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Abstract: The recognition of the creepage discharge development process of oil–paper insulation
under AC–DC combined voltage is the basis for fault monitoring and diagnosis of converter trans-
formers; however, only a few related studies are available. In this study, the AC–DC combined
voltage with a ratio of 1:1 was used to develop a recognition method for the creepage discharge
development process of an oil–paper insulation under a cylinder–plate electrode structure. First, the
pulse current method was used to collect the discharge signals in the creepage discharge development
process. Then, 24 characteristic parameters were extracted from four types of creepage discharge
characteristic spectra after dimensionality reduction. Finally, based on the online sequential extreme
learning machine (OS-ELM) algorithm, these characteristic parameters were used to recognize the
development stage of the creepage discharge of the oil–paper insulation. The results showed that
when the size of the sample training set used in the OS-ELM algorithm is close to the number of
hidden layer neurons, a high recognition accuracy can be obtained, and the type of activation function
has little influence on the recognition accuracy. Four stages of the creepage discharge development
process were recognized using the OS-ELM algorithm; the trend was the same as that of the charac-
teristic parameters of the entire creepage discharge development process. The recognition accuracy
was 91.4%. The algorithm has a high computing speed and high accuracy and can train data in
batches. Therefore, it can be widely used in the field of online monitoring and evaluation of electrical
equipment status.

Keywords: AC–DC combined voltage; oil–paper insulation; creepage discharge; OS-ELM;
pattern recognition

1. Introduction

The insulating structure and operation conditions of converter transformers differ
from those of conventional AC transformers. The valve-side winding of a converter
transformer can withstand AC–DC combined voltage (ADCV) and harmonic voltage
components. The international council on large electric systems (CIGRE) statistics report
that the failure rate of converter transformers is about twice that of AC transformers
and that considerable cases of insulation failure are caused by creepage discharge at the
oil–paper interface [1–3]. Thus, the oil–paper interface remains the vulnerable part of a
converter transformer insulation and has therefore been studied widely. Studies have been
conducted on the creepage discharge characteristics of oil–paper insulation under ADCV
using partial discharge measurements and other methods, and beneficial results have been
obtained [1–3]. The partial discharge phenomenon can reflect the insulation failure process.
Therefore, it can (a) be used as an indicator of the performance degradation of a transformer
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oil–paper insulation, (b) determine the severity of discharge development by extracting
and analyzing partial discharge signals, and (c) be used for effective condition assessment
of oil–paper insulation. Therefore, in-depth research on the development characteristics
of the creepage discharge of oil–paper insulation under ADCV can effectively reveal the
condition of oil–paper insulation. Furthermore, it is an exigent problem to be resolved in
the operation and maintenance of ultrahigh voltage DC converter transformers; in addition,
it has great theoretical and engineering significance.

Existing studies on the creepage discharge characteristics of oil–paper insulation un-
der ADCV focus mainly on two aspects: (1) they investigate the factors affecting creepage
discharge, including different voltage types and electric field components [4], discharge
characteristics [5–8], aging [9,10], and other factors. It has been revealed that the tem-
perature rise, aging, and DC electric field components accelerate the creepage discharge
development and (2) they intend to mainly find the characteristic parameters and recogni-
tion methods that can effectively characterize the creepage discharge development under
ADCV. The currently available techniques for the recognition of partial discharge develop-
ment process mainly include fingerprint recognition of discharge gray image [11], support
vector machines (SVM) [12,13], back-propagation neural networks (BPNN) [14], and fuzzy
clustering analysis of radar spectra [15]. Nevertheless, only limited research has been
conducted on the pattern recognition of the creepage discharge development process of
oil–paper insulation under ADCV. For the recognition of the creepage discharge develop-
ment process, the fundamental requisite is to divide the development stage of the creepage
discharge. However, in this method, some subjective components are available only based
on the changing trend of the discharge characteristic parameters with time. Moreover, the
aforementioned recognition methods can perform pattern recognition only after collecting
all data samples. Thus, if new data are added, all the data must be reevaluated, which
is time consuming and inefficient. Therefore, to resolve this problem, this study builds
a creepage discharge test platform for oil–paper insulation under ADCV. It comprehen-
sively analyzes four two-dimensional characteristic spectra during the development of the
creepage discharge. These characteristic spectra reflect the relationship between discharge
interval time, discharge amplitude, and number of discharges during the development.
Twenty-four characteristic parameters of the creepage discharge development process are
extracted from the statistics of the discharge signal during creepage discharge. Based
on the variation law of the characteristic parameters of creepage discharge, a method
of recognizing the creepage discharge development process is established. Then, based
on the online sequential extreme learning machine (OS-ELM) algorithm, the discharge
development stage is identified in the creepage discharge development process of the
oil–paper insulation.

2. Test System and Method
2.1. Sample and Electrode Model

Karamay 25# transformer oil was used in the test. Prior to the test, the gas volume
fraction of the transformer oil was set to be less than 2% and the microwater volume fraction
to be less than 10−5, through the process of degassing, drying, and slag removal, which
meets the requirements of GB/T7595. The insulating paper was cut into square specimens
of dimensions 90 mm × 90 mm × 1 mm during the test and dried at high temperature
(100 ◦C) for 72 h. Then, the insulating paper was impregnated with a pretreated transformer
oil for 72 h under a vacuum of approximately 10 Pa and temperature of 60 ◦C.

Creepage discharge occurs easily at the spacer and barrier positions, where the lon-
gitudinal electric field is stronger than the radial electric field. Therefore, in the test, the
cylinder-plate electrode model specified by CIGRE Method II and IEC60243 was used,
and an oil-immersed insulating paper was placed between the high-voltage electrode and
the ground electrode. The electrode structure and specific parameters are illustrated in
Figure 1 [1,16–19].
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Figure 1. Cylinder-plate electrodes configuration.

2.2. Experimental Platform

The structure of the test system is shown in Figure 2. The AC and DC power used for
the test were produced by nonpartial discharge (PD) equipment. The test circuit design was
the same as that in Refs. [8,9]. The PD measuring instrument used the pulse current method
for measurement; further, the sampling frequency of the system was 5 MHz, and the PD
bandwidth was 0.04–1 MHz. An ADCV was applied to the test sample via a protective
resistor. When the entire test system was loaded to 70 kV (peak value) without the test
sample, no partial discharge signal was present, and the sensitivity of the test system was
0.1 pC.

Figure 2. Schematic of the experimental platform.

2.3. Experimental Method

The ratio of the ADCV during the test was selected according to the general criteria
and test requirements proposed by IEEE and CIGRE for oil-immersed converter trans-
former tests. IEEE has specified that the ratio of the ADCV must be 1:1, 1:3, 1:5, or 1:7,
where AC takes a valid value and DC takes the average [20]. To obtain a relatively stable
and sustainable development of the creepage discharge signal, the ratio of ADCV was
selected as 1:1 in this work to study the creepage discharge development process of the
oil–paper insulation.

Two methods are currently available for applying voltage, namely, constant voltage
method and the step-up method, which have the same effect on the insulation breakdown
process. Herein, the constant voltage method was used because it could simulate the actual
operation condition of converter transformers better. The voltage ratio was maintained
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unchanged at 1:1 during the application of voltage, and the boost step was set to 1 kV for both
AC and DC voltages. The constant voltage was applied after boosting the voltage to 1.1 times
the AC discharge inception voltage, where both the AC and DC voltages were 37 kV.

To accurately record the creepage discharge development process of the oil–paper
insulation under ADCV, a set of data was recorded at an interval of 1 min from the
beginning of application of the constant voltage, and each recording was performed
continuously for 1 min until breakdown occurred. This test procedure was repeated
12 times, and a total of 1210 sets of data were obtained, mainly using which the characteristic
parameters of creepage discharge would be subsequently extracted.

3. Pattern Recognition Based on OS-ELM

The conventional extreme learning machine (ELM) transmits all data to the system
and then trains and calculates them. However, if new sample data are added, it is required
to retrain all sample data, resulting in prolonged learning time and reduced learning rate.
To resolve this problem, Liang et al. proposed the aforementioned OS-ELM algorithm,
which is an improved version of the ELM approach. In the OS-ELM algorithm, the used
data are discarded and are not reused. Further, this algorithm can add new data to the
model in individual succession or in batches for training to avoid repeated training of the
used sample data; therefore, this algorithm possesses a higher learning rate and higher
accuracy [21–25].

As a single-hidden layer feedforward neural network, the OS-ELM algorithm is
composed of three layers: input layer, single hidden layer, and the output layer. As
shown in Figure 3, the connection weight between the input layer and hidden layer,
and the threshold value of the hidden layer neurons are randomly generated, which
need not be repeatedly iterated and adjusted in the training process. Compared with
the pattern recognition effects of the conventional ELM, SVM, and BPNN methods, the
OS-ELM algorithm has the advantages of higher speed, learning rate, generalization
performance, and accuracy [26,27]. Therefore, the OS-ELM algorithm was selected in
this study for pattern recognition of the creepage discharge development process of the
oil–paper insulation under ADCV.

Figure 3. Structure of online sequential extreme learning machine (OS-ELM).

The key part of the OS-ELM algorithm is the learning process of the output weight of
the single hidden layer network, and it comprises two stages: (1) the initial stage, wherein
the output weight β of the single hidden layer is obtained by training a small number of
sample data, and (2) online learning stage, wherein the updated sample data are used to
update the output weight β obtained in stage (1).
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In stage (1), N sample data (Xi) are present, where Xi = [x1, x2, . . . , xn]T ∈ Rm,
m denotes the dimension of the sample dataset, Ti = [t1, t2, . . . , tn]T ∈ Rn, and n denotes the
dimension of the output vector. First, the number of hidden layer neurons L is determined;
then, the connection weight w of the input layer and the threshold b of the hidden layer
neurons are randomly set; subsequently, the appropriate activation function g (w, x, b) is
selected; finally, the initial output matrix H0 of the hidden layer is calculated. According to
the ELM theory, the minimum β0 that can satisfy ||H0β − T0|| was calculated, where

H0 =

 g(w1, x1, b1) . . . g(wL, x1, bL)
...

. . .
...

g(w1, xN , b1) . . . g(wL, xN , bL)


N×L

(1)

T0 =
[

t1 . . . tL
]

M×L (2)

According to the generalized inverse matrix algorithm, the initial output weight β0
was calculated, following which the initial learning stage ends, as represented below:

β0 = P−1
0 HT

0 T0, P0 = HT
0 H0 (3)

Subsequently, stage (2) begins. Assuming that N1 new sample data enter the model, it
is desirable to obtain β1 such that Equation (4) can be the minimum.

‖
[

H0
H1

]
β−

[
T0
T1

]
‖ (4)

H0 =

 g(w1, xN+1, b1) . . . g(wL, xN+1, bL)
...

. . .
...

g
(
w1, xN+N1 , b1

)
. . . g

(
wL, xN+N1 , bL

)


N1×L

(5)

According to the generalized inverse matrix algorithm, the output weight β1 is calcu-
lated as follows:

β1 = P−1
1

[
H0
H1

]T[ T0
T1

]
, P1 =

[
H0
H1

]T[ T0
T1

]
(6)

The output weight βk+1 can be obtained using the Woodbury formula and the recursive
relationship as follows:

βk+1 = βk + P−1
k+1HT

k+1(Tk+1 − Hk+1βk)P−1
k+1 = P−1

k − P−1
k HT

k+1

(
I + Hk+1P−1

k HT
k+1

)−1
× Hk+1P−1

k (7)

Equation (7) provides the basic principle of the OS-ELM algorithm, and weight β of
the single-hidden layer neural network can be adjusted through two stages. In the OS-ELM
training process, if the data obtained in stage (1) are the only data, i.e., no updated sample
data are present, OS-ELM is the same as the standard ELM algorithm. Therefore, the
OS-ELM algorithm can be understood as a special ELM algorithm in which all training
data arrive simultaneously.

4. Experimental Results and Discussion
4.1. Creepage Discharge Development Process of Oil–Paper Insulation under ADCV

Because the partial discharge of the oil–paper insulation under ADCV is more random
than that under AC voltage, the signal representation method for the former significantly
differs from that for the latter. In this study, the interval time ∆t of two adjacent discharges is
used instead of the phase φ in the partial discharge under AC voltage. Then, the statistical
characteristic spectra are formed by combining the interval time ∆t, partial discharge
magnitude Q, and number of discharges n. Time-resolved pulse sequence analysis (TPRSA)
was used to study the creepage discharge development process of oil–paper insulation
under ADCV [8,9].
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In this study, four sets of data in the initial stage, two middle stages, and the adja-
cent end stage of one test were selected for statistical analysis, and the Q-∆tpre-n three-
dimensional characteristic spectra are formed—here, ∆tpre denotes the time interval be-
tween the current discharge and the previous discharge. Figure 4 shows the variation law
of the Q-∆tpre-n characteristic spectra of the abovementioned four sets of data during the
creepage discharge development process.

Figure 4. Q-∆tpre-n characteristic spectra of four sets of data during the creepage discharge development process.

Figure 4 clearly indicates the existence of significant differences between the charac-
teristic spectra at each stage. In the first stage (Figure 4a), n is small, ∆tpre is large, and the
distribution range is 0.01–0.06 s. Further, Q is mainly concentrated at approximately 400 pC,
and the distribution of Q is highly scattered. In the second stage (Figure 4b), n increases
gradually, and Q is mainly distributed in the region less than 1300 pC; however, Q greater
than 2000 pC appears gradually. Further, ∆tpre is gradually shortened and is distributed
within the range of 0.04 s. In the third stage (Figure 4c), n increases significantly compared
with that in the second stage. Further, Q is mainly distributed around 1700 pC but grad-
ually enters the range of 2000–3000 pC, and ∆tpre is mainly concentrated in the range of
0.02 s. In the fourth stage (Figure 4d), n continues to increase gradually; further, Q is mainly
concentrated in the region greater than 2000 PC, and ∆tpre is mainly concentrated in the
range of 0.01 s.

Although the TPRSA spectra can reflect the time domain distribution of the creepage
discharge development process better, directly using these spectra for pattern recognition
is difficult because they contain large amounts of information. Therefore, to alleviate
the difficulties in the recognition of the creepage discharge development process, the
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original data must be transformed, the dimension must be reduced, and the characteristic
parameters reflecting the creepage discharge development process must then be extracted.

The characteristic spectra, such as n-Q, n-∆t, ∆tpre-Q, and Qmean-∆tpre, were obtained
by dimensionality reduction. The ∆tpre-Q two-dimensional (2D) characteristic spectra after
dimensionality reduction corresponding to each stage of Figure 4 are shown in Figure 5.
From the characteristic spectra of each stage shown in Figure 5, the variation law between
Q and ∆tpre in each stage of the creepage discharge development process can be obtained
more clearly. ∆tpre is relatively dispersed from the initial stage and the development
stage, the critical breakdown is relatively concentrated, and ∆tpre is gradually reduced.
Further, Q transforms from being a small value initially to a large value at the critical
breakdown—its distribution transforms from being a dispersed distribution initially to a
concentrated distribution at the critical breakdown. Moreover, it can be used to analyze the
n-∆t and Qmean-∆tpre characteristic spectra in a reduced dimension, which is not discussed
in detail in this paper. A comprehensive analysis of the variation law between the discharge
characteristic parameters in the abovementioned characteristic spectra can effectively reflect
the creepage discharge development process. Accordingly, the characteristic parameters
were extracted from the abovementioned four characteristic spectra and were used to
analyze the creepage discharge development process.

Figure 5. ∆tpre-Q two-dimensional characteristic spectra after dimensionality reduction correspond-
ing to each stage of Figure 4.

4.2. Pattern Recognition of Creepage Discharge Development Process Based on OS-ELM

For the n-Q, n-∆t, ∆tpre-Q, and Qmean-∆tpre characteristic spectra, their skewness (Sk),
kurtosis (Ku), asymmetry (Asy), cross-correlation coefficient (Cc), and the Weibull distri-
bution parameters α and β were extracted. Twenty-four characteristic parameters were
extracted from each set of data from the aforementioned four 2D characteristic spectra
(Table 1).
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Table 1. Statistical characteristic parameters of creepage discharge.

Characteristic
Spectra

Characteristic Parameters

Sk Ku Asy Cc α β

n-Q
√ √ √ √ √ √

n-∆t
√ √ √ √ √ √

Q-∆tpre
√ √ √ √ √ √

Qmean-∆tpre
√ √ √ √ √ √

Figure 6 shows the variation law of each characteristic parameter in the ∆tpre-Q
characteristic spectra during the entire creepage discharge development process. According
to the variation law of the characteristic parameters, such as Sk, Ku, and β, shown in the
figure, the creepage discharge development process can be divided into four stages.

Figure 6. Variation law of characteristic parameters in the ∆tpre-Q characteristic spectra during the
entire creepage discharge development process.

In the first stage, the characteristic parameters rise rapidly. The changes in the charac-
teristic parameters indicate that Q increases gradually at this stage, ∆tpre shortens gradually,
and the creepage discharge enters the initial stage. In the second stage, the parameters
initially exhibit a decreasing trend and then rise slowly. This indicates that Q initially rises
and then stabilizes, ∆tpre is gradually shortened, and the creepage discharge enters the
development stage. The third stage maintains the current state, and creepage discharge
continues to develop. In this stage, Q increases and tends to stabilize, ∆tpre is stable, and
the creepage discharge enters a stable state. The fourth stage exhibits a trend of gradual
decline, and the creepage discharge enters the critical breakdown stage. The variation
law of the characteristic parameters of the ∆tpre-Q discharge characteristic spectra can aid
in better analyzing the relationship between Q and ∆tpre during the creepage discharge
development process and also in better understanding the physical development process
of creepage discharge.

In this study, the OS-ELM algorithm code was written using MATLAB. The charac-
teristic parameters extracted during the entire creepage discharge process were used as
sample sets for the recognition of the creepage discharge development process.

First, the influence of the number of hidden layer neurons, type of activation function,
and size of the sample data on the training accuracy of the initial stage were analyzed.
The corresponding results can be used to rationally select the parameters of the OS-ELM
algorithm. Figure 7 shows the relationships among the training accuracy of the initial stage,
activation function type, and number of hidden layer neurons. The number of training
samples is 750. The horizontal axis is the number of hidden layer neurons, and the vertical
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axis is the training accuracy under different activation functions. The figure shows that
the difference between the accuracies of the same neuron number is small under different
activation functions. This indicates that the activation function has less influence on the
accuracy under creepage discharge sample. The training accuracy improves gradually as
the number of hidden layer neurons increases and tends to stabilize when the number of
hidden layer neurons becomes close to the number of training samples. Therefore, the
relationship between the sample size, number of hidden layer neurons, and activation
function type should be collectively considered to select the algorithm parameters for
realizing a better pattern recognition.

Figure 7. Relationship between activation function, number of hidden layer neurons, and training accuracy.

In this study, the sigmoid function was selected as the activation function, and the
number of hidden layer neurons was 650. There were 12 groups of experimental data, of
which seven were randomly selected as sample training sets to train the OS-ELM, ELM,
SVM, and BPNN algorithms. The remaining five groups were used as sample test sets
for recognizing the creepage discharge development process, and a confusion matrix was
created based on the recognition results. The confusion matrix is shown in Figure 8. The
figure displays that the entire creepage discharge development process can be recognized by
four stages, namely, C1, C2, C3, and C4, by the OS-ELM algorithm. In the confusion matrix
(Figure 8), the horizontal and vertical directions represent four states: creepage discharge
initiation (C1), creepage discharge development (C2), creepage discharge acceleration (C3),
and creepage discharge critical flashover (C4).

In this matrix, each row represents the actual state data, and each column represents
the identified state data. The elements on the main diagonal represent the correct number
of the creepage discharge development stage identified based on the test data, and the
nonmain diagonal elements represent the misidentified number. In total, 500 sets of data
were used as test samples. In the first row, the total number of states is 120, and the four
states are 113, 5, 2, and 0. These data indicate that the total number of real states should
be 120. After the diagnosis of the algorithm, the number of diagnosed C1 is 113, and
the number of misdiagnosed C2, C3, and C4 is 5, 2, and 0, respectively. The last column
represents the recall rate, which reflects the ratio of the correct number of samples to the
actual number of samples. The last row of elements represents the precision rate, which
reflects the ratio of the predicted number of correct samples to the number of predicted
samples. The location at which the recall rate and accuracy rate intersect represents the
recognition accuracy, which reflects the ratio of the correct number to the total number of
samples. This shows that both the recall rate and the precision of the creepage discharge
development process are significantly high (>88%) based on the OS-ELM algorithm, and
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the sample recognition accuracy is 91.4%. The recognition accuracy of ELM is lower than
that of OS-ELM, and the recognition accuracy of SVM is 85.6%, which is lower than ELM.

Figure 8. Pattern recognition result of four algorithms.

In contrast, the recognition accuracy of BPNN is 77%, which is much lower than that
of OS-ELM. The recognition result of OS-ELM is the same as the result of dividing the
creepage discharge development process according to the variation law of the characteristic
parameters of the creepage discharge development process depicted in Figure 6. Based on
this method, the OS-ELM algorithm can theoretically support the pattern recognition of
the creepage discharge development process of oil–paper insulation.

In the ELM algorithm, the weight matrix and threshold from the input layer to the
hidden layer are generated randomly; this avoids the iterative process of repeated training
and threshold modification in SVM and BPNN. By contrast, the weight matrix from the
hidden layer to the output layer uses the least squares method to find the optimal solution
to minimize the loss function; thus, it does not require an iterative process. Therefore, the
OS-ELM algorithm can shorten the training adjustment time and has a very fast training
speed. In the training time comparison part, 200 out of 1210 sets of experimental data
were randomly selected as sample training sets to train four algorithms. OS-ELM and
ELM algorithms selected the same number of samples and hidden layers; SVM algorithm
cross-validation obtains the best parameter penalty factor and RBF kernel function variance.
The training time of the four algorithms is shown in Table 2. Both OS-ELM and ELM have
short training times, while BPNN requires a longer time. SVM adopts a cross-validation
method; therefore, its training time is the longest. It can be observed that, combined with
the experimental results, the OS-ELM algorithm is better than the other three methods in
terms of recognition rate and training speed, and the OS-ELM algorithm has a significantly
short training time.



Energies 2021, 14, 552 11 of 12

Table 2. Comparison of the training time of the four algorithms.

Algorithm Training Time/s

OS-ELM 0.0532
ELM 0.0532
SVM 574.1774

BPNN 264.7327

The recognition accuracy of OS-ELM has improved, compared with that of the other
methods, such as SVM, BPNN, and ELM. The OS-ELM algorithm can separately train the
data arriving in batches, avoiding repeated training of all data, thereby greatly reducing
the time required for network training adjustment and effectively improving the training
speed. Owing to the abovementioned advantages, the OS-ELM algorithm is applicable in
the field of electrical equipment condition monitoring and evaluation engineering.

5. Conclusions

A creepage discharge test platform for oil–paper insulation under ADCV was de-
veloped in this study for the pattern recognition of the creepage discharge development
process. According to the variation law of the characteristic parameters of the creepage
discharge development process of the oil–paper insulation, the process was divided into
four stages. In the first stage, the characteristic parameters increased rapidly; in the second
stage, they decreased first and then gradually increased; in the third stage, they stabilized,
and then gradually decreased in the fourth stage.

For the creepage discharge data sample type, the hidden layer activation function
type had only a slight effect on the training accuracy. In the OS-ELM algorithm parameter
selection process, when the sample set size was close to the number of hidden layer neurons,
the training rate improved and a higher training accuracy rate was obtained.

The sample recognition accuracy was 91.4% in this study. Furthermore, the recall rate
and the precision of the creepage discharge development process were both very high
(>88%). The OS-ELM algorithm has an advantage that it can train samples in batches and,
therefore, has good engineering application prospects in the field of electrical equipment
condition monitoring and evaluation.
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