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Abstract— To increase the coverage and quality of drinking 

water services, PDAM conditions must be healthy to operate the 

Drinking Water Supply System (SPAM) effectively and 

efficiently through strong PDAM internal management. The 

evaluation of the performance of the PDAM's SPAM 

implementation annually produces PDAMs that have the 

performance of Healthy, Unhealthy, and Sick. The first thing to 

do is to determine the prioritized areas needed for further 

handling and improvement of PDAM performance. Clustering 

the provinces in Indonesia based on the categories of Healthy, 

Unhealthy, and Sick can solve this problem. The researcher 

proposes a K-Means model that uses the Square Euclidean 

Distance. The dataset used is PDAM Performance data sourced 

from the Agency for the Improvement of the Implementation of 

the Drinking Water Supply System (BPPSPAM) from the 

Ministry of Public Works and Public Housing website. The 

results show that the resulting model can classify PDAM 

performance between the features of Healthy with Unhealthy, 

Unhealthy with Sick, and Healthy with Sick. The classification 

looks more distributed in the relationship between the 

Unhealthy and Sick features. In cluster I, there are 14 data or 

provinces; in cluster II, there are ten provinces, and four 

provinces are in cluster III. So the total number of provinces 

included in the cluster is 25, and nine provinces are not included 

the resulting model can cluster PDAM performance. This 
article is structured as follows, part I describes the background 
of PDAM Performance and PDAM Performance Clustering 
as initial treatment. Section II describes several relevant 
studies related to the implementation of clustering. Section III 
describes the proposed method. Part IV presents 
implementation and test results. Finally, Part VI is the 
conclusion of the research. 

II. K-MEANS CLUSTERING 

K-Means Clustering is a vector quantization method,
originally from signal processing, which aims to partition n 
observations into k clusters where each observation belongs to 
the cluster with the closest mean (cluster center or cluster 
centroid), serving as a prototype of the cluster. K-Means 
Clustering minimizes the variance within the cluster (squared 
of the Euclidean distance) [7,8]. The set of observations (x1, 
x2, ..., xn), where each observation is a real vector with 
dimension d, K-Means Clustering aims to partition n 

observations into k(≤n) sets S = {S1, S2,..., Sk} to minimize 
the number of squares in the cluster (WCSS) (i.e., variance) 
[9]. Formally, the goal is to find: 

in any cluster. arg ��� ∑	 ∑ ‖� − 
 ‖2 (1) 
� �=1  �∈�� � 

Keywords—PDAM Performance, Clustering, K-Means Where i is the mean of the points on Si. 

Squared Euclidean distances, in many applications, and 
especially when comparing distances, it may be easier to omit 
the last square root in calculating the Euclidean distance [9]. 
The value resulting from this omission is the square of the 
Euclidean distance, called the square of the Euclidean 
distance. As an equation, the sum of the squares can express 
as : 

�2(�, �) = (�1 − �1)2 + (�2 − �2)2 + ⋯ + (�� − ��)2 + 

⋯ + (�� − ��)2 (2) 

In cluster analysis, the elbow method is a heuristic used to 
determine the number of clusters in a data set. This method 
plots the variation described as a function of the number of 
clusters [10,11,12]. Furthermore, it selects the curve's angle as 
the number of clusters to be used. Selecting the parameters in 
other data-driven models can use the same method, such as the 
number of principal components to describe the data set. 

III. PROPOSED METHOD 

In this article, the researcher proposes a K-Means model 
method that uses the Square Euclidean Distance. The dataset 
used is PDAM Performance data in 2019 sourced from the 
Agency for the Improvement of the Implementation of the 
Drinking Water Supply System (BPPSPAM) from the 
Ministry of Public Works and Public Housing website. The 
flow of this research is generally divided into several stages, 
namely  literature  study,  dataset  preparation,  feature 

I. INTRODUCTION 

In order to increase the coverage and quality of drinking 
water services, PDAM conditions must be healthy so that they 
can operate the Drinking Water Supply System (SPAM) 
effectively and efficiently through strong PDAM internal 
management [1,2,3]. The evaluation of the performance of the 
PDAM's SPAM implementation annually produces PDAMs 
with healthy, unhealthy, and sick performances. The 
performance appraisal indicators or assessment consist of four 
aspects: financial, service, operational, and human resources 
[4,5,6]. Each aspect is detailed into several parameters, and 
then the assessment results are categorized into 3 (three) 
categories, namely Healthy, Unhealthy and Sick. Each aspect 
of the BPPSPAM performance indicators consists of 1. 
Financial Aspects, with a weight of 25% 2. Service Aspects, 
with a weight of 25% 3. Operational Aspects, with a weight 
of 35% 4. Human Resources Aspects, with a weight of 15%. 
PDAM performance appraisal with these four aspects resulted 
in a performance value that groups PDAMs into three 
categories: 1. Healthy, with a score of > 2.8 2. Unhealthy, with 
a value of 2.2 - 2.8 3. Sick, with a value of < 2.2. 

The first thing to do is to determine which priority area for 
further handling and improvement of PDAM performance. 
Clustering the provinces in Indonesia based on the Healthy, 
Unhealthy, and Sick categories can solve this problem. So that 
it can map and find out which areas are the main ones to be 
followed up on first. So the researcher wants to know 
whether 
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observation, and planning to find relationships between 
features and produce a model output. 

A. Literature study

A literature study reviews PDAM performance and
clustering using K-Means in previous studies and some 
literature. 

B. Dataset preparation

A PDAM Performance dataset in 2019 from the Ministry
of Public Works and Public Housing website at 
https://data.pu.go.id/. The dataset contains the code and name 
of the province in Indonesia and the total number of PDAMs' 
performance in healthy, unhealthy, and ill health with 34 data. 
Table I shows the initial 5 sample datasets. Furthermore, Table 
II shows the final 5 sample datasets. 

C. Observation of features and planning to find relationships

between features.

At this stage, the characteristics of the data shown in Table
III determine descriptive data analysis. A visualization of the 
distribution of univariate or bivariate data belongs to the 
subset of data. Fig 1 shows semantic mapping and faceting on 
the Healthy, Unhealthy, and Sick features define the subset 
data. Fig 2 shows the data plot and the fit linear regression 
model of the feature relation between Healthy, Unhealthy, and 
Sick. 

TABLE I. INITIAL 5 SAMPLE DATASETS 

TABLE II. FINAL 5 SAMPLE DATASETS 

TABLE III. DATASET DESCRIPTIVE ANALYSIS 

Prov_Code Healthy Unhealthy Sick Total 

Count 34.000000 34.000000 34.000000 34.000000 34.000000 

Mean 47.558824 6.588235 3.000000 1.588235 11.176471 

Std 26.501219 7.855196 2.923261 2.090638 8.422447 

Min 11.000000 1.000000 0.000000 0.000000 1.000000 

25% 19.500000 2.000000 1.000000 0.000000 6.000000 

50% 51.500000 4.000000 2.000000 1.000000 9.000000 

75% 71.750000 7.750000 5.000000 2.000000 13.750000 

Max 94.000000 34.000000 11.000000 8.000000 38.000000 

Fig. 1. The distribution of the univariate or bivariate dataset 

Prov_ 

Code 
Province Healthy Unhealthy Sick Total 

0 11 Aceh 4 7 8 19 

1 12 Sumatera 
Utara 

6 11 1 18 

2 13 Sumatera 
Barat 

10 6 0 16 

3 14 Riau 2 1 3 6 

4 15 Jambi 7 2 0 9 

Prov_ 

Code 

Province Healthy Unhealthy Sick Total 

29 76 Sulawesi 
Barat 

2 0 2 4 

30 81 Maluku 3 1 4 8 

31 82 Maluku 
Utara 

2 4 1 7 

32 91 Papua 
Barat 

2 0 0 2 

33 94 Papua 2 1 0 3 
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Fig. 2. The data plot and the fit linear regression model of the feature relation 

D. Determination of the number of clusters

Determination of the optimal number of clusters uses the
Elbow method [13,14]. This determination uses the 
relationship between the Healthy feature with Unhealthy, the 
Unhealthy feature with Healthy, and the Healthy with Sick 
feature. Fig 3 shows the results of determining the number of 
clusters in the relationship between the Healthy and Unhealthy 
features. The figure shows that the optimal number of clusters 
starts from at least 2. However, in making this cluster model, 
the researcher determines and uses 3 clusters because the 
researchers consider the number of clusters 3 to be more 
optimal and safe for this clustering. Fig 4 shows the results of 
determining the number of clusters in the relationship between 
the Unhealthy and Sick features. Furthermore, Fig 5 shows 
between Healthy and Sick features. 

Fig. 3. Determining the number of clusters in the relationship between the 
Healthy and Unhealthy features 

Fig. 4. Determining the number of clusters in the relationship between the Unhealthy and Sick features 
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Fig. 5. Determining the number of clusters in the relationship between 
Healthy and Sick features 

E. Cluster model creation

Cluster modeling uses several parameters, including the
number of clusters is 3. The selection of the initial cluster 
centroid uses sampling based on the empirical probability 
distribution of the contribution points to the overall inertia 
[15]. The number of times the k-means algorithm will be run 
with different seed centroids where the final result will be the 
best output of 10 consecutive executions in inertia and with 
the maximum number of iterations of the k-means algorithm 
for one run is 300. As the relative tolerance to the Frobenius 
norm of the difference in the cluster center of two successive 
iterations to express convergence is 0.0001, random number 
generation for centroid initialization is 111, and the k-means 
algorithm used is the Elkan variation which is expected to be 
more efficient on the dataset used with clusters defined by 
either by using triangular inequalities. 

IV. IMPLEMENTATION AND RESULT 

To classify PDAM Performance using the proposed 
method, we use Python and sklearn. Fig 6 shows the results of 
implementing  the  K-Means  cluster model on  PDAM 

performance between the Healthy and Unhealthy features. In 
cluster I, there are 17 data or provinces, in cluster II there are 
ten provinces, and four provinces are in cluster III. So three 
provinces are not included in any cluster, and the total number 
of provinces included in the cluster is 31. 

Fig 7 shows the results of implementing the K-Means 
cluster model on PDAM performance between the Unhealthy 
and Sick features. In cluster I, there are 14 data or provinces, 
in cluster II there are ten provinces, and four provinces are in 
cluster III. So nine provinces are not included in any cluster, 
and the total number of provinces included in the cluster is 25. 
Fig 8 shows the results of the K-Means cluster model 
implementation on PDAM performance between the Healthy 
and Sick features. In cluster I, there are 14 data or provinces, 
in cluster II there are ten provinces, and four provinces are in 
cluster III. So nine provinces are not included in any cluster, 
and the total number of provinces included in the cluster is 25. 

Fig. 6. Implementation of the K-Means cluster model between the Healthy 
and Unhealthy features 

Fig. 7. shows the implementation of the K-Means cluster model between the Unhealthy and Sick features. 
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Fig. 8. Implementation of the K-Means cluster model between the Healthy 
and Sick features 

 

V. CONCLUSION 

In this study, researchers developed a PDAM Performance 
classification model based on the Healthy, Unhealthy and Sick 
categories. The model uses the K-Means algorithm. The 
results show that the resulting model can classify PDAM 
performance between the features of Healthy with Unhealthy, 
Unhealthy with Sick, and Healthy with Sick. The 
classification looks more distributed in the relationship 
between the Unhealthy and Sick features. In cluster I, there are 
14 data or provinces; in cluster II, there are ten provinces, and 
four provinces are in cluster III. So the total number of 
provinces included in the cluster is 25, and nine provinces are 
not included in any cluster. 
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