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Abstract: Although traditional fault diagnosis methods can qualitatively identify the failure modes
for power equipment, it is difficult to evaluate the failure probability quantitatively. In this paper, a
failure probability calculation method for power equipment based on multi-characteristic parameters
is proposed. After collecting the historical data of different fault characteristic parameters, the
distribution functions and the cumulative distribution functions of each parameter, which are applied
to dispersing the parameters and calculating the differential warning values, are calculated by using
the two-parameter Weibull model. To calculate the membership functions of parameters for each
failure mode, the Apriori algorithm is chosen to mine the association rules between parameters and
failure modes. After that, the failure probability of each failure mode is obtained by integrating the
membership functions of different parameters by a weighted method, and the important weight of
each parameter is calculated by the differential warning values. According to the failure probability
calculation result, the series model is established to estimate the failure probability of the equipment.
Finally, an application example for two 220 kV transformers is presented to show the detailed process
of the method. Compared with traditional fault diagnosis methods, the calculation results not only
identify the failure modes correctly, but also reflect the failure probability changing trend of the
equipment accurately.

Keywords: failure probability; multi-characteristic parameters; the Weibull model; differential
warning value; association rule; failure modes

1. Introduction

With the development of smart grid, the Chinese power industry is entering the era of Big
Data [1-3]. Establishing the fault diagnosis models based on Big Data technology is of great importance
since it can realize the comprehensive utilization of multi-source data and improve the accuracy of
the fault diagnosis results, which is beneficial for ensuring reliability and safe operation, optimizing
the condition-based maintenance (CBM) strategies, and increasing the remaining useful life (RUL) of
power equipment.

With the development of online monitoring technology and information technology, the volume
and variety of the condition monitoring data of the fault characteristic parameters have increased
dramatically in recent years [4]. The fault diagnosis technology has become more automatic and
intelligent than before by using multi-source data. For example, evidence fusion theory [5,6], support
vector machine (SVM) [7], artificial neural network (ANN) [8-10], and other methods have been widely
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applied to fault diagnosis for power equipment. Though many research achievements have been
reached, there are still some shortcomings, which are summarized as follows:

(1) Although the volume and variety of the monitoring data are large enough, most of the data
changes in the normal range. That is to say, there are little fault data or abnormal data. However,
many existing diagnosis methods often require a large amount of fault data to build and optimize
the models. The low value density of the condition monitoring data limits the application of
those methods [11-13].

(2) Most existing methods have failed to reveal the association between the failure modes and various
characteristic parameters. The equipment failure modes are difficult to identify correctly when
some kinds of parameters are changed. Additionally, the values of some key parameters and
factors in the models are difficult to estimate. Thus, they are always determined by empirical
values or expert experience, which may cause large errors.

(3) The insulation performance of power equipment is degraded gradually by the long-term impact
of mechanical and electrical stress, which causes an increasing trend in the failure probability of
the equipment. Many existing fault diagnosis methods can only qualitatively identify the failure
modes of the equipment under abnormal conditions, but not quantitatively evaluate the failure
probability and the changing trends of normal equipment. In fact, the equipment under normal
conditions still has a risk of failure.

With the increasing reliability requirements of the power supply, the traditional fault diagnosis
methods cannot meet the requirements of the fault diagnosis of the power system. How to make
full use of the multi-characteristic parameters to improve the accuracy and the effectiveness when
establishing the model becomes a significant challenge. This paper presents a failure probability
calculation method for power equipment based on multi-characteristic parameters, which achieves the
accurate identification of fault modes and quantifies the change trend of the failure probability of the
power equipment.

This manuscript is organized as follows: In Section 2, the probability density functions and the
cumulative distribution functions of different fault characteristic parameters are obtained, and the steps
to disperse the parameters and calculate the differential warning values are presented. In Section 3,
the method for association rules mining and the membership function calculations for parameters are
given. In Section 4, the model to estimate the failure probability of the failure modes, as well as the
equipment’s failure probability, are introduced. In Section 5, the procedure of the method is listed in
detail. An application example for two 220 kV power transformers is presented in Section 6, and the
conclusions are drawn in Section 7.

2. The Discrete Intervals and the Differential Warning Values Calculation

2.1. The Weibull Model

The probability density function and the cumulative probability distribution function of the
two-parameter Weibull distribution are shown in Equations (1) and (2), respectively [14].

=23 Tew|-(2)'] ®

F=1-exp {—(i)ﬁ] @)

where x is the value of a kind of fault characteristic parameter; « and § are the scale and shape
parameters. When these two parameters are determined, the Weibull model is uniquely determined. «
and f can be estimated by using the maximum likelihood estimation method [15], and the steps are
as follows:
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(1) The parameter time series X = [x1, X2, ..., Xn] are Substituted into the logarithmic likelihood
function equation shown in Equation (3). The likelihood functions are established in Equation (4):

InL(X) :1n1—{'z(3;i)ﬁl exp {—(Zi)ﬁ] (©)]
oln(X) _ 0
{ amix) _ 4)
B

(2) Substitute Equation (3) into Equation (4), then « and B are calculated.

Taking the dissolved gas in transformer oil as an example, the dissolved gas content data in
recent three years of different 220 kV transformers in a region were collected. The gas includes
hydrogen, methane, ethane, ethylene, and acetylene, whose chemical formulae are Hy, CHy, CoHy,
CyHg, and CyHy, respectively. According to the steps, the parameters of the Weibull model are
estimated and shown in Table 1, and the probability density function curves and frequency histograms
of the five types of gas are shown in Figure 1, respectively.

Table 1. The parameters calculation results of the Weibull model.

Parameters H, CHy4 C,H, CyHy C,H,
o 17.03 10.26 2.94 1.68 1.46
B 0.81 1.06 0.79 0.81 0.89
OM; 0.12
0.016 o1
0.01. 0.08
o 0.06
0.006 0.04
OUDT .
s 0 = B » 40 + B 0 0 0 30 40 0 e 0 s 90 10
(a) The content of Hz (uL/L) (b) The content of CHa (uL/L)
0.35 0.
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o 0.2
0.2
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(c) The content of C2Hs (uL/L) (d) The content of C2Has (uL/L)

Figure 1. Cont.
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(e) The content of C2Hz (uL/L)

Figure 1. The probability density function curves and frequency histograms of the dissolved gas.

From Figure 1, the probability density functions are consistent with the actual distribution of each
gas, which indicates the effectiveness of the Weibull model.

2.2. The Discrete Intervals Calculation

The fault characteristic parameters value is continuous, but the association rule mining algorithms
require discrete input. Thus, the parameters should be discretized to different classes before data
mining [16]. This paper presents a discrete method for parameters based on the distribution probability
of the equipment condition. The steps are as follows:

(1) According to [17], the equipment condition is divided into normal condition, attentive condition,
abnormal condition, and serious condition. The distribution probability of the different conditions
P = { Pnorm  Patten  Pabn Pser | are calculated after collecting the actual condition data of all
of the same type of equipment.

(2) The cumulative distribution probability F = | f F; Fy 1 | is obtained by accumulating
the distribution probability P.

(3)  Fy, Fi, and Fyp are brought into the inverse cumulative probability distribution function based on
the two-parameter Weibull model expressed in Equation (5). Three values X, = | x1 xy  xq ]
are calculated and four discrete intervals s;—s4 are obtained, as shown in Figure 2.

x=a[—In(1-F)]"P (5)

S1 S2 S3 S4

| | | | | >

0 X1 X X +oo

The parameter value

Figure 2. The discrete intervals of parameters.

The distribution probability and the cumulative probability of the 220 kV transformers are
collected and listed in Table 2, and the calculation result of the discrete intervals of the five types of the
gas are shown in Table 3.
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Table 2. The data of 220kV transformers.

Equipment Condition Normal Attentive Abnormal Serious
qup Condition Condition Condition Condition

Distribution probability 95.46% 3.53% 0.94% 0.07%

Cumulative probability 95.46% 98.99% 99.93% 1

Table 3. The discrete intervals of the gas (uL/L).

Gas X1 X1 X111
H, 82.44 139.89 257.84
CHy 29.75 43.22 66.57
CoHg 6.79 11.08 19.54
CoHy 5.19 8.10 13.55
CyH, 12.21 20.12 35.84

2.3. The Differential Warning Values Calculation

The abnormal increasing of fault characteristic parameters, such as the dissolved gas in oil, will
increase the failure probability of the equipment. To ensure the safe and reliable operation of the power
equipment, the warning value of each characteristic parameter is given by standard or by guide. If the
parameter value exceeds the warning value, it indicates that the equipment is under poor condition
or has a fault. For example, the warning value of hydrogen content is 150 uL /L, and the acetylene
content is 5 uL/L for the 220 kV power transformers [17].

However, due to the operating environment, the service age and health status of each equipment
are different, and the actual warning value of the equipment may deviate from the warning value
in [17]. According to the method in [18], this paper presents a differential warning values calculation
method for the equipment. The steps are as follows:

(1) Count the average failure probability P,,. of the same types of equipment in a region.
(2) The probability P, is substituted into the inverse cumulative probability distribution functions
with different characteristic parameters, as shown in Equation (5), and the differential warning

value Vj;¢ of each parameter is obtained.

Table 4 is the differential warning value of the dissolved gas when the average failure probability
of the 220 kV transformers is 0.18.

Table 4. The differential warning value of the gas (uL/L).

Gas Differential Warning Value
Hp 37.52

CHy 17.06

CoHg 3.27

CoHy 2.67

CoH, 5.80

3. Membership Function of the Fault Characteristic Parameter

3.1. The Association Rules Mining for Failure Modes and the Fault Characteristic Parameters

Different failure modes will have different effects on the change trend of the fault characteristic
parameters, which are quantified by association rule mining algorithms, such as Apriori and FP-Growth
algorithms [19,20]. The Apriori algorithm scans the whole database in each loop to calculate the
support and confidence coefficient of the candidate item sets. The association rule mining by the

Apriori algorithm includes the following steps.
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(1) The fault data, which have m kinds of fault characteristic parameters and g kinds of failure modes,
are collected. All of the parameters are discretized in four classes.

(2) The dataset of fault data is established and denoted as Df= [G, dfl, dfg, ‘e, dfm], where G is the
transaction of the failure modes, G = [G(1), ..., G(g)]. The dg = [ds(1) ds(2), dﬁ(3), dﬁ(4)] is the
transaction of the fault characteristic parameteri (i=1, ..., m).

(3) The Dris divided into m datasets according to each parameter, namely Dp = [G, dfl], Dp, = [G, dfz],

Dgy =[G, dgn].

(4) Set the minimum support (Supmin) the minimum confidence coefficient (Confmin), the Apriori

algorithm is applied to finding out all of the frequent two-item sets G — df, the support

coefficient Sup (G —d f) , and the confidence coefficient Con f (G —d f) based on Equations (6)

d (7):
- count(G — df)
SMP(G — df) = W (6)
tG—d
Conf(G%df) C()::ugt(;f)f) @)

where Count(-) is the counting function of the item set.

Support is used to measure the statistical importance of association rules in the entire dataset.
The greater the support, the more frequent the item sets or rules appear in Dy. If Sup (G —d f) is no

less than the Supmin, G — dy is regarded as a frequent item set. Otherwise, G — dy is regarded as an
infrequent item set.

Confidence is used to measure the trustworthiness of association rules. If an association rule
G — dy satisfies both Sup(G — dy) > Supmin and Conf (G — dy) > Confmin, G — dy will be
regarded as a strong association rule. Otherwise, it is a weak association rule.

3.2. Membership Function Calculation Method

According to association rules between the failure modes and the parameters, the distribution
probability, that is, the confidence coefficient between each item set is obtained. For any kind of failure
mode j and characteristic parameter i, Equation (8) is satisfied:

2COnf< ) = dyilk )) =1 ®)

The membership function of the characteristic parameter i for the failure mode j is expressed in
Equation (9):

@)

ij(l)

X X € 5
Cij (1) xH xl < (x —xp) X €8y
Fj =3 Cyj(1) + Cii(2) + =2 - (x — xp) X €53 )
Cif(1) + Cy(2) + Cjj(3) + ook - (x — xm)  x € 54
1

X > xMm

where Cjj(sy) = conf (G( j)—d fi(sk))/ x is the value of characteristic parameters. x); is the value
under the condition that the cumulative distribution probability is (Fpy + 1)/2.
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4. The Failure Probability of Failure Modes and the Equipment

4.1. The Failure Probability of the Failure Mode

According to the method referred to in Section 3, the membership function of different failure
modes resulting from different fault characteristic parameters can be figured out. Those different
membership functions have different contribution to the failure probability of the failure modes.
Therefore, the failure probability of each failure mode is calculated by a weighted method. For example,
the failure probability of the jth failure mode is calculated by Equation (10):

m
Pojy=F- W= Z%Fi]-wi]- (10)
1=

m
Y wij=1 (11)
i=1

where F; and w;; are the membership function and important weight from the ith characteristic
parameter to the jth failure mode, respectively. The important weight w;; of each fault characteristic
parameter for different failure modes is calculated in Section 4.2.

4.2. The Calculation for Important Weight

The existing weight calculation methods, such as analytic hierarchy process (AHP) [21], may lack
accuracy because of the dependence of subjective judgments from experts. To ensure the rationality of
the result, a method for weight calculation is presented according to the differential warning values of
the characteristic parameters, which is shown as follows:

(1) Obtain the differential warning values of the different characteristic parameters.
(2) Count the number (N) of samples in which the characteristic parameters are greater than, or equal
to, their differential warning values shown in Equation (12):

Ni1z Nip -+ Niy
N | Nt N2 Now (12)
Nmt Npp - ng

For every Njj, it is the number of samples of the ith characteristic parameter to the jth failure mode.
The important weights of all of the fault characteristic parameters for the jth failure mode are obtained
by the normalized calculation expressed in Equation (13):

Nij

wi]' = (13)

According to Equations (12) and (13), the result of the importance weight W is obtained based
on the calculation of the fault data and the differential warning value rather than the experience of
experts so that the accuracy and rationality are ensured.

4.3. The Failure Probability of the Equipment

Every type of the failure mode will cause equipment failure, and the series network is
established between equipment failure probability and the failure probability of the failure modes [14].
The calculation method of the equipment failure probability is given by Equation (14):
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8
Peu=1-Y (1-P) (14)

=1

where Peg, is the equipment failure probability, and P; is the failure probability of the jth failure mode.

5. The Procedure of the Method

)

@)

®)
4)

The flow of the method is shown in Figure 3. The key steps are as follows:

According to the method in Section 2, the probability density functions and cumulative
distribution functions of different fault characteristic parameters based on a two-parameter
Weibull distribution model are calculated. Based on the inverse cumulative distribution function,
the condition distribution probability and the average failure probability of the equipment
are applied to calculating the discrete intervals and the differential warning value of each
characteristic parameter.

According to the method in Section 3, the Apriori algorithm is applied to finding the association
rules in the fault data between failure modes, as well as different parameters and calculating
of the confidence coefficient of the frequent item sets. After that, the cumulative probability
distribution function of each characteristic parameter is obtained.

The membership function and the important weight of each parameter are obtained in Section 4.
The failure probability of all of the failure modes are calculated by a weighted calculation, and
the series model is proposed to calculate the failure probability of the equipment.

1 Historical data of the fault characteristic parameters

v

Two-parameter Weibull function

v

Discrete intervals and the differential warning value

v

2 Fault data

v

The important weight of parameters;

Association rule mining by Apriori Algorism;

The membership function F;

v

3 The monitoring data of the characteristic parameters

v

The failure probability of the failure modes ;
The failure probability of the equipment

Figure 3. The flow of the failure probability calculation.

6. Application Example

6.1. Basic Information

According to the fault data samples of the 220 kV transformers, four types of the failure modes are

defined, namely, low-temperature overheating (G1), high-temperature overheating (G;), low-energy
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discharging (G3), and high-energy discharging (G4). The quantitative distribution of each failure mode

g

is shown in Figure 4.

= Gl = G2

Figure 4. The quantitative distribution of each failure mode.

6.2. The Failure Probability and Important Weight

After setting the minimum support Supmin = 0.02 and the minimum confidence Confmin = 0.02,
the association rules among all of the failure modes and the different ways by which the gas dissolves
are calculated by Apriori algorithm. Taking methane and ethane as examples, the frequent item sets
and the confidence results are shown in Figure 5a,b.
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0.5 0.41
0.4 0.31
8; 017 021 0.25 ol .
0'1 0.08 0.08 0.09 0.09 I 0.08
0 || || [ |
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(a) The association rule between failure modes and methane.
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BG3 —sl BG3 —s2 BG3 —s3 BG3 —s4 BG4 —sl G4 —s2 G4 —s3 G4 —s4

(b) The association rule between failure modes and ethane.

Figure 5. The calculation result.

The membership functions of different kinds of gas are calculated, and the curves of the functions
are shown in Figure 6.
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Figure 6. The membership functions of the dissolved gas.

The important weights of the five types of gas to the four failure modes are calculated and shown

in Figure 7.
It is obvious that the weight of acetylene is small in overheating failure modes while the alkanes

is larger. Additionally, the weight of hydrogen is much larger than the weight of other gases in
discharging failure modes.
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H2
0.5‘

— Gl_._GZ

C2H2 CH4

C2H4 C2H6

Figure 7. The important weight of each gas.

6.3. Case Study 1

Shown in Figure 8 are the time series data, which include 236 samples from 1 January 2016 to
30 June 2016, of the dissolved gas content of a 220 kV transformer (named T1) where the value of
ethylene is zero.

12 — 7
H, — CH,
90| 6|
60| 5
30 4
0 3
50 100 150 200 50 100 150 200
0.5
10 CH
— CH 2t
3 276 0.4
6 0.3
4 0.2
5 0.1
0.0
0
m 00 50 00 50 100 150 200
Time(Day)

Figure 8. The content of gas (uL/L).

The data of the five kinds of dissolved gas are brought to each kind of membership function, and
the failure probability of the four failure modes and the failure probability of T1 are calculated by
Equations (10) and (14). The calculation result is shown in Figure 9.

It is clear from Figure 9 that the hydrogen content in T1 abnormally increased from the 45th day
to the 63rd day, and surpassed the warning value (37.52 uL/L) so that the failure probability of
the low-energy discharging (G3) and low-temperature overheating (G1) increased, resulting in the
increment of the equipment failure probability. With the hydrogen content decreasing after the
63rd day, the equipment failure probability decreased to a lower level, and remained lower than 0.3.
The calculation results are consistent with the actual situation of T1.

6.4. Case Study 2

The monitoring data of a 220 kV transformer (named T2) in 2015 are listed in Table 5. The overheat
defect was detected in the oil pump on the 96th day, and it became serious after the 99th day.
The diagnosis resulting from three-ratio method is 022 which means the failure mode of T2 is
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high-temperature overheating (G;). The content of total hydrocarbon is the sum of CHy, CoHg,

C2H4 and Csz.
1.0
0.9 G, G, G, 3 Tl
0.8
2
= 07
§ 0.6
2 05
~
g 0.4
2 03
<
B~ 02
0.1
0.0 50 100 150 200
Time(Day)
Figure 9. The failure probability calculation result of T1.
Table 5. The content of the dissolved gas in T2 (uL/L).
Day H, CHy4 CyHg CyHy Cy,H, Total Hydrocarbon
1st 0 1.6 0 0.6 0 22
31st 14 6.6 26 14 0 34
96th 73 110 41 190 0 341
99th 77 120 44 210 0.8 374.8
105th 95 130 55 220 1.2 406.2
107th 76 140 64 230 1.1 435.1
110th 86 137 48 230 1.1 416.1
146th 135 230 83 320 14 634.4
196st 140 240 85 410 1.1 736.1

The failure probability calculation result of T2 is shown in Figure 10, which indicates that failure
probability was increasing rapidly from the 31th day to the 96th day, and the failure mode of T2 was
Gj or Gy. After the 96th day, the failure probability of T2 approached 1, which means that T2 had a
serious overheating fault. The result is consistent with the actual situation.

Failure Probability

‘ ——G, ——G, ——G, —¢G, —O—Equipment‘

—

50

100

Time(Day)

150 200

Figure 10. The result of failure probability calculation.
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6.5. Comparative Analysis

To make a comparison between the method in this paper and the traditional methods, this paper
presents two types of common fault diagnosis methods based on classifier and the threshold values.

6.5.1. The Fault Diagnosis Method Based on a Classifier

Three kinds of common classifiers are presented to establish the fault diagnosis models,
respectively, namely, decision tree classifier (J48), random forest classifier (RF), and SVM. After
the training process of each model, the accuracy results of the three models are obtained and listed
in Table 6. According to the precision results, the models based on RF and SVM are selected for
fault diagnosis.

Table 6. Precision results of each model.

Day Precision of the Model
J48 0.873
RF 0.997

SVM 0.952

6.5.2. The Fault Diagnosis Method Based on the Threshold Value

The content and the relative increase rate of the dissolved gas in oil are important criteria for fault
diagnosis. The threshold values of different kinds of gas are listed in Table 7 according to [17].

Table 7. The threshold values of the dissolved gas in oil.

Fault Severity The Fault Criterion

Slight fault The content of total hydrocarbon or H; is greater than 150 uL/L.

The content of C;Hj is greater than 5 uL/L;

Serious fault The relative increase rate of total hydrocarbon is greater than 10% per month;

The increase rate of total hydrocarbon is greater than 10 mL per day.

The monitoring data of Case 1, shown in Figure 8, is applied to the fault diagnosis model based
on RE, SVM, and the threshold value. The results indicate the equipment is in a normal state without
any fault, which is consistent with the actual situation. Similarly, the fault diagnosis result of Case 2 is
also obtained and listed in Table 8. It indicates that the failure mode of the T2 is the high-temperature
overheating fault (G;), and it becomes serious after the 96th day.

Table 8. The fault diagnosis results of three models.

Day RF SVM Guide
1st Normal Normal Normal
31st Normal Normal Normal
96th~196st Gy Gy Serious

According to the results, three traditional fault diagnosis methods have high accuracy in
determining whether the equipment fails. However, the model of the threshold value fails to identify
the failure modes for the equipment while the method based on the classifier is unable to determine the
severity of the fault. Furthermore, any traditional methods can not quantify the failure probability of
an equipment failure and reflect the changing trend of the failure probability. Taking T2 as an example,
the fault cannot be found before the 96th day by traditional methods, so that maintenance strategy for
T2 is not be made or arranged in time. The equipment failure may cause serious power interruption,
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and significant losses of equipment and to the power system. These shortcomings of the traditional
models make it impossible to meet the effectiveness requirements for the power system.

7. Conclusions

In this paper, a failure probability calculation method for power equipment based on
multi-characteristic parameters is proposed. The historical data of different fault characteristic
parameters are collected to obtain the cumulative distribution function and the differential warning
value of each parameter. Then the association relations between different failure modes and the
characteristic parameter and the important weight of each parameter are obtained. Finally, the
weighted calculation and the series model are applied to calculating the failure probability of all of the
failure modes and the equipment.

The failure probability calculation method realizes the comprehensive utilization of
multi-characteristic parameters. To avoid the influence of subjective factors on the calculation results,
the process of the fault probability function calculation is driven by data, but not judgment from
experts, so that the results are ensured.

An application example for two 220 kV transformers is presented, and the procedure of the
method is described in detail. The results indicate that this novel method has obvious advantages in
accurately quantifying the failure probability, reflecting the failure changing trend of the equipment
and helping to create a timely maintenance strategy so that the remaining useful life and the reliability
of the power equipment can be markedly increased.
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