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Abstract 
 

Phenomena such as corona discharge (CD) still occurs in many electrical 

systems in Indonesia. As a first step for early detection of insulation failure. 

Identification of CD acoustic in this study namely clustering based on voltage 

and based on noise. So that the CD acoustic classification is set into 3 clusters. 

In addition, this study also classifies CD acoustic based on noise with three 

clusters, namely pure CD, CD with noise, and pure noise. Clustering was 

performed using the linear predictive coding (LPC) method as feature 

extraction, then a comparison of pattern matching results of feature extraction 

was performed using Euclidean distance (ED), hidden Markov model (HMM) 

and fuzzy cluster mean (FCM). The temperature in the cubical is between 27.5 

℃ - 35.3 ℃ and humidity ranges from 70% - 95%. The results of clustering 

accuracy on the average base voltage using the ED, HMM and FCM methods 

were obtained respectively 100%, 100% 93.93% for training data and 80.74%, 

84.44%, 80.55% for testing data. While the results of the average base noise 

clustering accuracy using the ED, HMM and FCM methods were obtained 

respectively 100%, 100%, 94.69% for training data and 100%, 100%, 100% for 

testing data. 
 

Keywords: Corona discharge, linear predictive coding, Euclidean distance, 

hidden Markov model, fuzzy c-means 

 

Abstrak 
 

Fenomena corona discharge (CD) masih kerap berlaku dalam sistem elektrik 

di Indonesia. Sebagai langkah pertama dalam pengesanan awal kegagalan 

penebat. Pengenalpastian akustik CD dalam penyelidikan ini adalah 

pengelompokan berdasarkan voltan dan berdasarkan hingar. Jadi klasifikasi 

akustik CD disusun kepada 3 kelompok. Selain itu, kajian ini juga 

mengklasifikasikan CD akustik berdasarkan hingar dengan tiga kelompok iaitu 

CD tulen, CD bunyi bising, dan hingar tulen. Pengekstrakan dilakukan 

menggunakan kaedah pengekodan ramalan linear (LPC) sebagai 

pengekstrakan ciri, kemudian perbandingan padanan pola hasil 
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1.0 INTRODUCTION 
 

The total installed capacity and number of PLN 

generating units in Indonesia reached 44,174.79 MW, of 

which 30,970.93 MW (64.24%) were in Java. The installed 

capacity and number of distribution substation 

transformers is 61,556 MVA and 527,544 units [1]. Based 

on such a large capacity, it requires nearly three 

cubicles more than the number of installed distribution 

transformer units [2]. As an illustration, cubicle damage 

has occurred due to the corona discharge of more 

than 300 units yearly at the Distribution Substation of PT. 

PLN (Persero) Distribution Jaya and Tangerang. This 

problem can be overcome by immediately carrying 

out repairs, but information about the condition of the 

cubicle can only be known by visiting the location of 

the cubicle [3]. Figure 1 is an example of 20 kV cubicle 

damage due to CD. 
 

 
 

Figure 1 Cubicle Condition Due to Corona Discharge 
 

 

Based on the many cases of damage that occurred, 

an experimental simulation was carried out. In this 

experiment, two electrodes were arranged, and 

conditions that could trigger corona discharger 

symptoms were manipulated [4]. This can happen 

because the electrode which is affected by the electric 

field will result in an ionization process that can cause 

positive ions or electrons in the medium voltage cubicle 

insulation of 20 kV. These positive ions or electrons will 

gather at one point in the form of a flood of electrons, 

which can then cause acoustic emission or become a 

source of acoustic. If the flood of electrons at this point 

increases, the greater the acoustic generated by the 

electrodes [1]. So, the parameter for measuring the 

symptoms of corona discharge can be measured by 

the size of the acoustic level. In this study, identification 

of the acoustic of the corona discharge was carried out 

based on the voltage level and the influence of noise 

from the surrounding environment [5]. 

Most of the identification of corona discharge is 

carried out in a laboratory environment and a noise-

free environment. Research [6] discusses the detection 

of corona discharge acoustic using a microphone on a 

laboratory scale but cannot distinguish noise 

automatically. Then, in research [7], acoustic emission 

waves are used to avoid noise. The weakness of this 

acoustic emission method lies in the placement of the 

sensor in the high-voltage cable [8], and the sensor 

cannot work or measure perfectly because the 

induction is too high in the high-voltage cable. 

Meanwhile, the microphone sensor is a sensor for 

detecting acoustic waves in the area being detected 

or measured [9]. However, in reality, the corona 

discharge measurements in the field experience lower 

detection sensitivity due to external noise interference 

or noise [10]. So, in this study, other than stress-based 

tests were also carried out, observations were also 

carried out close to field conditions, namely the 

presence of noise from cubicle equipment [11]. 

 Processing of measurement data based on 

categories on measured decibel values so that it can 

be read how severe the insulation failure is [12]. The 

linear predictive coding (LPC) method is a method that 

has long been known and is reliable for obtaining 

feature extraction from any acoustic, so that the 

recorded corona discharge acoustic is then calculated 

for feature extraction using the LPC method. After this 

feature extraction is obtained, pattern matching is 

carried out using the Euclidean distance (ED) method, 

hidden Markov models (HMM), and fuzzy c-means 

(FCM). The ED method is used because of its simplicity 

which is only based on calculating the distance using 

the Pythagorean theorem [13], [14]. The FCM method is 

used because it can conclude vague problems, is 

based on fuzzy measures, and is an unsupervised 

learning category [15], [16], [17], [18]. Meanwhile, HMM 

is chance-based and has been known for quite a long 

pengekstrakan ciri dijalankan menggunakan jarak Euclidean (ED), model 

Hidden Markov (HMM) dan min kelompok kabur (FCM). . Suhu di dalam kiub 

adalah antara 27.5 ℃ - 35.3 ℃ dan kelembapan antara 70% - 95%. Keputusan 

ketepatan pengelompokan pada purata tegasan asas menggunakan 

kaedah ED, HMM dan FCM diperolehi masing-masing 100%, 100% 93.93% 

untuk data latihan dan 80.74%, 84.44%, 80.55% untuk data ujian. Manakala, 

keputusan purata ketepatan pengelompokan hingar asas menggunakan 

kaedah ED, HMM dan FCM diperolehi masing-masing pada 100%, 100%, 

94.69% untuk data latihan dan 100%, 100%, 100% untuk data ujian. 

 

Kata kunci: Corona discharge, linear predictive coding, Euclidean distance, 

model hidden Markov, fuzzy c-means. 

 

© 2024 Penerbit UTM Press. All rights reserved 
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time for speech recognition [19], [20], [21], [22]. These 

three methods are used because they have different 

characteristics and calculation bases, so it is hoped that 

the best method will be obtained, as well as being 

unique and contributing to this research. 

Based on the processing of the data obtained, it is 

expected that a corona discharge monitoring system 

will be formed in cubicles in real time. The up-to-date 

conditions that are monitored can be used by 

technicians in order to prevent breakdowns due to 

corona discharge [23]. As a first step, the focus of this 

research is to compare the identification of corona 

discharge acoustic based on voltage and noise using 

ED, HMM, and FCM. In order to obtain a more accurate 

method for identifying CD acoustic based on voltage 

and noise contamination from the noise environment. 

Section 2 discusses the methods used to identify 

(clustering) corona discharge sounds, namely the 

LPC, ED, HMM, and FCM methods. Section 3 

discusses the results obtained starting from 

prototype and design research, data and 

extraction, learning process and results obtained. 

Section 4 contains conclusions about the research 

conducted. 
 

 

2.0 METHODOLOGY 
 

In observing the corona discharge acoustic, this study 

refers to the IEEE Standard for High-Voltage Testing 

Techniques 4 2013-1995 IEEE [24] and IEC TS 62478:2016 

High voltage test techniques - Measurement of partial 

discharges by electromagnetic and acoustic methods 

[25] even though there is no PD detector available to 

collect the data. As for the gap spacing, the vertical 

testing needle-rod electrodes are at 3 cm, and the 

microphone is 5 cm from the gap. The standard 

bandwidth is 40 – 200 kHz, but this research takes a 

bandwidth of 40 kHz. 

The corona discharge acoustic phenomenon was 

observed based on voltage and noise, with each 

classification being carried out ten times. Based on 

preliminary observations, the most miniature 

breakdown was obtained at 34.3 kV, so base voltage 

observations were carried out with voltage 

classifications of 20–24 kV, 25-29 kV, and 30-33 kV, while 

based on noise observations were carried out 

classification with pure CD, CD with noise and noise 

pure. Room temperature ranges from 27.5°C to 35.3°C, 

and humidity ranges from 70% to 95%. 

The data was collected at the High Voltage 

Technology and Equipment Laboratory of the PLN 

Institute of Technology (TPTT ITPLN Lab) for one year 

(February 2021 to February 2022). The data obtained 

was then processed using the MATLAB version 2016b 

program. The clustering flowchart of the corona 

discharge phenomenon based on acoustic has a 

scheme that can be seen in Figure 2. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 2 Flowchart of Corona Discharge Acoustic Identification Based on Voltage and Noise
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2.1 Linear Predictive Coding 

 

The LPC method is a method that has been known for 

a long time for speech recognition. According to [26], 

[27] the advantage of LPC is that it is simple and can 

be applied to various devices. There are two main 

components in LPC, namely Encoding and Decoding. 

Encoding functions examine and decompose the 

voice signal into several parts while decoding 

functions change the acoustic that has been 

recorded. The process of the LPC method is shown in 

Figure 3 [26]. 
 

 
Figure 3 LPC Process as Feature Extraction of Corona 

Discharge Acoustic [13], [14], [15], [26], [27] 

 

with 
�̃�(𝑛) = 𝑠(𝑛) − �̃� 𝑠(𝑛 − 1),               (1) 

where 𝑠 is data/ acoustic signal, 

𝑛 is the number of data in the acoustic 

signal 
0.9 ≤ 𝑎 ≤ 1. 

 
𝑥ℓ(𝑛) = �̃�(𝑀ℓ + 𝑛)                       (2) 

where 𝑀 denotes the number of frames, ℓ =
1,2, … , 𝑀. 
 

�̃�ℓ(𝑛) = 𝑥ℓ(𝑛) 𝑤(𝑛),                          (3) 

where 𝑤(𝑛) = 0.54 − 0.46 cos (
2𝜋𝑛

𝑁−1
) , 0 ≤ 𝑛 ≤ 𝑁 − 1 

𝑟ℓ(𝑚) = ∑ �̃�ℓ(𝑛) �̃�ℓ(𝑛 + 𝑚)

𝑁−1−𝑚

𝑛=0

           (4) 

where 𝑚 = 0,1, … , 𝑝. 

𝑎𝑚 = 𝛼𝑚
(𝑝)

                                  (5) 

with 1 ≤ 𝑚 ≤ 𝑝 

𝐸(0) = 𝑟(0) 

𝑘𝑖 =
{𝑟(𝑖) − ∑ 𝛼𝑗

(𝑖−1)
𝑟(|𝑖 − 𝑗|)𝐿−1

𝑗=1 }

𝐸(𝑖−1)
 

𝛼𝑖
(𝑖)

= 𝑘𝑖 

𝛼𝑗
(𝑖)

= 𝛼𝑗
(𝑖−1)

− 𝑘𝑖𝛼𝑖−𝑗
(𝑖−1)

 

𝐸(𝑖) = (1 − 𝑘𝑖
2) 𝐸(𝑖−1) 

𝑐0 = ln 1                                  (6) 

𝑦𝑚 = 𝑎𝑚 + ∑ (
𝑘

𝑚
)

𝑚−1

𝑘=1

𝑐𝑘𝑎𝑚−𝑘             (7) 

where 1 ≤ 𝑚 ≤ 𝑝. 
 

The stages in Figure 2 above can be explained as 

follows [26], [27]. 

1. Pre-emphasis is a method that can remove 

acoustic noise from the original auditory input. 

Noise is a disturbance or interference from the 

original auditory object that occurs around it. 

2. Frame blocking is the process of dividing acoustic 

signals into the form of acoustic segments. 

3. Windowing is detecting and sorting out acoustic 

signal differences divided into several segments. 

4. Autocorrelation analysis is a step to equalize the 

signal from each frame. 

5. LPC analysis this is the part that converts the 

magnitude of the autocorrelation analysis results 

into the magnitude of the LPC parameter 

(logarithmic area ratio coefficient, reflection 

coefficient, and LPC coefficient). 

6. Cepstral analysis converts LPC parameters into 

cepstral coefficients using the Fourier transform. 

 

2.2 Euclidean Distance 

 

Euclidean distance is used to measure the level of 

similarity of the feature extraction results on the data 

to be tested (all data) with all training data 

concerning the Pythagorean formula as follows: 

 

𝐸𝑑𝑖𝑗 = √∑ ∑(𝑊𝑖 − 𝑌𝑗)
2

𝑛

𝑗=1

𝑚

𝑖=1

                                        (8) 

where  𝐸𝑑𝑖𝑗 : Euclidean distance 

 𝑊𝑖 : Data training (LPC output) 

  𝑌𝑗  : Data testing  (LPC output) 

 

The greater the value obtained, the smaller the 

degree of similarity between the training and test 

data. Conversely, the smaller the value received, the 

greater the level of similarity between the training 

data and the test data [13], [14], [28]. 

 

2.3 Hidden Markov Model 

 

The standard hidden Markov model (NHMM) is a 

secret Markov model ሼ𝑋𝑡 , 𝑌𝑡ሽ𝑡∈ℕ that assumes the 

probability  𝑌𝑡 of observing 𝑋𝑡 provided that it is known 

to have a normal distribution. ሼ𝑋𝑡ሽ𝑡∈ℕ The event's cause 

is deemed not to be followed and forms a Markov 

chain with state space 𝑆𝑋 = ሼ1,2, ⋯ , 𝑚ሽ. The main 

problem with the hidden Markov model is maximizing 

the likelihood function of the 𝑌 observation process 

which is defined as follows [26], [27], [19], [20]. 

 
𝐿𝑇(𝜙) = 𝑃(𝑌1 = 𝑦1, 𝑌2 = 𝑦2, … , 𝑌𝑇 = 𝑦𝑇|𝜙) 
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= ∑ … ∑ (𝜋𝑦1𝑖1
𝜋𝑦2𝑖2

… 𝜋𝑦𝑇𝑖𝑇
)

𝑚

𝑖𝑇=1

𝑚

𝑖1=1

× (𝛿𝑖1
𝛾𝑖1𝑖2

𝛾𝑖2𝑖3
… 𝛾𝑖𝑇−1𝑖𝑇

) 

= ∑ … ∑ 𝛿𝑖1
𝜋𝑦1𝑖1

∏ 𝛾𝑖𝑡−1𝑖𝑡
𝜋𝑦𝑡𝑖𝑡

𝑇

𝑡=2

𝑚

𝑖𝑇=1

𝑚

𝑖1=1

.                               (9) 

 

In this research, 𝑦1, 𝑦2, .  .  .  , 𝑦𝑇 are a feature extraction 

of the corona discharge acoustic using the linear 

predictive coding (LPC) method. In order to maximize 

the likelihood function, parameter estimation is carried 

out, namely the mean, variance and transition matrix 

from the normal hidden Markov model. Optimization 

of the likelihood function in equation (9) is carried out 

using the Expectation Maximization (EM algorithm) 

iteratively, with each formulation as follows [20], [22]. 

 

𝜇𝑖
(𝑘+1)

=
∑ 𝛼𝑡

(𝑘)
(𝑖)𝛽𝑡

(𝑘)
(𝑖)𝑦𝑡

𝑇
𝑡=1  

∑ 𝛼𝑡
(𝑘)

(𝑖)𝛽𝑡
(𝑘)

(𝑖)𝑇
𝑡=1

,                   (10) 

𝜎𝑖
2(𝑘+1)

=
∑ 𝛼𝑡

(𝑘)
(𝑖)𝛽𝑡

(𝑘)
(𝑖) (𝑦𝑡 − 𝜇𝑖

(𝑘+1)
)

2
𝑇
𝑡=1  

∑ 𝛼𝑡
(𝑘)

(𝑖)𝛽𝑡
(𝑘)

(𝑖)𝑇
𝑡=1

      (11) 

𝛾𝑖𝑗
(𝑘+1)

=
∑ 𝛼𝑡

(𝑘)
(𝑖)𝛾𝑖𝑗

(𝑘)
𝑃(𝑘)(𝑦𝑡+1|𝑗)𝛽𝑡

(𝑘)
(𝑗)𝑇−1

𝑡=1  

∑ 𝛼𝑡
(𝑘)

(𝑖)𝛽𝑡
(𝑘)

(𝑖)𝑇−1
𝑡=1

.     (12) 

 

with 𝛼𝑡(𝑖) = 𝑃(𝑌1 = 𝑦1, 𝑌2 = 𝑦2, … , 𝑌𝑡 = 𝑦𝑡, 𝑋𝑡 = 𝑖|𝜙) and 

𝛽𝑡(𝑖|𝜙) = 𝑃(𝑌𝑡+1 = 𝑦𝑡+1, … , 𝑌𝑇 = 𝑦𝑇|𝑋𝑡 = 𝑖, 𝜙) can be 

calculated recursively using forward and backward 

algorithms respectively. These results are then used for 

clustering the corona discharge phenomenon both 

for voltage and noise by taking into calculate the 

maximum likelihood. 

 

2.4 Fuzzy c-Means 

 

Fuzzy c-Means (FcM) is a method used for clustering 

data based on the parameters of the mean and 

degree of membership with the principle of fuzzy 

logic. The main problem of the FcM method is to 

minimize the error of the FCM Objective Function as 

follows [29], [30],[31], [32]. 
 

𝐽𝑚(𝑈, 𝑣) =  ∑ ∑(𝑈𝑖𝑘)𝑚‖𝑥𝑘 − 𝑣𝑖‖2                       (13)

𝑐

𝑖=1

𝑛

𝑘=1

 

 

The results of feature extraction of the corona 

discharge data (𝑦1, 𝑦2, .  .  .  , 𝑦𝑇) use the linear 

predictive coding (LPC) method, then input them to 

the FcM method to minimize the error which in line with 

estimating the FCM parameters, namely the mean 

and degree of membership. Error minimization in 

equation (13) is carried out by iteration using the 

following formula [29], [33], [34]. 

 

(𝑣𝑖
∗) =

∑ (𝑢𝑖𝑘
∗ )𝑚 𝑦𝑘

𝑛
𝑘=1

∑ (𝑢𝑖𝑘
∗ )𝑚 𝑛

𝑘=1

                              (14) 

𝑢𝑖𝑘
∗ =  (∑ 𝑎𝑖𝑗𝑘

∗

𝑐

𝑗=1

)

−1

                                (15) 

With v cluster centers and u degrees of membership. 

These results are then used for clustering the corona 

discharge phenomenon both for voltage and noise 

by paying attention to the smallest error [35]. 

 

 

3.0 RESULT AND DISCUSION 

 
3.1 Prototype and Design Research 

 

The prototype and design that was carried out can be 

seen in Figure 4 and Figure 5 below. 

 
 

Figure 4 Prototype of Corona Discharge Acoustic Recording 

in Cubicle 20 kV 

 

 
 

Figure 5 Research design of Corona Discharge Acoustic 

Recording in Cubicle 20 kV 

 

 

Figure 4 is the prototype in this study, Figure 5 is the 

design of the corona discharge acoustic recording 

which was carried out at the Laboratorium High 

Voltage Institut Teknologi PLN which is generated by a 

test transformer with a 200 V scale ratio that can be 

step up to 100 kV. Based on the results of observations 

made as a preliminary analysis of the study, the 

breakdown voltage was 34.3 kV. So that in this study 

the recording of the corona discharge acoustic was 

carried out starting from a voltage of 20 kV and then 

increasing it gradually so that three corona discharge 

acoustic clusters were formed, namely 20-24 kV, 25-29 

kV and 30-33 kV. In addition, noise-based CD acoustic 

data was also collected with three categories, 

namely pure CD, CD with noise and pure noise [36]. 

The observed temperature conditions in the cubicle 

during data collection ranged from 27.5 ℃ to 35.3 ℃ 

and humidity ranged from 70% to 95%. During the 
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period the increase in voltage is accompanied by a 

process of recording the acoustic of the corona 

discharge that occurs between the two electrodes 

with a distance between the electrodes of 3 cm [37]. 

As for acoustic recording using a microphone device 

that is 5 cm from the sidelines of the electrodes, then 

the results of the recording are saved to a computer 

for processing [38]. 

 

3.2 Data and Extraction of Corona Discharge 

Acoustic 

 

The research design in Figure 5 is used to record the 

corona discharge acoustic based on voltage with 

each cluster 20-24 kV, 25-29 kV, 30-33 kV and based 

on noise with each cluster pure CD, CD with noise and 

pure noise which can be seen in Figure 6 [39]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

     (a)  

 

 

 

 

 

 

 

 

 

       (b) 
 

Figure 6 Corona Discharge Acoustic (a) Based on Voltage 

(b) Based on Noise 

 

 

The acoustic data in Figures 6(a) and 6(b) are then 

calculated using equations (1) − (5) so that LPC 

parameters are obtained, then for the feature 

extraction obtained to be more robust it is analyzed 

using the Fourier transform [15] using Equation (6) − (7) 

and produce LPC cepstral coefficients in Figures 7(a) 

and 7(b) respectively. 

 

(a) (b) 
Figure 7 LPC Cepstral Coefficient of Corona Discharge 

Acoustic (a) Based on Voltage (b) Based on Noise 

Figure 7(a) is similar because there is no outside 

interference (noise), so it is possible to obtain only 

moderately accurate results [40]. Meanwhile, Figure 

7(b) differs significantly due to noise effects, so it is 

expected to provide exact clustering results. Feature 

extraction in cepstral LPC is then used as input for the 

Euclidean distance, HMM, and FCM methods for 

identifying/clustering corona discharge acoustic. 

 

3.3 Learning Process and Results of Corona 

Discharge Acoustic Identification 

 

The feature extraction results obtained for both based 

on voltage and based on noise using the LPC method 

in Figures 7(a) and 7(b) are then used as input to 

identify both, i.e., training data compared to training 

data and training data correspond to testing data 

using Euclidean distance, HMM, and FCM. 

The results of identifying CD acoustics based on 

voltage and noise using ED are only calculated by 

calculating the shortest distance between CD data 

using equation (8) so that the analysis process is 

carried out without any learning process. Meanwhile, 

with the HMM and FCM methods, identification is 

carried out by a learning process: looping to optimize 

the objective function. The HMM method is carried out 

by maximizing the likelihood function in equation (9) 

and FCM by minimizing the difference in distance in 

equation (13). The formula for looping used for HMM is 

equation (10)-(12), and FCM uses equation (14)-(15). 

The results obtained during the learning process for 

both HMM and FCM can be seen in Figure 8 below. 

 

 
(a)  

(b) 
Figure 8 Learning Process of Corona Discharge Acoustic 

Identification (a) HMM (b) FCM 

 

 

Figure 8 shows that the learning processes for both 

HMM and FCM in acoustic CD have optimized their 

respective objective functions, this indicates that the 

method used for CD acoustic identification has been 

validated. The results of the CD base learning process 

acoustic identification above, based on voltage, can 

be seen in Figure 9, where 9(a) uses the Euclidean 

distance method, 9(b) uses the hidden Markov model 

method, 9(c) uses the Fuzzy c-mean method. The 

identification based on noise can be seen in Figure 10, 

where 10(a) uses the Euclidean distance method, 

10(b) uses the hidden Markov model method, and 

10(c) uses the Fuzzy c-mean method. This process is 
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repeated with the treatment from 1 data training - 9 

data testing up to 9 data training - 1 data testing in 

each corona discharge acoustic treatment cluster. 

Identification of CD acoustic based on voltage 

using ED can be seen in Figure 9(a) where the rows 

correspond to all data, both training data and testing 

data, columns correspond to training data where 

columns 1-5 are training data for a voltage of 20-24 kV 

( cluster 1), columns 6-10 are training data for a 

voltage of 25-29 kV (cluster 2), columns 11-15 are 

training data for a voltage of 30-33 kV (cluster 3). 

Clustering results are obtained based on the smallest 

Euclidean distance value in Figure 9(a). So that the 

accuracy obtained can be seen in Table 1. 

 
Table 1 Accuracy of CD acoustic Identification Based on 

Voltage Using ED 
 

No. 

Training Testing 

Amount 

of Data 

Accuracy 

(%) 

Amount of 

Data 

Accuracy 

(%) 

1 1 100 9 70.37 

2 2 100 8 83.33 

3 3 100 7 80.95 

4 4 100 6 77.78 

5 5 100 5 73.33 

6 6 100 4 91.67 

7 7 100 3 88,89 

8 8 100 2 100 

9 9 100 1 100 

Average 100 % 80.74 % 
 

 

Table 1 shows the identification of CD acoustic 

based on voltage using ED with an average accuracy 

of 100% for training and 80.74% for testing. 

Identification of CD acoustic based on voltage 

using HMM can be seen in Figure 9(b) where the rows 

correspond to all data, both training data and testing 

data, columns correspond to training data where 

columns 1-5 are training data for a voltage of 20-24 kV 

( cluster 1), columns 6-10 are coaching data for a 

voltage of 25-29 kV (cluster 2), columns 11-15 are 

training data for a voltage of 30-33 kV (cluster 3). 

Clustering results are obtained based on the most 

significant likelihood value in Figure 9(b). So that the 

accuracy obtained can be seen in Table 2. 

 
Table 2 Accuracy of CD acoustic Identification Based on 

Voltage Using HMM 

 

No. 

Training Testing 

Amount 

of Data 

Accuracy 

(%) 

Amount of 

Data 

Accuracy 

(%) 

1 1 100 9 88.89 

2 2 100 8 83.33 

3 3 100 7 80.95 

4 4 100 6 77.78 

5 5 100 5 73.33 

6 6 100 4 91.67 

7 7 100 3 88,89 

8 8 100 2 100 

9 9 100 1 100 

Average 100 % 84.44 % 

Table 2 shows the identification of the CD acoustic 

based on voltage using HMM, which obtained an 

average accuracy of 100% for training and 84.44% for 

testing. 

The identification of CD acoustics based on 

voltage using FCM can be seen in Figure 9(c), where 

the rows correspond to all training and testing data, 

and columns 1-3 correspond to clusters 1-3. Clustering 

results are obtained based on the value of the smallest 

distance between the data and the cluster center 

formed by FCM, which can be seen in Figure 9(c). So 

that the accuracy obtained can be seen in Table 3. 

 
Table 3 Accuracy of CD acoustic identification Based on 

Voltage Using FCM 

 

No. 

Training Testing 

Amount 

of Data 

Accuracy(

%) 

Amount of 

Data 

Accuracy 

(%) 

1 1 - 9 - 

2 2 83.33 8 83.33 

3 3 100 7 80.95 

4 4 100 6 77.78 

5 5 100 5 73.33 

6 6 94.44 4 75 

7 7 90.47 3 100 

8 8 83.33 2 66.67 

9 9 100 1 100 

Average 93.93 80.55 
 

 

Table 3 shows the identification of the CD acoustic 

based on voltage using FCM, which obtained an 

average accuracy of 93.93% for training and 80.55% 

for testing. 

The identification of CD acoustics based on noise 

using ED can be seen in Figure 10(a), where the 

readings are similar to Figure 9(a). So that the 

accuracy obtained can be seen in Table 4. 

 
Table 4 Accuracy of CD acoustic Identification Based on 

Noise Using ED 

 

No. 

Training Testing 

Amount 

of Data 

Accuracy 

(%) 

Amount of 

Data 

Accuracy 

(%) 

1 1 100 9 100 

2 2 100 8 100 

3 3 100 7 100 

4 4 100 6 100 

5 5 100 5 100 

6 6 100 4 100 

7 7 100 3 100 

8 8 100 2 100 

9 9 100 1 100 

Average 100 % 100 % 

 

 

Table 4 shows the identification of CD acoustic based 

on noise using ED with an average accuracy of 100% 

for training and 100% for testing. 
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Figure 9 Identification of CD Acoustic Based on Voltage using (a) Euclidean Distance (b) hidden Markov models (c) Fuzzy c-Mean 
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(c) 

Figure 10 Identification of CD Acoustic Based on Noise using (a) Euclidean Distance (b) hidden Markov models (c) Fuzzy c-Mean
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Identification of CD acoustic based on noise using 

HMM can be seen in Figure 10(b) where the readings 

are similar to Figure 9(b). So that the accuracy 

obtained can be seen in Table 5. 
 

Table 5 Accuracy of CD acoustic Identification Based on 

Noise Using HMM 

 

No. 

Training Testing 

Amount 

of Data 

Accuracy 

(%) 

Amount of 

Data 

Accuracy 

(%) 

1 1 100 9 100 

2 2 100 8 100 

3 3 100 7 100 

4 4 100 6 100 

5 5 100 5 100 

6 6 100 4 100 

7 7 100 3 100 

8 8 100 2 100 

9 9 100 1 100 

Average 100 % 100 % 

 

 

Table 5 shows the CD acoustic identification based 

on noise using HMM, which obtained an average 

accuracy of 100% for training and 100% for testing. 

Identification of CD acoustic based on noise using 

FCM can be seen in Figure 10(c) where the readings 

are similar to Figure 9(c). So that the accuracy 

obtained can be seen in Table 6. 

 
Tabel 6 Accuracy of CD acoustic Identification Based on 

Noise Using FCM 

 

No. 

Training Testing 

Amount 

of Data 

Accuracy 

(%) 

Amount of 

Data 

Accuracy 

(%) 

1 1 - 9 - 

2 2 100 8 100 

3 3 88.89 7 100 

4 4 91.67 6 100 

5 5 93.33 5 100 

6 6 94.44 4 100 

7 7 95.24 3 100 

8 8 95.83 2 100 

9 9 96.29 1 100 

Average 94.69 100 

 

 

Table 6 shows the identification of CD acoustics 

based on noise using FCM, which obtained an 

average accuracy of 94.69% for training and 100% for 

testing. The average training accuracy is smaller than 

the intermediate testing because the training data is 

more spread out than the testing data. Furthermore, 

in Table 6, when the training data is 1 data, the training 

process cannot be carried out according to [32] as 

stated in the formula in equations (13)-(15). 

The results of CD acoustic identification based on 

voltage with each method can be seen in Table 1-3. 

The CD acoustic identification based on noise with 

each technique can be seen in Table 4-6. The results 

are summarized in Table 7. 

Table 7 Recapitulation of CD acoustic identification Based 

on Voltage and Noise Using ED, HMM, FCM 

 

No. Method Accuracy Mean (%) 

Base on Voltage Base on Noise 

Training Testing Training Testing 

1 ED 100 80.74 100 100 

2 HMM 100 84.44 100 100 

3 FCM 93.93 80.55 94.69 100 

 

 

Based on Table 7 for CD acoustic identification 

based on voltage, HMM obtained the best average 

accuracy of 100% for training and 84.44% for testing, 

followed by Euclidean with 100% accuracy for training 

and 80.74% for testing, and FCM with 93.93% accuracy 

for training and 80.55% for testing. While identifying CD 

base noise, HMM and ED obtained the best average 

accuracy of 100% for training and testing. Finally, FCM 

had an accuracy of 94.69% for training and 100% for 

testing. FCM has the least accuracy because this 

method is included in the unsupervised learning 

category, which has the advantage when the cluster 

category indicators are unknown. So, when the cluster 

indicators are unknown, the FCM method will still be 

reliable, while the HMM and ED methods cannot be 

used. 

 

 

4.0 CONCLUSION 
 

In this research, the corona discharge (CD) acoustic 

recording was carried out directly at the High Voltage 

Equipment and Technology Laboratory of the PLN 

Institute of Technology. The recording of the CD 

acoustic started with a voltage of 20 kV and then 

increased gradually before breakdown voltage 

occurs 34.3 kV so that three clusters of CD acoustic 

were formed, namely 20-24 kV, 25-29 kV and 30-33 kV. 

In addition, noise-based CD acoustic data was also 

collected with three categories, namely pure CD, CD 

with noise and pure noise. The observed temperature 

conditions in the cubicle during data collection 

ranged from 27.5 ℃ to 35.3 ℃ and humidity ranged 

from 70% to 95%. During the voltage regulation period, 

it is accompanied by a recording process of the CD 

acoustic that occurs between the two electrodes with 

a distance between the electrodes of 3 cm. 

Recording is done using a microphone device that is 

5 cm from the sidelines of the electrodes. The results of 

the recording are then processed using the LPC, 

Euclidean distance, HMM, and FCM methods. The 

results of clustering accuracy on the average base voltage 

using the ED, HMM and FCM methods were obtained 

respectively 100%, 100% 93.93% for training data and 80.74%, 

84.44%, 80.55% for testing data. While the results of the 

average base noise clustering accuracy using the ED, HMM 

and FCM methods were obtained respectively 100%, 100%, 

94.69% for training data and 100%, 100%, 100% for testing 

data. Identification of the CD acoustic based on 

voltage acoustic obtained the highest average 

accuracy using the HMM method, namely 100% for 

training data and 84.4% for testing data. Meanwhile, 
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identification of the CD acoustic based on noise was 

obtained using the HMM and ED methods, namely 

100% for both training and testing data. 
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