessment can be offered to investors with a broader range 
of retrofit alternatives. 

 AHC has been applied also in the power transmission 
network investment [20]. Demand patterns are extracted 
from hourly demand data based on the Elbow’s rule and a 
linkage criterion. Three different categories (i.e. seasonal, 
monthly, and weekly) are used to test the representative 
demand curves, thereby a 24 hours demand pattern can be 
provided.  

II. DATA AND METHOD 

 The work of this paper is focused to generate clusters of 
earthquakes based on seismic sources from historical 
earthquakes. In order to achieve this task, we used an 
agglomerative clustering algorithm to generate clustering of 
the 2018 earthquakes in Lombok Island. We interpreted that 
AHC algorithm can cluster the earthquake without 
predetermined the number of clustering as an input 
parameter.   

 Spatial (latitude and longitude) and non-spatial attributes 
(depth, magnitude, and occurrence date) are used in this 
work. Table II shows the description of each attribute used in 
the dataset. 

TABLE II. AVAILABLE ATTRIBUTES FOR EARTHQUAKES. 

Variable Description 

Latitude Decimal degrees Latitude 

Longitude Decimal degrees Longitude 

Depth Depth of the earthquake in kilometers. 

Magnitude The magnitude for the event 

DOY  Day of years 

A. Data 

Earthquake data with magnitude from MW 1.7 to MW 6.9 
in Lombok Island from July to December 2018 were 
collected from the official BMKG website for earthquake 
repository (http://repogempa.bmkg.go.id/). The Data set 
contains 1400 earthquakes.  

The occurrence day of earthquake is used based on Day 
of Years which means that we count the day from 1 to 365 
days in one year.  

B. Method 

Hierarchical clustering algorithm can be either divisive or 
agglomerative. In this case, the AHC algorithm does not 
require us to predetermine the number of clusters. Bottom-up 
algorithms initially consider each piece of data as a singleton 
cluster before subsequently combining pairs of clusters into a 
single cluster that contains all the data. 

Hierarchical clustering creates a (usually binary) tree 
through the data. The leaves are individual data objects, but 
the root is a single cluster that contains all of the data. 
Individual pieces of data make up the leaves, but the root is a 
single cluster that contains all of the data. Intermediate 
clusters that contain parts of the data are placed between the 
root and the leaves. The main goal of hierarchical clustering 
is to build upward-moving "clusters of clusters." To make a 
tree, there are primarily two conceptual methods. AHC 
merges groups together from the bottom up, starting with 
each datum in its own singleton cluster. Divisive clustering 
begins with all of the data in a single large group and then 
separates it into singletons for each piece of data. In this 
paper, we consider to use AHC as our method. 

Fig. 2 represents the AHC technique. The clusters with 
just one element are labeled as leaves. The internal nodes 
depict the division of parent node (division), or the union of 
their two children (agglomeration). The root is a single 
cluster that contains the entire element in the collection. The 
AHC in agglomerative clustering is defined by a hierarchy 
structure for the data, which are usually deterministic. The 
advantage of hierarchical clustering is that the number of 
clusters is not required as an input variable. In comparison 
with partitional algorithm, it provides more detail 
information than using the unorganized set. 

In order to cluster the earthquake sources, we used three 
different approaches: 

 Clustering based on spatial variables. 

In this approach, we clustered the earthquakes based on 
their location (latitude and longitude). Because the 
distance of both variables is compatible and compensate 
each other, the variables do not need to be normalized 
for this clustering. 
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 Clustering based on non-spatial variables. 

In non-spatial variables, the earthquakes are grouped 
based on occurrence date, magnitude and depth. We 
hypothesize that the earthquakes which a similar depth, 
magnitude and occurrence date are likely to be related to 
the same cluster. Because the range of occurrence date is 
larger than the range of both depth and magnitude so 
that all non-spatial data is normalized to ensure that data 
is similar across all records.   

 Clustering based on all variables. 

For the last clustering approach, we used all variable 
(latitude, longitude, depth, magnitude, and occurrence 
date) to see their dependency to cluster the earthquakes. 

In order to create a cluster among the earthquake sources, 
first we measured the distance between the earthquakes using 
the Euclidean technique. This technique is used to calculate 
the distance between two objects. Euclidean distance is 
determined between both the center of the source object and 
the centers of all surrounding objects. The Euclidean distance 
can be computed using (1). 

𝐷(𝑥, 𝑦) = √(𝑥1 − 𝑦1)
2 + (𝑥2 − 𝑦2)

2 +⋯+ (𝑥𝑛 − 𝑦𝑛)
2 (1) 

where: 

D(x,y)     : The distance between the earthquake x and y 

xn : number variable from the earthquake x 

yn : number variable from the earthquake y 

 

 Next step, we used agglomerative clustering with ward’s 
method with pandas and Sklearn library in Python 
programming. The goal of Ward's Method is to reduce 
variance within a single cluster of objects. Errors Sum of 
square (ESS) between the two clusters is used to calculate 
the distance between the two clusters created using Ward's 
approach. Only when there are multiple element objects in 
the cluster can Ward's be determined [21]. The Ward’s 
method of agglomerative clustering algorithm can be 
measured using (2). 

 

 

Fig. 2. Agglomerative Hierarchical Clustering Technique. 

 𝐸𝑆𝑆 = ∑ (∑ 𝑋𝑖𝑗
2 − (

1

𝑛
∑ 𝑋𝑖𝑗
𝑛
𝑖=1 )

2
𝑛
𝑖=1 )𝑃

𝑗=1   (2) 

where: 

Xij : value for the object to-i in the cluster to-j 

P : number of parameter calculated 

N : the number of objects made into the the cluster 

 

The goal of Ward's Method is to select the subsequent 
clustering steps with the least amount of ESS increase 
possible. The sum of the squares in the two clusters for each 
variable is the distance between the two clusters. This 
strategy uses a variance analysis approach to determine the 
distance between clusters [22]. 

III. RESULT AND DISCUSSION 

In this section, we present the results of earthquakes 
clustering that occurred in Lombok Island from July to 
December 2018 using agglomerative Hierarchy algorithm. 
As mentioned in the previous section, the result will be 
presented in three different approaches. First, we cluster the 
earthquakes based on spatial variables. The second clustered 
is modeled based on non-spatial variables. The last model, 
we used all variable to see their dependences in clustering 
model.   

Fig. 3 represents the size of cluster based on spatial 
attribute. Meanwhile, Fig. 4 and Fig. 5 represent the size of 
cluster based on non-spatial attribute and all variable in our 
dataset, respectively. Based on observation, earthquakes that 
occurred in Lombok Island are distributed uniformly in a few 
clusters when spatial attribute are used as variables. 
Although, in terms of depth, magnitude and occurrence date, 
the earthquakes are mostly in two classes and one small 
class. 

 By referring to Fig. 3, it was found that the earthquakes 
are clustered around three homogenous seismic sources 
ranging from 448 to 497 numbers of earthquakes. This result 
is in-line with three significant earthquakes that shook the 
Lombok island in 2018.  On the other hand, both Fig. 4 and 
Fig. 5 are opposite. In Fig. 4, the sizes of each clustering 
value are 162, 639, and 616, respectively. Furthermore in 
Fig. 5, the clustering pattern is similar; with size of the three 
clustering models are of 166, 676, and 575, respectively. 
Based on these results, we interpret that clustering might 
work only on spatial attributes rather than non-spatial 
attributes. 

 Fig. 6 shows the number of clustering that are colored 
based on spatial attribute (longitude and latitude). In Fig. 7, 
the number of clustering is depicted based on non-spatial 
attribute (depth, magnitude, and occurrence date). 
Meanwhile, Fig. 8 depicts the number of clusters based on all 
attributes that were already mentioned in the previous 
section. All of these figures depict earthquakes that occurred 
at least 1400 times on Lombok island from June to 
December 2018. 

 When earthquakes are clustered according to spatial 
attributes (see Fig. 6), the geographical distribution of 
clusters seems uniforms and their geographic distribution 
appears uniform and follow the pattern of mainshocks (see 
Table I). In other words, each cluster is located near by the 
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three significant earthquakes that shook Lombok Island in 
2018. This cluster gave similar result which was conducted 
by [23]. On the other hand, when earthquakes are clustered 
according to non-spatial attributes (see Fig. 7), their 
geographic location grouping appears random and does not 
correspond to the locations of main earthquakes. It means 
that the earthquakes of one cluster potentially occur in 
different parts of the region. In the last approach, when both 
non-spatial and spatial attributes of earthquakes are 
considered as clustering process (see Fig. 8), these additional 
attributes does not affect the geographical distribution of 
clusters. In other words, non-spatial attributes seem not be 
appropriate for use as attributes for the clustering process. 

 

Fig. 3. The Size of cluster based on spatial variables. 

 

 

Fig. 4. The Size of cluster based on non-spatial variables. 

 

 

Fig. 5. The Size of cluster based on all variables. 

IV. CONCLUSION 

 This research clustered earthquakes based on spatial and 
non-spatial attributes that occurred in Lombok Island from 
July to December 2018. The clustering pattern can be seen 
when the earthquakes are clustered based on their location. 
Three clustering patterns of earthquakes represented three 
significant earthquakes that shook Lombok Island in 2018. 
However, the result of clustering pattern using non-spatial 
attributes is opposite. The distribution of clustering in certain 
locations seems random and does not follow the pattern of 
the significant earthquakes. This observation implies that 
clustering earthquakes is feasible only for spatial attributes 
rather than non-spatial attributes. However, this hypothesis 
needs further investigation and is a subject for future 
research. 

 

Fig. 6. Earthquakes clustering based on spatial attributes 
 

 

 
 

Fig. 7. Earthquakes clustering based on non-spatial attributes 

 

 
 

 
 

Fig. 8. Earthquakes clustering based on spatial and non-spatial attributes 
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