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Abstract –This study compares the performance of different 

artificial intelligence (AI) based algorithms/ classifiers used for 

partial discharge (PD) classification during insulation 

diagnostics in power components. During PD measurements, a 

considerable amount of data is collected, and processing such a 

huge amount of data is time-consuming and expensive. The 

useful PD signals can be extracted from the measurements, and 

AI-based algorithms can be used to process those signals for 

classification and diagnostics purposes. In this work, the data is 

collected from three different PD sources, namely, corona, 

internal, and surface in the high voltage laboratory. Each 

measurement consists of the PD activity captured in the form of 

power frequency cycles. The single PD pulses are extracted from 

the measured signals using the segmentation method. For 

features extraction, at first discrete wavelet transform (DWT) 

technique is applied on single pulses, and then statistical 

parameters (mean, standard deviation, skewness, and kurtosis) 

are applied to the extracted features. To classify different PD 

sources, two different classifiers, support vector machine (SVM) 

and k-nearest neighbors (KNN) with their types, are applied to 

extracted features. The performance of each classifier is 

evaluated using the accuracy performance indicator by varying 

the amount of input PD data from each PD source. The 

developed understanding will enable researchers/asset managers 

to extract the required amount of data from the field 

measurements. 

Keywords: Partial Discharge, Condition Monitoring, Artificial 

Intelligence, Machine Learning, Performance Evaluation 

I.  INTRODUCTION 

Partial discharge (PD) occurs due to insulation degradation, 

and PD measurement is an essential technique to diagnose the 

electrical insulation in power components. PD monitoring 

indicates incipient faults/early generating faults, especially for 

those components in which PD is not observed in regular 

operation. The PD faults/incipient faults in power components 

can be classified as corona PDs, surface PDs, and internal PDs 

[1], [2]. Corona PD is not considered a critical issue compared 

to surface PD and internal PD because corona PD does not 

directly degrade the insulation of power components. Surface 

and internal PDs considerably impact the insulation of power 

components. Because energetic particles in the discharge 

process directly interact with the insulation, that results in 

insulation degradation and eventually leads to power 

component breakdown [1]. 

 

In power systems, the accuracy of diagnosis of power 

components determines the reliability and efficiency of the 

power network. Condition monitoring is essential to estimate 

power components' state and avoid unplanned 

outages/maintenance. Automated tools are gradually 

replacing human involvement in deciding the actual fault 

conditions. Emerging technologies such as Artificial 

Intelligence (AI) are being used as advanced tools to automate 

the condition monitoring process for detecting incipient faults 

at an early stage. Similarly, Machine Learning (ML) 

algorithms are becoming an increased interest for researchers 

to avoid unintentional failures in the power network. For 

researchers or algorithm developers, selecting ML algorithms 

is critical because it mostly depends on the input data. In 

addition, the accuracy of results has been deemed carefully 

during the processing of features extracted from the huge data 

[3]. 

 

Researchers have made many successful attempts by 

utilizing AI and ML algorithms to classify PD defects, and 

their contributions are published as research papers. Many 

machine learning algorithms are used in the literature for PD 

classification, such as; decision tree (DT), Support Vector 

Machine (SVM), k-nearest neighbors (KNN) and Artificial 

Neural Networks (ANN). Researchers in [4] tested the 11 kV 

XPLE cable for the classification of PD faults using ANN and 

SVM. In [5], the authors compared the classification results of 

SVM, KNN, DT and Back Propagation Neural Network 

(BPNN) methods on a similar cable type. Good enough results 

were also achieved by the KNN method and for some features 

by DT. The SVM was also used in [6] and [7] to classify 

defects in the power switchgear and transformer insulation. 

 

The questions such as; what amount of data, the features 

used by the classifiers, and which algorithm or classifier has 

better performance are important to consider when applying 

AI-based solutions. The answers to the above questions are 

not straightforward and need many experiments and data 

analysis tasks. Our previous studies [2], [8] have found 

suitable features and classifiers. This study investigates the 

performance of classifiers by varying the total amount of data 

and data sets of each PD defect by keeping the same features 

and classifiers used in previous work [2], [8]. Identifying PD 

types is needed to carry out the maintenance strategy of 

observed components for repairing or replacing. For 

identification, AI /ML algorithms have been widely used for 

PD classification. The two standard algorithms/classifiers 

used for PD classification are SVM and KNN [8]. 

 

This research paper aims to evaluate the performance of AI-

based methods for classifying PD data from different sources. 

We will use two classification algorithms: SVM and KNN, 

with their types. The SVM and KNN classifiers with their six 

types will be used for different case studies to classify PD data 

sets for different PD defects and identify the best-performing 

classifier based on accuracy.  

Evald and Hilda Nissi Foundation scholarship and Estonian Research 

Council (PSG 632) support this work 



 

Page number will be marked later 

The structure of this paper is as follows: Section II 

describes the Experimental Setup for PD defects preparation 

and measurement, and section III explains the methodology 

for the diagnosis process (data collection, data preprocessing, 

features extraction and data classification). The results and 

discussion are presented in section IV, and the conclusion is 

provided in section V.  

 

II. EXPERIMENTAL SETUP 

In this paper, the classification of three types of PD sources 

(corona, surface and internal) is carried out. The measurements 

were taken from the experiments that were made at the High 

Voltage Laboratory of the University of Vaasa, Finland. In this 

experimental setup, two separate cables with a nominal 

insulation thickness of 5.5 mm and a length of 3.3 meters were 

used to measure internal and surface PDs. For the corona PD 

source, a pin-plate electrode was used where a pin with a sharp 

edge is kept at a distance of a few millimeters (mm) from the 

plate. Surface discharges were produced by disconnecting the 

stress cone at one end of the first cable. The internal discharges 

were created by a deep cut on the cable's outer jacket down to 

the insulation of the second cable[9]. These PD sources are 

shown in Fig. 1.  

The experimental setup layout is depicted in Fig 2. The 

setup was developed according to the requirements of the IEC 

60270 standard for PD measurements. For PD measurements 

from this experimental setup, a high voltage coupling capacitor 

of voltage rating 100 kV and capacitance one nF was 

connected with a high-frequency current transformer (HFCT). 

The HFCT had a transfer ratio of 1:10 and a bandwidth of 80 

MHz (-3dB). A high-frequency digital storage oscilloscope 

was connected with the HFCT via a coaxial cable, and PD data 

were measured at a sampling frequency of 250 mega samples 

per second (MS/s).  

 

 
                 (a)                          (b)                          (c) 

Figure 1.  PD sources (a) corona (b) surface (c) internal  

 

Figure 2.  Measurement Setup            

The PD sources were energized for each case (corona, internal 

and surface) using a high voltage power transformer, and the 

voltage was increased up to the PD inception voltage (PDIV) 

level. The measurement was carried out at an applied voltage 

greater than the PDIV, and measured data was stored in 

computers for analysis and classification purposes [9].                                                                                                                           

III. METHODOLOGY 

Data-driven faults diagnosis process is widely used for 

condition monitoring of power components. This process is 

divided into four steps: data collection, data preprocessing, 

feature extraction, and fault classification [10].  

 

A. Data Collection 

In order to measure the PD activity for each PD defect, the 
voltage level from the variable power supply was increased up 
to the stage when PD activity started. The PD inception voltage 
(PDIV) for corona, surface, and the internal defect was 
measured as 11.6 kV, 5.9 kV, and 5.4 kV respectively. The 
applied voltage was increased in order to get a suitable amount 
of PDs. The oscilloscope has the measurement capability of 
capturing 32 measurements at consecutive time instants. For 
this study, the data was measured at 15.3 kV for corona, 13.3 
kV for surface, and 12. 8 kV for internal discharges. 

B. Data Preprocessing 

Data preprocessing of huge and different sources of data is 

a time-consuming and challenging task. The preprocessing 

method and running time depend on the nature of the data that 

is considered. The data of three types of PD defects were 

loaded into MATLAB software for preprocessing of PD data. 

At first, the data of the corona PD source was loaded and 

divided into 75 segments. The segmentation process (splitting 

of data into chunks) is used here to make the data preprocessing 

process easier for the extraction of PD pulses. The peak 

command extracted PD pulses by assigning the threshold value 

of 0.015. This threshold value is selected to remove the noise 

from pulses or extract noise-free pulses. The selection of 

threshold is made after visualizing the original signal. The 

upper and lower bounds for peak selection are defined to 

extract the PD pulses with a width of 1000 samples/data points 

(starting from 50 samples before the peak value). This width is 

kept constant for extracting PD pulses from all three PD 

defects. The process/method for extracting PD pulses from 

other PD sources (Internal and Surface) is the same except for 

the number of segments. For Surface PD, 70 segments are 

selected for extracting PD pulses. Whereas, for internal PDs, 

20 segments were applied. The number of segments is selected 

based on pulses' density and the distance between pulses. 

 

 

Figure 3.  Surface PD signal 
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Figure 4.  A PD pulse extracted from Surface PD activity 

 

The original signal with the number of PD pulses for 

surface PD defect is shown in Fig. 3, consisting of 3125000 

samples (captured with a sampling period of 6.4 ns) for one 

cycle of 20 ms. In contrast, one extracted PD pulse consists of 

1000 samples, as shown in Fig. 4. The extracted PD pulses are 

stored as a separate variable for further processing.  

 

The total number of extracted pulses from a single 

file/measurement of the corona PD source is 21, while the 

extracted pulses from the surface and internal PD sources are 

17 and 6. For the data classification task, several internal PD 

measurements are required to keep the number of pulses close 

to the pulses of corona PD defect for better classification. 

 

C. Features Extraction 

A common data classification approach is extracting the 

useful features and using them as input for classifiers/ML 

algorithms. The dominant features can be extracted using time 

domain and frequency domain analysis, which can be utilized 

as an input for classifiers. Our previous studies[11], [12] have 

indicated that wavelet-based features using the discrete 

wavelet transform (DWT) technique provide promising 

results for PD classification. The DWT symlet type 7 

technique is used in this study to extract the useful features. 

The DWT first takes PD pulses as an input signal and uses its 

high pass and low pass filters to extract the features until level 

4. At level 4, we have five extracted features using DWT. 

Statistical-based features, namely; mean, standard deviation, 

skewness, and kurtosis parameters, are also used in the 

literature [13] for feature extraction from PD signals. In this 

study, we have used these four statistical parameters on the 

extracted DWT-based features that have given us 20 features 

in total that we have used for PD classification.  
 

D. Data Classification 

Commonly used classifiers, support vector machines 

(SVM) and k-nearest neighbors (kNN) are used for the data 

classification of PD defects/faults. 

 

SVM classifier belongs to the supervised learning 

machines group, which can handle complex classification 

problems. SVM is a statistical learning tool that creates 

separating planes for each data class. This learning algorithm 

can be used to classify non-linear PD data using a non-linear 

mapping function in addition to linear PD data. The principle 

of SVM is finding a decision boundary, separating the space 

into two halves. Usually, it needs just a few support vectors, 

the closest ones to the decision boundary [4], [14]. 

 

Figure 5.  Flow chart of classification algorithm 

 

The KNN algorithm uses distance matric to find the k 

closest samples and assigns the new sample to the most 

frequent one of those k samples. The difficult task when using 

the KNN algorithm is determining the correct number for k 

[5],[15]. 

 

The data-driven faults diagnosis process for classification 

of PD defects is shown in Fig. 5, and the procedure for PD 

classification is are summarized as follows: 

 

• The PD data of three types of sources have been 

collected. 

• The source data have been segmented to get useful 

PD pulses. 

• Signal Processing based features have been 

extracted using the DWT technique from source 

data, and statistical parameters are used for further 

extraction of features, as explained in Section 3.3. 

• The extracted features are provided as input to 

classifiers (SVM and KNN) with their types for PD 

classification. 

 

IV. RESULTS AND DISCUSSION 

The two ML classifiers were trained using k-fold cross-

validation (CV). K-fold cross-validation is a well-known 

technique that is used to protect the models against under and 

overfitting. In this work, a 5-fold CV is chosen. The K-fold 

cross-validation technique involves splitting data into k-

subsets/k folds that are chosen randomly. The model is trained 

on k-l folds and validated with the remaining fold. The 

training data are the observations that are not used in the 

validation data set. The final evaluation is the average of all k 

folds [16]. 

 

The performance evaluation of the trained machine 

learning classifiers is usually measured by accuracy. Accuracy 

can be defined as the ratio of a number of correct predictions 

to the total number of predictions. Moreover, for binary 
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classification, accuracy can be calculated in connection with 

positives and negatives values as follows: 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
     () 

 
TP and TN are True Positives and True Negatives, while FP 

and FN are False Positives and False Negatives [4]. 

Nine case studies are investigated in this research paper to 

identify the best classifiers for the different number of data 

sets of each PD defect and to develop the understanding for 

better extraction of the amount of the data from the field 

measurements. Our approach for each case study is to use the 

number of PD pulses of different defects as close as possible 

to the pulses of corona PD defect. In total, thirty-two 

measurements of internal PD defect are utilized in our case 

studies, and thirty-two measurements of internal PD defect are 

used for case study 9. The number of pulses from each PD 

defect and the number of measurements of each PD defect for 

nine case studies are shown Table I.  

TABLE I.   CASE STUDIES FOR DIFFERENT NUMBER OF MEASUREMENTS 

OF PD DEFECTS 

Case  

Type 

 

Number of Measurements  Number of Extracted 

Pulses 

Corona Surface Internal Corona Surface Internal 

1 1 1 3 21 17 18 

2 2 2 7 42 34 42 

3 3 4 11 63 68 66 

4 4 5 14 84 85 84 

5 5 6 17 105 102 102 

6 6 7 21 126 119 126 

7 7 8 24 147 136 144 

8 8 10 28 168 170 168 

9 9 11 32 189 187 192 

 

It can be seen from Table 1 that a more significant number 

of measurements are required from the internal PD source for 

classification purposes. For case study 9, nine measurements 

are taken from corona PD source and eleven measurements 

from surface PD source, while thirty-two measurements are 

taken from internal PD source. These case studies indicate that 

a researcher needs to collect a huge amount of data from 

internal PD sources compared to corona and surface PD 

sources for PD classification. The results for case studies are 

shown in Table II-Table X.  

TABLE II.  RESULTS FOR CASE STUDY 1 

Case Type Classifier Classifier Type Accuracy 

 

 
 

     

 
 

1 

 

 
SVM 

 

 
 

Linear 94.6% 

Quadratic 100.0% 

Cubic 100.0% 

Fine Gaussian 94.6% 

Medium Gaussian 96.4% 

Coarse Gaussian 89.3% 

 

 
KNN 

Fine  98.2% 

Medium 85.7% 

Coarse  37.5% 

Cosine  85.7% 

Cubic  80.4% 

Weighted  98.2% 

TABLE III.  RESULTS FOR CASE STUDY 2 

Case Type Classifier Classifier Type Accuracy 

 

 
 

     

 
 

2 

 

 
SVM 

 

 
 

Linear 100.0% 

Quadratic 100.0% 

Cubic 100.0% 

Fine Gaussian 100.0% 

Medium Gaussian 100.0% 

Coarse Gaussian 93.2% 

 

 
KNN 

Fine  98.3% 

Medium 89.0% 

Coarse  34.7% 

Cosine  89.0% 

Cubic  89.0% 

Weighted  96.6% 

 

TABLE IV.  RESULTS FOR CASE STUDY 3 

Case Type Classifier Classifier Type Accuracy 

 

 

 
     

 

 
3 

 

 

SVM 
 

 

 

Linear 100.0% 

Quadratic 100.0% 

Cubic 100.0% 

Fine Gaussian 100.0% 

Medium Gaussian 100.0% 

Coarse Gaussian 90.4% 

 

 

KNN 

Fine  100.0% 

Medium 95.9% 

Coarse  55.8% 

Cosine  96.4% 

Cubic  96.4% 

Weighted  100.0% 

 

SVM gives 100% accuracy with all its types except for 

Coarse Gaussian SVM, which gives still more than 90% 

accuracy for cases 2 - 7, while 100% accuracy is achieved with 

all types of SVM for cases 8 and 9. From the results of the 

SVM classifier, the understanding can be developed that the 

number of PD pulses should be at least 118 pulses (seven 

measurements of internal=42 pulses, two measurements of 

surface=34 pulses and two measurements of corona=42 

pulses) for better PD classification.  

 

TABLE V.  RESULTS FOR CASE STUDY 4 

Case Type Classifier Classifier Type Accuracy 

 

 

 
     

 

 
4 

 

 

SVM 
 

 

 

Linear 100.0% 

Quadratic 100.0% 

Cubic 100.0% 

Fine Gaussian 100.0% 

Medium Gaussian 100.0% 

Coarse Gaussian 94.5% 

 

 

KNN 

Fine  100.0% 

Medium 96.4% 

Coarse  66.4% 

Cosine  96.8% 

Cubic  97.2% 

Weighted  100.0% 
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TABLE VI.  RESULTS FOR CASE STUDY 5 

Case Type Classifier Classifier Type Accuracy 

 

 
 

     

 
 

5 

 

 
SVM 

 

 
 

Linear 100.0% 

Quadratic 100.0% 

Cubic 100.0% 

Fine Gaussian 100.0% 

Medium Gaussian 100.0% 

Coarse Gaussian 94.5% 

 

 
KNN 

Fine  100.0% 

Medium 97.1% 

Coarse  70.6% 

Cosine  97.1% 

Cubic  97.4% 

Weighted  100.0% 

 

TABLE VII.  RESULTS FOR CASE STUDY 6 

Case Type Classifier Classifier Type Accuracy 

 
 

 

     
 

 

6 

 
 

SVM 

 
 

 

Linear 100.0% 

Quadratic 100.0% 

Cubic 100.0% 

Fine Gaussian 100.0% 

Medium Gaussian 100.0% 

Coarse Gaussian 94.3% 

 

 

KNN 

Fine  100.0% 

Medium 98.1% 

Coarse  71.7% 

Cosine  98.1% 

Cubic  98.9% 

Weighted  100.0% 

 

TABLE VIII.  RESULTS FOR CASE STUDY 7 

Case Type Classifier Classifier Type Accuracy 

 

 
 

     

 
 

7 

 

 
SVM 

 

 
 

Linear 100.0% 

Quadratic 100.0% 

Cubic 100.0% 

Fine Gaussian 100.0% 

Medium Gaussian 100.0% 

Coarse Gaussian 98.4% 

 

 
KNN 

Fine  100.0% 

Medium 97.9% 

Coarse  70.5% 

Cosine  98.6% 

Cubic  97.9% 

Weighted  100.0% 

 

The classification accuracy for Fine KNN and Weighted 

KNN is 100% for cases 3-7. The classification accuracy for 

Medium, Cosine and Cubic KNN is between 80% - 97% for 

cases 1-7. 

 

 

 

 

 

TABLE IX.  RESULTS FOR CASE STUDY 8 

Case Type Classifier Classifier Type Accuracy 

 

 
 

     

 
 

8 

 

 
SVM 

 

 
 

Linear 100.0% 

Quadratic 100.0% 

Cubic 100.0% 

Fine Gaussian 100.0% 

Medium Gaussian 100.0% 

Coarse Gaussian 100.0% 

 

 
KNN 

Fine  100.0% 

Medium 100.0% 

Coarse  72.3% 

Cosine  100.0% 

Cubic  100.0% 

Weighted  100.0% 

 

TABLE X.  RESULTS FOR CASE STUDY 9 

Case Type Classifier Classifier Type Accuracy 

 

 

 
     

 

 
9 

 

 

SVM 
 

 

 

Linear 100.0% 

Quadratic 100.0% 

Cubic 100.0% 

Fine Gaussian 100.0% 

Medium Gaussian 100.0% 

Coarse Gaussian 100.0% 

 

 

KNN 

Fine  100.0% 

Medium 100.0% 

Coarse  79.8% 

Cosine  100.0% 

Cubic  100.0% 

Weighted  100.0% 

 

 

The classification accuracy for both classifiers with their 

types (SVM and KNN) is 100% for cases 8 and 9 except for 

Coarse KNN (accuracy 72.3% for case 8 and accuracy 79.8% 

for case 9). Both classifiers have achieved very good 

classification results for a large amount of data (506 PD pulses 

for case 8 and 568 PD pulses for case 9).  

 

V. CONCLUSION 

In this work, the classification performance of AI 

algorithms is studied based on the amount of data and 

extracted pulses of the voltage signal from PD sources. PD 

classification is performed using AI-based algorithms: SVM 

and KNN with their types. PD data was collected from three 

different PD sources (corona, surface, and internal discharges) 

using artificial PD defects as test objects. The features were 

extracted from the PD pulses (preprocessed data) using DWT 

as input to the classifiers (SVM and KNN). The classification 

results of case study 8 and case study 9 demonstrated 

improved performance compared to case studies 1-7 using 

SVM and KNN algorithms. Case study 2 showed the 

minimum limit for the number of measurements for better PD 

sources classification. The presented work aims to develop an 

understanding of extracting the required amount of data from 

the field measurements for efficient classification of PD 

sources in terms of accuracy, data processing capabilities, 

time, and associated costs.  



 

Page number will be marked later 

ACKNOWLEDGEMENT  

The first author thanks the Evald and Hilda Nissi Foundation 
for supporting this work through scholarship. The second 
author acknowledges the Estonia research Council under 
project PSG-632.  

REFERENCES 
[1] I. Kiitam, M. Shafiq, P. Taklaja, M. Parker, I. Palu, and L. Kutt, 

“Characteristic pulse pattern features of different types of partial 
discharge sources in power cables,” 2021 IEEE PES/IAS 
PowerAfrica, PowerAfrica 2021, 2021, doi: 
10.1109/PowerAfrica52236.2021.9543366. 

[2] H. Kumar, M. Shafiq, G. A. Hussain, L. Kumpulainen, and K. 
Kauhaniemi, “Classification of PD faults using features extraction 
and K-means clustering techniques,” IEEE PES Innov. Smart Grid 
Technol. Conf. Eur., vol. 2020-Octob, no. 7038, pp. 919–923, 2020, 
doi: 10.1109/ISGT-Europe47291.2020.9248984. 

[3] N. Rajapaksha, S. Jayasinghe, H. Enshaei, and N. Jayarathne, 
“Supervised Machine Learning Algorithm Selection for Condition 
Monitoring of Induction Motors,” 2021 IEEE South. Power 
Electron. Conf. SPEC 2021, 2021, doi: 
10.1109/SPEC52827.2021.9709436. 

[4] J. Jineeth, R. Mallepally, and T. K. Sindhu, “Classification of 
Partial Discharge Sources in XLPE Cables by Artificial Neural 
Networks and Support Vector Machine,” 2018 IEEE Electr. Insul. 
Conf. EIC 2018, no. June, pp. 407–411, 2018, doi: 
10.1109/EIC.2018.8481124. 

[5] Y. Zhang, C. Wu, R. Fang, G. Huang, Z. Li, and G. Sheng, 
“Research on insulation defect diagnosis method of XLPE AC 
cable based on partial discharge image feature,” Proc. IEEE Int. 
Conf. Prop. Appl. Dielectr. Mater., vol. 2018-May, no. 5, pp. 662–
665, 2018, doi: 10.1109/ICPADM.2018.8401119. 

[6] H. Ma, J. Seo, T. Saha, J. Chan, and D. Martin, “Partial discharge 
sources classification of power transformer using pattern 
recognition techniques,” Annu. Rep. - Conf. Electr. Insul. Dielectr. 
Phenomena, CEIDP, pp. 1193–1196, 2013, doi: 
10.1109/CEIDP.2013.6747430. 

[7] K. Ibrahim, R. M. Sharkawy, M. M. A. Salama, and R. Bartnikas, 
“Realization of partial discharge signals in transformer oils utilizing 
advanced computational techniques,” IEEE Trans. Dielectr. Electr. 
Insul., vol. 19, no. 6, pp. 1971–1981, 2012, doi: 
10.1109/TDEI.2012.6396955. 

[8] H. Kumar, M. Shafiq, G. A. Hussain, and K. Kauhaniemi, 
“Comparison of Machine Learning Algorithms for Classification of 
Partial Discharge Signals in Medium Voltage Components,” Proc. 
2021 IEEE PES Innov. Smart Grid Technol. Eur. Smart Grids 
Towar. a Carbon-Free Futur. ISGT Eur. 2021, pp. 1–6, 2021, doi: 
10.1109/ISGTEurope52324.2021.9639923. 

[9] C. Backe, M. Shafiq, and H. Kumar, “MACHINE-LEARNING-
BASED PD CLASSIFICATION IN MEDIUM VOLTAGE 
CABLES,” no. September, pp. 1–5, 2021. 

[10] S. Maurya, V. Singh, N. K. Verma, and C. K. Mechefske, 
“Condition-Based Monitoring in Variable Machine Running 
Conditions Using Low-Level Knowledge Transfer with DNN,” 
IEEE Trans. Autom. Sci. Eng., vol. 18, no. 4, pp. 1983–1997, 2021, 
doi: 10.1109/TASE.2020.3028151. 

[11] M. Hui, J. C. Chan, and T. K. Saha, “Bayesian neural network and 
discrete wavelet transform for partial discharge pattern 
classification in high voltage equipment,” IEEE Power Energy Soc. 
Gen. Meet., vol. 600, 2013, doi: 10.1109/PESMG.2013.6672075. 

[12] D. Evagorou et al., “Feature extraction of partial discharge signals 
using the wavelet packet transform and classification with a 
probabilistic neural network,” IET Sci. Meas. Technol., vol. 4, no. 
3, pp. 177–192, 2010, doi: 10.1049/iet-smt.2009.0023. 

[13] M. Wu, H. Cao, J. Cao, H. L. Nguyen, J. B. Gomes, and S. P. 
Krishnaswamy, “An overview of state-of-the-art partial discharge 
analysis techniques for condition monitoring,” IEEE Electr. Insul. 
Mag., vol. 31, no. 6, pp. 22–35, 2015, doi: 
10.1109/MEI.2015.7303259. 

[14] L. Hao and P. L. Lewin, “Partial discharge source discrimination 
using a support vector machine,” IEEE Trans. Dielectr. Electr. 
Insul., vol. 17, no. 1, pp. 189–197, 2010, doi: 

10.1109/TDEI.2010.5412017. 

[15] N. Pattanadech and P. Nimsanong, “Effect of training methods on 
the accuracy of PCA-KNN partial discharge classification model,” 
IEEE Reg. 10 Annu. Int. Conf. Proceedings/TENCON, vol. 2015-
Janua, 2015, doi: 10.1109/TENCON.2014.7022350. 

[16] O. Karal, “Performance comparison of different kernel functions in 
SVM for different k value in k-fold cross-validation,” Proc. - 2020 
Innov. Intell. Syst. Appl. Conf. ASYU 2020, 2020, doi: 
10.1109/ASYU50717.2020.9259880. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 


