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 Transportation is one of the critical sectors worldwide, mainly based on 

fossil fuels, especially internal combustion engines. In a developing 
country, heightened dependence on fossil fuels affected energy 

sustainability issues, greenhouse gas emissions, and increasing state budget 

allocation towards fuel subsidies. Moreover, shifting to electric vehicles 

(EVs) with alternative energy, primely renewable energy sources, is 
considered a promising alternative to decreasing dependence on fossil fuel 

consumption. The availability of a sufficient EV charging station 

infrastructure is determined as an appropriate strategy and rudimentary 

requirement to optimize the growth of EV users, especially in urban cities. 
This study aims to utilize the k-mean algorithm’s clustering method to group 

and select a potential EV charging station location in Jakarta an urban city 

in Indonesia. This study proposed a method for advancing the layout 

location’s comprehensive suitability. An iterative procedure determines the 

most suitable value for K as centroids. The K value is evaluated by cluster 

silhouette coefficient scores to acquire the optimized numeral of clusters. 

The results show that 95 potential locations are divided into 19 different 

groups. The suggested initial EV charging station location was selected and 
validated by silhouette coefficient scores. This research also presents the 

maps of the initially selected locations and clustering. 
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1. INTRODUCTION  

In several sectors, primary energy sources, e.g., transportation, household, industry, commercial, 

power plant, and others (construction, agriculture, and mining), are mainly based on fossil fuels [1].  

In a developing country, heightened dependence on fossil fuels affected energy sustainability issues, 

greenhouse gas emissions, and increasing state budget allocation toward fuel subsidies [2]. Especially  

the transportation sector has consumed elevated fossil fuels and contributes to a significant consequence  

to the environment. Moving to an alternative energy source in transportation could decrease carbon 

emissions. The energy transition to renewable energy sources (RES) has become a global issue in  

response to managing the threat of greenhouse gas emissions [3]. The electric vehicle (EV) is considered  

a promising option to minimize environmental impact and decrease addiction to fossil fuel consumption  

at once. 

Nowadays, EV penetration and adoption in Indonesia as a developing country is very early. On  

the other hand, EV in Indonesia has great potential to mitigate greenhouse gas emissions and improve energy 
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security. The extensive scale development of EVs is related to charging station infrastructure planning, 

technical aspects, economy, environment, social, and government policy support. Some research shows 

challenges and opportunities in the EV transition in the Indonesian context. Prasetio et al. [4] indicated  

that Indonesian are mainly sensitive to travel time and congestion when selecting their transportation  

mode. Gunawan et al. [5] suggested that the attitude toward use (ATU) factor by effort expectancies and 

performance, price value, hedonic motivation, operational, social, and financial risks influence EVs in 

Indonesia. The results indicate that only financial risk factors and perceived operational break customer 

intentions to use EVs. Novizayanti et al. [6] revealed that the innovation and social media effect allows a 

new perspective on assessing EV adoption in Indonesia. The cost-benefit analysis [7] indicates that 

generally, the longer and higher usage span of EVs ownership led to an additionally competitive total cost 

of ownership (TCO) than internal combustion engine (ICE) in Indonesia. If the fuel price rises, EV customers 

will have a lower TCO and become more adorable if the fuel price rises. From a battery storage point of 

view, Indonesia is one of the largest nickel ore providers as a critical element for EVs applications.  

Pandyaswargo et al. [8] revealed that infrastructure, technology, investment, pricing, compliance standards, 

and policy are the essential factors supporting the Indonesian battery industry. As early EV users, Indonesia 

faced problems determining the charging system infrastructure (conductive, inductive, or battery exchange). 

Indonesia needs a standard to select a suitable charging system and guide EV charging station infrastructure 

development [9].  

Sufficient EV charging station availability is determined as a rudimentary prerequisite and suitable 

strategy to optimize the growth of private and public EV users. There are numerous optimal allocation 

methods for EV charging station infrastructures. Xi et al. [10] defined the charger location using a 

simulation–optimization model, criterion, and available budget. Lee et al. [11] were concerned with the 

charging behavior in California and examined the infrastructure location through charging station location 

(e.g., at the residential, office, or in the public area), level of charging (slow or fast charging), preferences, 

trip patterns, socio-demographic (e.g., gender or age), access, commute demeanor, vehicle characteristics, 

and charger workplace availability as influential factors. Guo and Zhao [12] employed a multi-criteria 

decision-making (MCDM) method through the fuzzy technique for others' preference by similarity to the 

ideal solution (TOPSIS) to consider EV charging station selection. 

Data mining is dragging and locating patterns in big data sets and applying methods at the 

intersection of statistics, machine learning, and database systems. EV modeling based on data mining has 

been increasing in the last decade. The open datasets can use to support reproducible research in the EVs 

field [13]. The data mining approach in EVs research is founded on numerous pieces of literature. Trinko  

et al. [14] interpret and analyzes the charging price information from EVs charging data platform (the 

charging level, prices, geographic location, location type, network, and provider based on an ad hoc text 

mining method. Wang et al. [15] utilized the natural language processing (NLP) technique for investigating 

consumer preferences in EV charger infrastructure based on public social media posts. Almaghrebi et al. 

[16] analyzed user charging behavior to support efficiently managing the electrical grid employing the 

regression method XGBoost. Chen et al. [17] modeled the staying time, arrival time, and charging capacity 

data based on ternary symmetric kernel density estimation (KDE) for EV charging behaviors and load 

modeling. The power grid’s charging impacts the planning and charging strategy for EV charging 

infrastructure. 

The clustering algorithm is an unsupervised learning model and data analysis to discover hidden 

patterns in datasets. This technique clusters similar data points in a group and very different data points into 

distinct groups. This method is founded in several EV research fields, especially charging station planning. 

Shukla et al. [18] utilized K-mean and fuzzy C-means clustering to analyze the locations confined to the 

fast-charging station (FCS) by estimating EVs' service radius and energy consumption. Andrenacci et al. 

[19] employed fuzzy cluster analysis on private and conventional EV usage in metropolitan areas and carried 

out and aggregated a strategy for the optimal allocation of EV charger infrastructures using driving patterns. 

Shahriar and Al-Ali [20] analyzed the EV charging behavior and activity in the USA's public EV charger 

infrastructure as a consequence of the COVID-19 pandemic using hierarchical clustering, K-means, and 

Gaussian mixture models. 

This study aims to utilize the K-mean algorithm and silhouette scores as clustering methods and 

evaluation for optimal location selection of EV charging infrastructure in Jakarta, Indonesia, an urban city 

in a developing country. The approach presented in this study is how to advance the comprehensive 

suitability of the layout location. The study is organized as follows: Section 2 presents an overview of 

Indonesia’s current electric vehicle situation, location criteria, clustering method, and research methodology. 

The results of the analysis are reported in section 3. The simulation results and discussion are in section 4, 

and last but not least, the conclusions are in section 5. 
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2. MATERIAL AND METHOD 

This section will explain the current situation of the transportation sector in Indonesia, especially in 

Jakarta’s capital city. This city is the broadest and most populous urban accumulation in Indonesia, where the 

number of vehicles is growing consistently. So do EV users; it needs to be robust and accessible to support the 

sustainable growth of EVs user. The public EV charging location is one of the most essential for enhancing the 

number of EVs. The initial location selection will be based on potential areas. The clustering technique uses 

the K-means algorithm and the evaluation method uses the silhouette coefficient (SC). 

 

2.1.  Sector condition 

Indonesia Statistics (BPS), a non-departmental government institute of Indonesia, shows the vehicle 

population was more than 136 million units in 2020 from the previous 2018 of 133 million units, as shown in 

Figure 1. The accumulation increase in vehicles consists of the following types: cars, buses, good vehicles, and 

motorcycles. The automotive market size in Indonesia is still growing consistently. The number of vehicles 

has increased dramatically compared to 2015, dominated by motorcycle growth. Fevriera et al. [21] found that 

the likelihood of motorcycle preference compared to other transportation modes is more raised by individuals 

living than in different ways, and motorcycle usage is most susceptible to travel length. However, vehicles 

based on ICE also produce harmful emissions [22]. 

 

 

 
 

Figure 1. The number of vehicles by type in Indonesia from 2015 to 2020 [23] 

 

 

On the other hand, Indonesia has decreased oil production and growing consumption [24]. The 

government regulates the fuel price. This condition leads to fiscal pressure because of an increase in fuel 

subsidies [25]. In the context of EVs transition, due to its market size and fuel subsidies, Indonesia has the 

potential to adopt EVs technology in the future transportation sector. 

 

 

Table 1. The retail petrol stations and the population in the Jakarta area [26] 
Administrative Cities* Retail Petrol Station Population in 2021 (in thousands) 

North Jakarta 53 1,784.75 

Central Jakarta 30 1,066.46 

West Jakarta 64 2,440.07 

East Jakarta 89 3,056.30 

South Jakarta 83 2,233.86 

Total 319 10,581.44 

* Exclude the thousand islands regency, a chain of islands to the north of the coast 

 

 

Jakarta is the special capital region of Indonesia. This city has the broadest and most populous urban 

accumulation. Jakarta calculated over 10.5 million people during the 2021 census, as shown in Table 1. Due to 

meeting the transportation need, the number of vehicles in Jakarta is still growing consistently. BPS was 

reported in the last three years at 20 million units in 2020, significantly increasing from the previous number 
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of 11 million units. The extensive number of vehicles has risen dramatically, dominated by motorcycles, as 

shown in Figure 2. Table 1 also shows the registered number of Stasiun Pengisian Bahan Bakar Umum (SPBU) 

or petrol stations to serve the massive vehicle in Jakarta. There are about 319 petrol stations spread over the 

cities. Most users in most situations can quickly locate a petrol station and not wait in the line queue. The same 

dynamics will make the emerging grid of EV chargers’ infrastructure in the future of Indonesian transportation. 

The Indonesian government published Presidential Decree number 55 of 2019 regarding the 

acceleration of battery-based electric motor vehicles (kendaraan bermotor listrik berbasis baterai or KBLBB) 

as one of Indonesia’s energy transition strategies. The government set an achievement target of 2 million EVs 

by 2025. These targets expect to reduce dependency on oil imports, support the national battery manufacturing 

industry, improve Indonesia’s fiscal position, and enhance socio-economic development. To ensure the mark, 

PT PLN (Persero) as the state electricity utility will increase the number of EV public charging stations (stasiun 

pengisian kendaraan listrik umum or SPKLU) to accelerate the growth of EV. The EV penetration target needs 

to be attended to by the availability of EV charging infrastructure. The cumulative SPKLU has reached 267 

units spread over 195 locations (public places such as offices, hotels, shopping centers, parking areas, petrol 

stations, and rest areas along toll roads). 

 

 

 
 

Figure 2. The number of vehicles by type in Jakarta as an Indonesian urban city from 2017 to 2020 [27] 

 

 

The EVs charging infrastructure has aligned with a common standard protocol with a hierarchy for 

charging stations: location, port, and connector. The station location is a site with one or more EV ports at the 

exact location. Examples include a shopping mall, public transportation, parking lot, and recreation area. An 

EVs port provides power to charge EVs at a time even though it may have multiple connectors. A connector is 

plugged into a vehicle to charge it. On the regulation provisions, Number 13 of 2020 of the Indonesia Ministry 

of Energy and Mineral Resources (also known as KESDM), The EV charging technologies are as follows: 

Level 1 (slow charging with ≤ 3.7 kW output), level 2 (medium charging with ≤ 22 kW output), level 3 (fast 

charging with output ≤ 50 kW), and level 4 (ultrafast charging with output above 50 kW). SPKLU, as a public 

EV charger, consists of 3 connector types are as follows: Type 2 alternating current (AC) system, direct current 

(DC) charging system of AA series, and combined charging system (CCS) of FF series.  

Figure 3 shows the 200-kW ultrafast charging technology installed in Bali, Indonesia. The number of 

Indonesia EVs will likely rise substantially in the future, and most of the charging will occur in residences. In 

order to accommodate this phenomenon, the availability of charging station infrastructure will be critical to 

support EV growth, especially away from home or workplace. 

The modern petrol station evolved out of constant adaptation to the market and regulatory shifts, while 

today, EVs transform to develop the ‘new norm’ in terms of transportation aspects. However, with ultra-fast 

charging technology, consumers can charge their EVs in minutes. Today, modern fuel petrol stations in Jakarta 

offer the potential of charging infrastructure and maintaining their dominant societal position. Petrol stations 

are already strategically placed in locations according to driving patterns. There is no need for significant 

modifications in layout, but customers are likely to spend more time charging EVs than when filling petrol. 

Petrol station owners must determine the number of charging points and the capacity required for those EV 

chargers. The chargers can power by 100% renewable energy certificates (RECs). 
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Figure 3. The EVs ultra-fast charging in Indonesia 

 

 

2.2.  Selection 

EV charging station needs to be robust and accessible to support the sustainable growth of EVs user. 

Whether utilized at dedicated charging stations or public access, public EV charging is any station that allows 

the general public to charge their vehicles. The location selection of public EV charging stations is one of the 

most critical topics for enhancing the use of EVs. Numerous kinds of literature have conducted methods for 

EVs location selection based on many considerations, as shown in Table 2. The existing research is considered 

to select the criteria that affect the charging station location. Most studies considered the primary measures of 

the economic, electrical power system, and driving range aspects. In the location selection process, a critical 

issue is how to address the most optimal location and quantity. 
 

 

Table 2. Location selection method comparison of EVs charging station infrastructure 
Research Selection Method Consideration 

[6], [28] Agent-based model Patterns in residential EVs ownership and driving activities. 

[12], 

[29], [30] 

TOPSIS Environment, economy, society, electric power system, and transportation 

system. 

[31], [32] p-median Socio-demographic and spatial. 

[33], [34] Genetic algorithm (GA) Investment of charging station operators, the travel costs, and total cost. 

[35], [36] Bi-level programming Driving range, range anxiety, and distance convenience. 

[37] Mixed-integer non-linear (MINLP) Development cost, energy loss, electric gird loss. 

[38]–[40] Bender’s decomposition algorithm Vehicle miles traveled, total cost, price, facility locations, and origin-

destination routes. 

[41] Multi-period optimization model Demand profile and number of charging stations. 

[42] Integrated optimization Operators, vehicles, drivers, power grid, and traffic flow. 

[43] Interpretive structural modeling (ISM) and 

fuzzy cross-impact matrix multiplication 

applied to classification (FMICMAC) 

Charging demand, operating economy, traffic convenience, construction 

feasibility, and power grid security. 

[44] Game theory Views of surrounding residents, government planning, distribution of 

electric vehicles around, traffic conditions, land use situation, weather 

conditions, geographical conditions, station harmonic pollution problem, 

fire-proof and explosion-proof conditions, electricity grid situation, total 

investment costs, station load and charging pattern, management & 

operation mode, and running cost per year. 

[45], [46] MCDM Natural, economic, technical, and social criteria. 

[47] Analytical hierarchy process (AHP) - 

Geographic Information System (GIS) 

Environmental impact and accessibility. 

 

 

Figure 4 shows Jakarta’s administrative cities named Jakarta, Bogor, Depok, Tangerang, and Bekasi 

(Jabodetabek). Also, the maps represent the spatial expedience distribution of clustering. This study focused 

only on Jakarta’s administrative cities (North Jakarta, Central Jakarta, West Jakarta, East Jakarta, and South 

Jakarta). The criteria are considered to determine clustering that affects the charging location. In this research, 
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some essential criteria are used to determine the early-stage EV charging station locations, as shown in  

Table 3. The proposed area that fulfills the requirements is about 95 priority locations, and overall detailed 

locations are provided in Table 4. 

 

 

 
 

Figure 4. Jakarta and its administrative cities 

 

 

Table 3. Criteria selection of EVs charging station infrastructure 
Criteria Description of Criteria 

Shopping malls [48], [49] Department stores usually anchor large indoor shopping centers or pedestrian promenades. 

Shopping malls can deliver activities and experiences (i.e., promotions, shopping, 

entertainment, social gatherings, performances, festivals, product launches, and many more). 

Public transportation area [50] The passengers-by-group travel systems available for the general public transportation system 

are typically managed on a schedule, charged for each trip—for example, bus stations, 

airports, & railway stations, and operated on established routes. 

Parking lots [51], [52] This criterion is a dedicated area intended for vehicle parking. 

Recreation area [53] Public recreational areas are land designed, constructed, or used for recreational activities 

such as zoos, sports stadiums, spacious gardens, coasts, museums, monuments, and other 

indoor or outdoor recreational areas. 
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Table 4. Proposed location of EV charging station infrastructure in Jakarta, Indonesia 

Location* Latitude Longitude Location* Latitude Longitude Location* Latitude Longitude 

Location 1 

Location 2 

Location 3 

Location 4 

Location 5 

Location 6 

Location 7 

Location 8 

Location 9 

Location 10 

Location 11 

Location 12 

Location 13 

Location 14 

Location 15 

Location 16 

Location 17 

Location 18 

Location 19 

Location 20 

Location 21 

Location 22 

Location 23 

Location 24 

Location 25 

Location 26 

Location 27 

Location 28 

Location 29 

Location 30 

Location 31 

Location 32 

-6,176594596 

-6,160725397 

-6,195169429 

-6,137018428 

-6,164650429 

-6,166352996 

-6,137010631 

-6,138589285 

-6,224663229 

-6,187792300 

-6,196747329 

-6,155099120 

-6,176669262 

-6,188924265 

-6,225480061 

-6,193979227 

-6,188202763 

-6,226767458 

-6,194068862 

-6,134548098 

-6,157287929 

-6,116446163 

-6,126387128 

-6,137964328 

-6,151508231 

-6,136331329 

-6,151508231 

-6,145759989 

-6,160560380 

-6,122513860 

-6,127220163 

-6,107747467 

106,8411911 

106,8187810 

106,8204305 

106,8242818 

106,8774630 

106,8030494 

106,8243441 

106,8316260 

106,8038949 

106,8363946 

106,8288394 

106,8488322 

106,8411911 

106,8117381 

106,7993066 

106,8222158 

106,8241371 

106,7977927 

106,8163898 

106,8310215 

106,9084263 

106,7896404 

106,7911850 

106,8708355 

106,8918734 

106,8218297 

106,8918520 

106,8918469 

106,9062484 

106,9158798 

106,7911950 

106,7791958 

Location 33 

Location 34 

Location 35 

Location 36 

Location 37 

Location 38 

Location 39 

Location 40 

Location 41 

Location 42 

Location 43 

Location 44 

Location 45 

Location 46 

Location 47 

Location 48 

Location 49 

Location 50 

Location 51 

Location 52 

Location 53 

Location 54 

Location 55 

Location 56 

Location 57 

Location 58 

Location 59 

Location 60 

Location 61 

Location 62 

Location 63 

Location 64 

-6,291227552 

-6,199948110 

-6,221688898 

-6,270502248 

-6,216210199 

-6,262352825 

-6,183446194 

-6,243927306 

-6,312761087 

-6,340067885 

-6,369019483 

-6,217889134 

-6,194039012 

-6,187630886 

-6,189249063 

-6,153361538 

-6,188276629 

-6,139976181 

-6,178551096 

-6,188183897 

-6,151233763 

-6,168576242 

-6,146658730 

-6,146189366 

-6,142376730 

-6,142352058 

-6,177368596 

-6,215129622 

-6,265569090 

-6,289869567 

-6,219982427 

-6,280386318 

106,8821037 

106,8906452 

106,9317479 

106,8677406 

106,8647847 

106,8656816 

106,9149524 

106,8693384 

106,8618696 

106,8900464 

106,8935648 

106,9242029 

106,8904845 

106,7396061 

106,7965048 

106,7961210 

106,7379007 

106,7315487 

106,7921913 

106,7341763 

106,7146056 

106,7866714 

106,8238147 

106,8163367 

106,8154595 

106,8166404 

106,7906508 

106,8299823 

106,7843283 

106,7781242 

106,8144625 

106,8288895 

Location 65 

Location 66 

Location 67 

Location 68 

Location 69 

Location 70 

Location 71 

Location 72 

Location 73 

Location 74 

Location 75 

Location 76 

Location 77 

Location 78 

Location 79 

Location 80 

Location 81 

Location 82 

Location 83 

Location 84 

Location 85 

Location 86 

Location 87 

Location 88 

Location 89 

Location 90 

Location 91 

Location 92 

Location 93 

Location 94 

Location 95 

-6,209383854 

-6,224449693 

-6,245506735 

-6,244546861 

-6,244098923 

-6,243725632 

-6,256246970 

-6,257297463 

-6,301428301 

-6,224059695 

-6,224464649 

-6,224583199 

-6,223340527 

-6,220531158 

-6,224103629 

-6,264299260 

-6,244211191 

-6,217989963 

-6,208852493 

-6,224401289 

-6,291442160 

-6,175477728 

-6,135157326 

-6,128425415 

-6,119293938 

-6,302371247 

-6,119150604 

-6,265183076 

-6,335181836 

-6,219126562 

-6,312464977 

106,8470437 

106,8104337 

106,8022381 

106,8006717 

106,7975604 

106,8030213 

106,8521761 

106,8559902 

106,8140018 

106,8267484 

106,8228699 

106,8296034 

106,8426469 

106,7838153 

106,8266598 

106,7990403 

106,7835505 

106,8350578 

106,8180235 

106,8231954 

106,7991749 

106,8271743 

106,8132464 

106,8335235 

106,8501746 

106,8951881 

106,6746772 

106,8859388 

106,7640609 

106,8045524 

106,8200396 

* Exclude the thousand islands regency, a chain of islands to the north of the coast. 

 

 

2.3.  Algorithm and silhouette coefficient 

Organizing data into suitable groupings is fundamental to understanding and learning the data. Several 

popular clustering algorithms include k-medoids [54], hierarchical clustering [55], hidden Markov models [56], 

self-organizing maps [57], fuzzy C-means clustering [58], and K-means [59]. K-means is an unsupervised 

technique of clustering dataset groups into K clusters in which the nearest mean of separate compliance belongs 

to the set [60].  

Figure 5 shows the basic clustering construction with the K-means method using the dataset’s 

similarity and dissimilarity (based on distance). Figure 5(a) shows the input dataset and the selected cluster’s 

initial representatives (centroid). The K value represents the number of centroids in collected data. A centroid 

is the proposed location describing the cluster’s compromise. 

The initial centroid is selected unsystematically and subsequently chosen from the remaining data 

points with likelihood proportioned to the squared length from the nearest centroid. The pre-defined K clusters 

(K=4) are randomly generated by associating the dataset with the nearest mean. After that, it computes the 

distance of each data with the most petite length and repeats iteration until convergence, as shown in Figure 5(b), 

and the group is evaluated until it reaches the optimal number of the set (K=6), as shown in Figure 5(c).  

K-means method utilizes the data point 𝑖 in the cluster 𝐶𝑖 (𝑖 ∈  𝐶𝑖) follows (1), where 𝑎(𝑖) is the average 

distance between data point 𝑖 and all data points in its cluster (𝐶𝑖) [61]. 

 

𝑎(𝑖) =
1

|𝐶𝑖|
 ∑ 𝑑(𝑖, 𝑗)𝑗∈𝐶𝑖,𝑖≠𝑗  (1) 

 

Furthermore, 𝑏(𝑖) is the minimum average distance between data point 𝑖 to all data points in any other 

clusters (𝐶𝑘) that not containing data point 𝑖 (𝐶𝑘 ≠ 𝐶𝑖) as shown in (2). The shorter average distance of data 

point 𝑖 to all points in any other cluster indicates that data point 𝑖 is not a cluster member—the cluster with this 

slight mean dissimilarity or neighboring cluster of data points 𝑖. 
 

𝑏(𝑖) = min
𝑘≠𝑖

1

|𝐶𝑘|
 ∑ 𝑑(𝑖, 𝑗)𝑗∈𝐶𝑘

 (2) 
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There are numerous methods to evaluate the clustering performance metrics, such as rand index [62], 

adjusted rand index [63], mutual information [64], Calinski-Harabasz index [65], Davies-Bouldin index [66], 

and silhouette score [58]. One of the evaluation indicators is the SC which assesses the cluster validity based 

on the measure of the average distance between one data point and other data points in the same cluster 

(cohesion) and the average distance among different clusters (separation). The SC contains the individual SC 

and cluster SC (CSC). The individual SC 𝑠(𝑖) is shown in (3), which indicates how closely the data point is 

grouped in that cluster. 

 

𝑠(𝑖) =
𝑏(𝑖)−𝑎(𝑖)

𝑚𝑎𝑥{𝑎(𝑖)𝑏(𝑖)}
 (3) 

 

The CSC for expression outline is shown in (4). The optimal number of clusters K is the one that 

maximizes the silhouette scores over a range of possible scores for K. The scores measure how similar a data 

point is within the cluster (cohesion) compared to other clusters (separation). 
 

𝑠(𝑖, 𝑛) =
1

𝑛
 ∑ s(𝑖)𝑛

𝑖=1  (4) 

 

The SC 𝑠(𝑖) and CSC scores 𝑠(𝑖, 𝑛) can vary between -1 and 1, as shown in (5) and (6). For each data 

point 𝑖, 𝑠(𝑖) can range between -1 and 1. If 𝑠(𝑖) is close to 1, it means 𝑎(𝑖) is much smaller than 𝑏(𝑖), so the 

data point is assigned to a suitable cluster. But when 𝑠(𝑖) is about 0, then 𝑎(𝑖) and 𝑏(𝑖) are approximately 

equal. When 𝑠(𝑖) is close to -1, 𝑎(𝑖) is much larger than 𝑏(𝑖), so the data point 𝑖 is closer to the other cluster. 

 

1 ≤  𝑠(𝑖)  ≤ 1 (5) 
 

1 ≤  𝑠(𝑖, 𝑛)  ≤ 1 (6) 

 

 

   
(a) (b) (c) 

 

Figure 1. K-means basic process based on data distance: (a) the input dataset and initial centroid as a learning 

problem, (b) the evaluation of the distance and repeat iterations, and (c) the calculation of new cluster 

membership 

 

 

3. RESULTS 

An iterative procedure determines the best value for K center points or centroids. The average 

distances were calculated to the centroid across all locations for each K value. This research uses a dataset with 

95 data points; the CSC scores were obtained by changing the value of K from 2 to 30, as shown in Figure 6. 

Assigns each data point to its nearest centroid. Those data points which are near the particular centroid construct 

a cluster. The simulation results show the cluster’s scores below 5 are a poor selection for the provided datasets 

due to groups with below-average silhouette scores and broad fluctuations in the measure of the silhouette 

plots. The silhouette analysis reveals the CSC score is maximized at K=19. It indicates the optimal location 

clustering is 19 different groups. 

The SC scores can examine the cohesion length between the selected cluster. The silhouette evaluation 

reveals how tight each data pinpoint is in one collection. This evaluation result has a range of -1 to 1. In clusters 

1, 2. 13, and 17, there are different data points with negative scores of almost 0 in optimum K, as shown in 

Figure 7. A negative score of nearly 0 implies overlapping groupings very near the decision border of the 

neighboring groups. The higher CSC scores suggest that the data points are optimally positioned. 
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Figure 6. The number of K-means clusters and cluster silhouette scores 

 

 
Silhouette Scores  

  
 Silhouette Scores 

 

Figure 7. The silhouette scores in each cluster are based on the K-means algorithm 

 

 

The K-means method resulted in 19 optimal clusters for the initial EV charging station location in 

Jakarta an urban city in Indonesia. The distribution frequency or member of each cluster is shown in Figure 8. 

The highest distribution frequency is in cluster 6 with 13 potential locations, and the lowest is in clusters 15 

and 18 with only one proposed location. A distant location from other clusters causes the lowest cluster 

membership. 
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Figure 8. The amount member in each group is based on the K-means method 

 

 

The cluster members have been presented in different colors and sizes as shown in Figure 9. The 

colors indicate the location is in the same cluster, while the size suggests the silhouette score. Nevertheless, 

current results indicate that the proposed cluster selection algorithm and the process are validated. 

 

 

 
 

Figure 9. The clustering results in simple grid structure maps based on the K-means method 

 

 

The simulation results are then combined on a map to see proposed EV charging infrastructure 

locations based on their clustering area, as shown in Figure 10. The data point with the most elevated SC scores 

is chosen from an individual site to represent the cluster, as shown in Table 5. 
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Figure 10. Initial location covering maps in Jakarta administrative cities based on the K-means algorithm 

 

 

Table 5. Suggested locations of initial EVs charging station location in Jakarta based on SC scores 
Cluster Location* Latitude Longitude Silhouette 

Cluster 1 Location 1 -6,176594596 106,8411911 0,668829432 

Cluster 2 Location 61 -6,265569089 106,7843283 0,642949392 

Cluster 3 Location 59 -6,177368596 106,7906508 0,685267476 

Cluster 4 Location 90 -6,302371247 106,8951881 0,624243228 

Cluster 5 Location 28 -6,145759989 106,8918469 0,678410488 

Cluster 6 Location 4 -6,137018428 106,8242818 0,694316814 

Cluster 7 Location 76 -6,224583199 106,8296034 0,688492219 

Cluster 8 Location 35 -6,221688898 106,9317479 0,720907898 

Cluster 9 Location 22 -6,116446163 106,7896404 0,706012211 

Cluster 10 Location 53 -6,139976181 106,7315487 0,651079619 

Cluster 11 Location 19 -6,194068862 106,8163898 0,694217443 

Cluster 12 Location 73 -6,301428301 106,8140018 0,672021288 

Cluster 13 Location 18 -6,226767458 106,7977927 0,681950564 

Cluster 14 Location 38 -6,262352825 106,8656816 0,681969724 

Cluster 15 Location 91 -6,119150604 106,6746772 0,500000000 

Cluster 16 Location 43 -6,369019483 106,8935648 0,669645376 

Cluster 17 Location 34 -6,19994811 106,8906452 0,646262356 

Cluster 18 Location 93 -6,335181836 106,7640609 0,500000000 

Cluster 19 Location 49 -6,188276629 106,7379007 0,738349124 

* Exclude the thousand islands regency, a chain of islands to the north of the coast 
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4. DISCUSSION 

The EV charging station infrastructure needs to sustain new EV users' growth. The initial location of 

public EV charger stations is one of the most crucial actions for enhancing the use of EVs. The K-mean 

clustering assigns 95 data points to its nearest centroid constructed into a suitable cluster. The CSC scores 

evaluate the value of K changes from 2 to 30. The simulation results suggest the optimal initial location of 

public EVs charging stations is 19 different clusters. The results reveal that the value of K below 5 is a below-

average CSC score. The SC scores (range of -1 to 1) evaluate how close each data point is in one cluster. The 

simulation results show that clusters 1, 2. 13, and 17 found different data points with negative scores near 0 in 

the optimum value of K, which indicates very near the decision border of the neighboring groups. The higher 

CSC and SC scores suggest that the data points are suitable clusters. The K-means algorithm resulted in 19 

clusters for the initial EV charging station location in Jakarta, an urban city in Indonesia. Cluster 6 is the highest 

distribution with 13 proposed sites, and clusters 15 and 18 with only one proposed location. Future research in 

this area can directly consider the capacities of the EV charger stations in each cluster; as the number of users 

increases in the future, the EV charger station capacity becomes critical.  

 

 

5. CONCLUSION 

The obtainable of a satisfactory EV charging station infrastructure is a rudimentary prerequisite and 

suitable strategy to optimize the growth of EV users in urban cities. Shifting to EVs is considered a promising 

alternative in developing countries. Decreasing dependence on fossil fuel consumption affected the decreasing 

state budget allocation towards fuel subsidies, greenhouse gas emissions, and energy sustainability issues. This 

study provides a practical technique using the K-mean algorithm’s method to cluster and choose an initial EV 

charging station location based on the potential site in Jakarta, Indonesia. The criteria of priority location 

proposed in this paper are shopping centers, public transportation, parking, and recreation areas. An iterative 

algorithm determines the most suitable value for K as centroids. The optimal K value evaluates by CSC scores 

to acquire the numeral of groupings. The results show that the potential locations divide into 19 different groups 

spread in Jakarta administrative cities. Each cluster’s suggested initial EV charging station was selected and 

validated by silhouette coefficient SC scores. Although some contributions have been made, this study still has 

limitations. Future work in this area can consider the capacities allocation of the EVs charger stations in each 

cluster, power system analysis, and economic aspects as the number of EVs users increases. 
 

 

REFERENCES 
[1] R. Dutu, “Challenges and policies in Indonesia’s energy sector,” Energy Policy, vol. 98, pp. 513–519, Nov. 2016, doi: 

10.1016/j.enpol.2016.09.009. 

[2] T. Dartanto, “Reducing fuel subsidies and the implication on fiscal balance and poverty in Indonesia: A simulation analysis,” Energy 

Policy, vol. 58, pp. 117–134, Jul. 2013, doi: 10.1016/j.enpol.2013.02.040. 

[3] D. F. Dominković, I. Bačeković, A. S. Pedersen, and G. Krajačić, “The future of transportation in sustainable energy systems: 

Opportunities and barriers in a clean energy transition,” Renewable and Sustainable Energy Reviews, vol. 82, pp. 1823–1838, Feb. 

2018, doi: 10.1016/j.rser.2017.06.117. 

[4] E. A. Prasetio, P. Fajarindra Belgiawan, L. T. Anggarini, D. Novizayanti, and S. Nurfatiasari, “Acceptance of electric vehicle in 

Indonesia: Case study in Bandung,” in 2019 6th International Conference on Electric Vehicular Technology (ICEVT), Nov. 2019, 

pp. 63–71, doi: 10.1109/ICEVT48285.2019.8994010. 

[5] I. Gunawan, A. A. N. P. Redi, A. A. Santosa, M. F. N. Maghfiroh, A. H. Pandyaswargo, and A. C. Kurniawan, “Determinants of 

customer intentions to use electric vehicle in Indonesia: An integrated model analysis,” Sustainability, vol. 14, no. 4, Feb. 2022, 

doi: 10.3390/su14041972. 

[6] D. Novizayanti, E. A. Prasetio, M. Siallagan, and S. P. Santosa, “Agent-based modeling framework for electric vehicle adoption 

transition in Indonesia,” World Electric Vehicle Journal, vol. 12, no. 2, May 2021, doi: 10.3390/wevj12020073. 

[7] R. Riyanto, S. A. Riyadi, C. Nuryakin, and N. W. Gerald Massie, “Estimating the total cost of ownership (TCO) of electrified 

vehicle in Indonesia,” in 2019 6th International Conference on Electric Vehicular Technology (ICEVT), Nov. 2019, pp. 88–99, doi: 

10.1109/ICEVT48285.2019.8994030. 

[8] A. H. Pandyaswargo, A. D. Wibowo, M. F. N. Maghfiroh, A. Rezqita, and H. Onoda, “The emerging electric vehicle and battery 

industry in Indonesia: Actions around the nickel Ore export ban and a SWOT analysis,” Batteries, vol. 7, no. 4, Nov. 2021, doi: 

10.3390/batteries7040080. 

[9] W. Sutopo, M. Nizam, B. Rahmawatie, and F. Fahma, “A review of electric vehicles charging standard development: Study case in  

Indonesia,” in 2018 5th International Conference on Electric Vehicular Technology (ICEVT), Oct. 2018, pp. 152–157, doi: 

10.1109/ICEVT.2018.8628367. 

[10] X. Xi, R. Sioshansi, and V. Marano, “Simulation–optimization model for location of a public electric vehicle charging infrastructure,” 

Transportation Research Part D: Transport and Environment, vol. 22, pp. 60–69, Jul. 2013, doi: 10.1016/j.trd.2013.02.014. 

[11] J. H. Lee, D. Chakraborty, S. J. Hardman, and G. Tal, “Exploring electric vehicle charging patterns: Mixed usage of charging 

infrastructure,” Transportation Research Part D: Transport and Environment, vol. 79, Feb. 2020, doi: 10.1016/j.trd.2020.102249. 

[12] S. Guo and H. Zhao, “Optimal site selection of electric vehicle charging station by using fuzzy TOPSIS based on sustainability 

perspective,” Applied Energy, vol. 158, pp. 390–402, Nov. 2015, doi: 10.1016/j.apenergy.2015.08.082. 

[13] Y. Amara-Ouali, Y. Goude, P. Massart, J.-M. Poggi, and H. Yan, “A review of electric vehicle load open data and models,” 

Energies, vol. 14, no. 8, Apr. 2021, doi: 10.3390/en14082233. 

[14] D. Trinko, E. Porter, J. Dunckley, T. Bradley, and T. Coburn, “Combining ad hoc text mining and descriptive analytics to investigate 

public EV charging prices in the United States,” Energies, vol. 14, no. 17, Aug. 2021, doi: 10.3390/en14175240. 



                ISSN: 2088-8708 

Int J Elec & Comp Eng, Vol. 13, No. 3, June 2023: 3266-3280 

3278 

[15] Y.-Y. Wang, Y.-Y. Chi, J.-H. Xu, and J.-L. Li, “Consumer preferences for electric vehicle charging infrastructure based on the text 

mining method,” Energies, vol. 14, no. 15, Jul. 2021, doi: 10.3390/en14154598. 

[16] A. Almaghrebi, F. Aljuheshi, M. Rafaie, K. James, and M. Alahmad, “Data-driven charging demand prediction at public charging 

stations using supervised machine learning regression methods,” Energies, vol. 13, no. 16, Aug. 2020, doi: 10.3390/en13164231. 

[17] L. Chen, X. Huang, and H. Zhang, “Modeling the charging behaviors for electric vehicles based on ternary symmetric kernel density 

estimation,” Energies, vol. 13, no. 7, Mar. 2020, doi: 10.3390/en13071551. 

[18] A. Shukla, K. Verma, and R. Kumar, “Consumer perspective based placement of electric vehicle charging stations by clustering 

techniques,” in 2016 National Power Systems Conference (NPSC), Dec. 2016, pp. 1–6, doi: 10.1109/NPSC.2016.7858946. 

[19] N. Andrenacci, R. Ragona, and G. Valenti, “A demand-side approach to the optimal deployment of electric vehicle charging stations 

in metropolitan areas,” Applied Energy, vol. 182, pp. 39–46, Nov. 2016, doi: 10.1016/j.apenergy.2016.07.137. 

[20] S. Shahriar and A. R. Al-Ali, “Impacts of COVID-19 on electric vehicle charging behavior: Data analytics, visualization, and 

clustering,” Applied System Innovation, vol. 5, no. 1, Jan. 2022, doi: 10.3390/asi5010012. 

[21] S. Fevriera, H. L. F. de Groot, and P. Mulder, “Does urban form affect motorcycle use? Evidence from Yogyakarta, Indonesia,” 

Bulletin of Indonesian Economic Studies, vol. 57, no. 2, pp. 203–232, May 2021, doi: 10.1080/00074918.2020.1747595. 

[22] E. Guerra, “Electric vehicles, air pollution, and the motorcycle city: A stated preference survey of consumers’ willingness to adopt 

electric motorcycles in Solo, Indonesia,” Transportation Research Part D: Transport and Environment, vol. 68, pp. 52–64, Mar. 

2019, doi: 10.1016/j.trd.2017.07.027. 

[23] BPS, “The 2020 analysis of maize and soybeans productivity in Indonesia (the result of crop cutting survey),” (in Bahasa) Statistics 

Indonesia, 2020. https://www.bps.go.id/publication/2021/07/27/16e8f4b2ad77dd7de2e53ef2/analisis-produktivitas-jagung-dan-

kedelai-di-indonesia-2020--hasil-survei-ubinan-.html (accessed Aug. 02, 2022). 

[24] A. Rahman, P. Dargusch, and D. Wadley, “The political economy of oil supply in Indonesia and the implications for renewable 

energy development,” Renewable and Sustainable Energy Reviews, vol. 144, Jul. 2021, doi: 10.1016/j.rser.2021.111027. 

[25] F. Fathurrahman, B. Kat, and U. Soytaṣ, “Simulating Indonesian fuel subsidy reform: a social accounting matrix analysis,” Annals 

of Operations Research, vol. 255, no. 1–2, pp. 591–615, Aug. 2017, doi: 10.1007/s10479-015-1954-x. 

[26] “Data on public fuel filling stations (SPBU) in the Administrative City Area of DKI Jakarta Province,” Open data Jakarta 

https://data.jakarta.go.id/dataset/data-spbu-di-wilayah-dki-jakarta (accessed Oct. 27, 2022). 

[27] BPS, “Number of Registered Motor Vehicles by Type of Motor Vehicles (units) in DKI Jakarta Province 2019-2021,” Statistics of 

DKI Jakarta Province, https://jakarta.bps.go.id/indicator/17/786/1/jumlah-kendaraan-bermotor-menurut-jenis-kendaraan-unit-di-

provinsi-dki-jakarta.html (accessed Oct. 26, 2022). 

[28] T. Sweda and D. Klabjan, “An agent-based decision support system for electric vehicle charging infrastructure deployment,” in 

2011 IEEE Vehicle Power and Propulsion Conference, Sep. 2011, pp. 1–5, doi: 10.1109/VPPC.2011.6043201. 

[29] A. D. Setiawan, A. Hidayatno, B. D. Putra, and I. Rahman, “Selection of charging station technology to support the adoption of 

electric vehicles in Indonesia with the AHP-TOPSIS method,” in 2020 3rd International Conference on Power and Energy 

Applications (ICPEA), Oct. 2020, pp. 85–88, doi: 10.1109/ICPEA49807.2020.9280125. 

[30] X. Zhao, J. Xue, X. Zhang, Y. Qin, X. Zhang, and K. Yu, “Location planning of smart charging station based on fuzzy TOPSIS 

method,” IOP Conference Series: Earth and Environmental Science, vol. 675, no. 1, 2021, doi: 10.1088/1755-1315/675/1/012162. 

[31] S. Y. He, Y.-H. Kuo, and D. Wu, “Incorporating institutional and spatial factors in the selection of the optimal locations of public 

electric vehicle charging facilities: A case study of Beijing, China,” Transportation Research Part C: Emerging Technologies,  

vol. 67, pp. 131–148, Jun. 2016, doi: 10.1016/j.trc.2016.02.003. 

[32] A. Janjić, L. Velimirović, J. Velimirović, and P. Vranić, “Estimating the optimal number and locations of electric vehicle charging 

stations: the application of multi-criteria p-median methodology,” Transportation Planning and Technology, vol. 44, no. 8,  

pp. 827–842, Nov. 2021, doi: 10.1080/03081060.2021.1992177. 

[33] Z.-H. Zhu, Z.-Y. Gao, J.-F. Zheng, and H.-M. Du, “Charging station location problem of plug-in electric vehicles,” Journal of 

Transport Geography, vol. 52, pp. 11–22, Apr. 2016, doi: 10.1016/j.jtrangeo.2016.02.002. 

[34] J. Li, Z. Liu, and X. Wang, “Public charging station location determination for electric ride-hailing vehicles based on an improved 

genetic algorithm,” Sustainable Cities and Society, vol. 74, Nov. 2021, doi: 10.1016/j.scs.2021.103181. 

[35] J. He, H. Yang, T.-Q. Tang, and H.-J. Huang, “An optimal charging station location model with the consideration of electric 

vehicle’s driving range,” Transportation Research Part C: Emerging Technologies, vol. 86, pp. 641–654, Jan. 2018, doi: 

10.1016/j.trc.2017.11.026. 

[36] F. Guo, J. Yang, and J. Lu, “The battery charging station location problem: Impact of users’ range anxiety and distance 

convenience,” Transportation Research Part E: Logistics and Transportation Review, vol. 114, pp. 1–18, Jun. 2018, doi: 

10.1016/j.tre.2018.03.014. 

[37] P. Sadeghi-Barzani, A. Rajabi-Ghahnavieh, and H. Kazemi-Karegar, “Optimal fast charging station placing and sizing,” Applied 

Energy, vol. 125, pp. 289–299, Jul. 2014, doi: 10.1016/j.apenergy.2014.03.077. 

[38] O. Arslan and O. E. Karaşan, “A Benders decomposition approach for the charging station location problem with plug-in hybrid 

electric vehicles,” Transportation Research Part B: Methodological, vol. 93, pp. 670–695, Nov. 2016, doi: 10.1016/j.trb.2016.09.001. 

[39] C. Lee and J. Han, “Benders-and-price approach for electric vehicle charging station location problem under probabilistic travel 

range,” Transportation Research Part B: Methodological, vol. 106, pp. 130–152, Dec. 2017, doi: 10.1016/j.trb.2017.10.011. 

[40] Ö. B. Kınay, F. Gzara, and S. A. Alumur, “Full cover charging station location problem with routing,” Transportation Research 

Part B: Methodological, vol. 144, pp. 1–22, Feb. 2021, doi: 10.1016/j.trb.2020.12.001. 

[41] S. H. Chung and C. Kwon, “Multi-period planning for electric car charging station locations: A case of Korean Expressways,” 

European Journal of Operational Research, vol. 242, no. 2, pp. 677–687, Apr. 2015, doi: 10.1016/j.ejor.2014.10.029. 

[42] W. Kong, Y. Luo, G. Feng, K. Li, and H. Peng, “Optimal location planning method of fast charging station for electric vehicles 

considering operators, drivers, vehicles, traffic flow and power grid,” Energy, vol. 186, Nov. 2019, doi: 10.1016/j.energy.2019.07.156. 

[43] H. Wu and D. Niu, “Study on influence factors of electric vehicles charging station location based on ISM and FMICMAC,” 

Sustainability, vol. 9, no. 4, Mar. 2017, doi: 10.3390/su9040484. 

[44] W. Meng and L. Kai, “Optimization of electric vehicle charging station location based on game theory,” in Proceedings 2011 

International Conference on Transportation, Mechanical, and Electrical Engineering (TMEE), Dec. 2011, pp. 809–812, doi: 

10.1109/TMEE.2011.6199325. 

[45] J. Zhou, Y. Wu, C. Wu, F. He, B. Zhang, and F. Liu, “A geographical information system based multi-criteria decision-making 

approach for location analysis and evaluation of urban photovoltaic charging station: A case study in Beijing,” Energy Conversion 

and Management, vol. 205, Feb. 2020, doi: 10.1016/j.enconman.2019.112340. 

[46] A. Liu, Y. Zhao, X. Meng, and Y. Zhang, “A three-phase fuzzy multi-criteria decision model for charging station location of the 

sharing electric vehicle,” International Journal of Production Economics, vol. 225, Jul. 2020, doi: 10.1016/j.ijpe.2019.107572. 



Int J Elec & Comp Eng  ISSN: 2088-8708  

 

 Initial location selection of electric vehicles charging infrastructure in… (Handrea Bernando Tambunan) 

3279 

[47] D. Guler and T. Yomralioglu, “Suitable location selection for the electric vehicle fast charging station with AHP and fuzzy AHP 

methods using GIS,” Annals of GIS, vol. 26, no. 2, pp. 169–189, Apr. 2020, doi: 10.1080/19475683.2020.1737226. 

[48] G. Poyrazoglu and E. Coban, “A stochastic value estimation tool for electric vehicle charging points,” Energy, vol. 227, Jul. 2021, 

doi: 10.1016/j.energy.2021.120335. 

[49] M. S. Athulya, A. Visakh, and M. P. Selvan, “Electric vehicle recharge scheduling in a shopping mall charging station,” in 2020 

21st National Power Systems Conference (NPSC), Dec. 2020, pp. 1–6, doi: 10.1109/NPSC49263.2020.9331831. 

[50] S. Silvester, S. K. Beella, A. van Timmeren, P. Bauer, J. Quist, and S. van Dijk, “Exploring design scenarios for large-scale 

implementation of electric vehicles; the Amsterdam airport Schiphol case,” Journal of Cleaner Production, vol. 48, pp. 211–219, 

Jun. 2013, doi: 10.1016/j.jclepro.2012.07.053. 

[51] M. Shafie-khah et al., “Optimal behavior of electric vehicle parking lots as demand response aggregation agents,” IEEE 

Transactions on Smart Grid, vol. 7, no. 6, pp. 2654–2665, Nov. 2016, doi: 10.1109/TSG.2015.2496796. 

[52] S. M. B. Sadati, J. Moshtagh, M. Shafie-khah, A. Rastgou, and J. P. S. Catalão, “Bi-level model for operational scheduling of a 

distribution company that supplies electric vehicle parking lots,” Electric Power Systems Research, vol. 174, Sep. 2019, doi: 

10.1016/j.epsr.2019.105875. 

[53] D. Kuiken et al., “Energy flexibility from large prosumers to support distribution system operation—a technical and legal case study 

on the Amsterdam ArenA stadium,” Energies, vol. 11, no. 1, Jan. 2018, doi: 10.3390/en11010122. 

[54] E. Schubert and P. J. Rousseeuw, “Faster k-Medoids clustering: Improving the PAM, CLARA, and CLARANS algorithms,” in 

Similarity Search and Applications, 2019, pp. 171–187, doi: 10.1007/978-3-030-32047-8_16. 

[55] F. Murtagh and P. Contreras, “Algorithms for hierarchical clustering: an overview,” WIREs Data Mining and Knowledge Discovery, 

vol. 2, no. 1, pp. 86–97, Jan. 2012, doi: 10.1002/widm.53. 

[56] S. Ghassempour, F. Girosi, and A. Maeder, “Clustering multivariate time series using hidden Markov models,” International 

Journal of Environmental Research and Public Health, vol. 11, no. 3, pp. 2741–2763, Mar. 2014, doi: 10.3390/ijerph110302741. 

[57] D. Miljkovic, “Brief review of self-organizing maps,” in 2017 40th International Convention on Information and Communication 

Technology, Electronics and Microelectronics (MIPRO), May 2017, pp. 1061–1066, doi: 10.23919/MIPRO.2017.7973581. 

[58] J. Nayak, B. Naik, and H. S. Behera, “Fuzzy C-means (FCM) clustering algorithm: A decade review from 2000 to 2014,” in 

Computational Intelligence in Data Mining, 2015, pp. 133–149, doi: 10.1007/978-81-322-2208-8_14. 

[59] Y. Li and H. Wu, “A clustering method based on K-means algorithm,” Physics Procedia, vol. 25, pp. 1104–1109, 2012, doi: 

10.1016/j.phpro.2012.03.206. 

[60] A. K. Jain, “Data clustering: 50 years beyond K-means,” Pattern Recognition Letters, vol. 31, no. 8, pp. 651–666, Jun. 2010, doi: 

10.1016/j.patrec.2009.09.011. 

[61] H. B. Zhou and J. T. Gao, “Automatic method for determining cluster number based on silhouette coefficient,” Advanced Materials 

Research, vol. 951, pp. 227–230, May 2014, doi: 10.4028/www.scientific.net/AMR.951.227. 

[62] C. Carpineto and G. Romano, “Consensus clustering based on a new probabilistic rand index with application to subtopic retrieval,” 

IEEE Transactions on Pattern Analysis and Machine Intelligence, vol. 34, no. 12, pp. 2315–2326, Dec. 2012, doi: 

10.1109/TPAMI.2012.80. 

[63] V. Robert, Y. Vasseur, and V. Brault, “Comparing high-dimensional partitions with the co-clustering adjusted rand index,” Journal 

of Classification, vol. 38, no. 1, pp. 158–186, Apr. 2021, doi: 10.1007/s00357-020-09379-w. 

[64] J. Martínez Sotoca and F. Pla, “Supervised feature selection by clustering using conditional mutual information-based distances,” 

Pattern Recognition, vol. 43, no. 6, pp. 2068–2081, Jun. 2010, doi: 10.1016/j.patcog.2009.12.013. 

[65] S. Lukasik, P. A. Kowalski, M. Charytanowicz, and P. Kulczycki, “Clustering using flower pollination algorithm and Calinski-

Harabasz index,” in 2016 IEEE Congress on Evolutionary Computation (CEC), Jul. 2016, pp. 2724–2728, doi: 

10.1109/CEC.2016.7744132. 

[66] J. C. Rojas Thomas, M. S. Penas, and M. Mora, “New version of Davies-Bouldin index for clustering validation based on cylindrical 

distance,” in 2013 32nd International Conference of the Chilean Computer Science Society (SCCC), Nov. 2013, pp. 49–53, doi: 

10.1109/SCCC.2013.29. 

 

 

BIOGRAPHIES OF AUTHORS  

 

 

Handrea Bernando Tambunan     is a researcher in the transmission and distribution 

division at PLN, a state-owned electrical company in Indonesia, and a Master of Electrical 

Engineering in the field of power systems. Currently responsible for research, investigation, 
technology scanning, standardization, and innovation to solve corporate issues. Actively 

published research work in reputable indexed international journals and proceedings. 

Experience in renewable energy, especially solar energy, solar photovoltaic (PV) integration 

into the power grid, and power system analysis, mainly in power quality and grid impact study. 
He can be contacted at handrea.bernando.t@gmail.com. 

  

 

Ruly Bayu Sitanggang     is an engineer in the power generation division at PT PLN 

(Persero) Research Institute, a state-owned power company in Indonesia. Currently responsible 

for research on primer energy to solve corporate issues. He can be contacted at email 
rully.bs@pln.co.id. 

  

http://orcid.org/0000-0002-6229-2980
https://scholar.google.co.id/citations?user=tQ0Vs7MAAAAJ&hl=id&oi=ao
https://www.scopus.com/authid/detail.uri?authorId=57203963934
https://orcid.org/0000-0003-0448-2783
https://scholar.google.co.id/citations?user=fKJ2AgsAAAAJ&hl=id&oi=sra
https://www.scopus.com/authid/detail.uri?authorId=57211145956


                ISSN: 2088-8708 

Int J Elec & Comp Eng, Vol. 13, No. 3, June 2023: 3266-3280 

3280 

 

Muhammad Muslih Mafruddin     is an engineer in PT PLN (Persero) Holding, a 

state-owned power company in Indonesia. Currently responsible for power plant engineering 

to solve corporate issues. He can be contacted at muhammad.muslih@pln.co.id. 

  

 

Oksa Prasetyawan     is an engineer in the transmission and distribution investigation 

division at PT PLN (Persero) Research Institute, a state-owned power company in Indonesia. 
Currently responsible for investigation to solve corporate issues. He can be contacted at 

oksa.prasetyawan@pln.co.id. 

  

 

Kensianesi     is an engineer in the transmission and distribution investigation 

division at PT PLN (Persero) Research Institute, a state-owned power company in Indonesia. 

Currently responsible for investigation to solve corporate issues. She can be contacted at 

kensianesi@pln.co.id. 

  

 

Istiqomah     is a power system engineer in the transmission and distribution 

investigation division at PT PLN (Persero) Research Institute, a state-owned power company 

in Indonesia. Currently responsible for research and development to solve corporate issues. She 

can be contacted at istiqomah94@pln.co.id. 

  

 

Nur Cahyo     is an engineer in the power generation division at PT PLN (Persero) 

Research Institute, a state-owned power company in Indonesia. Currently responsible for 

research and development to solve corporate issues. He can be contacted at email 
nurcahyo3@pln.co.id. 

  

 

Fefria Tanbar     is an engineer in the power generation division at PT PLN 

(Persero) Research Institute, a state-owned power company in Indonesia. Currently 
responsible for research and development to solve corporate issues. He can be contacted at 

fefria.t@pln.co.id. 

 

mailto:kensianesi@pln.co.id
https://orcid.org/0000-0003-0642-873X
https://scholar.google.co.id/citations?user=yJdI9lcAAAAJ&hl=id&oi=ao
https://www.scopus.com/authid/detail.uri?authorId=57215834194
https://orcid.org/0000-0002-2020-6781
https://www.scopus.com/results/authorNamesList.uri?sort=count-f&src=al&sid=5285bd762497a936cfb666c387d5aab3&sot=al&sdt=al&sl=45&s=AUTHLASTNAME(Prasetyawan)+AND+AUTHFIRST(Oksa)&st1=Prasetyawan&st2=Oksa&orcidId=&selectionPageSearch=anl&reselectAuthor=false&activeFlag=true&showDocument=false&resultsPerPage=20&offset=1&jtp=false&currentPage=1&previousSelectionCount=0&tooManySelections=false&previousResultCount=0&authSubject=LFSC&authSubject=HLSC&authSubject=PHSC&authSubject=SOSC&exactAuthorSearch=false&showFullList=false&authorPreferredName=&origin=searchauthorfreelookup&affiliationId=&txGid=24ea6c6d85cb742e5ef37778ddaa9f77
https://orcid.org/0000-0003-2346-365X
https://orcid.org/0000-0002-4953-2433
https://orcid.org/0000-0003-3399-4788
https://scholar.google.co.id/citations?user=Kocq-YYAAAAJ&hl=id&oi=ao
https://www.scopus.com/authid/detail.uri?authorId=57211146040
https://orcid.org/0000-0002-3280-8288
https://scholar.google.co.id/citations?user=lcJLB0oAAAAJ&hl=id&oi=ao

