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Abstract: In the process of power transformer risk assessment, the loss degree index is difficult to
accurately quantify due to the influence of uncertain factors, leading to the deviation of risk judgment.
A power transformer risk assessment method based on the three-parameter interval grey number
decision-making is proposed. Firstly, the fault probability of the transformer is quantified based
on the condition evaluation results. Secondly, considering the uncertainty of DG output and load,
the Nataf transform and Cholesky decomposition were used to eliminate the correlation of random
variables, and a three-point estimation method combined with a DC cut load model was introduced
to calculate the probability distribution of the loss degree caused by the transformer fault. Finally,
the origin moment of each order was obtained based on the calculation formula of risk value, and
the risk probability distribution was obtained through the Cornish–Fisher series expanding. The
decision method of the three-parameter interval grey number distance measure was used to judge
the risk grade of the equipment. The results show that the proposed method fully considers the
influence of uncertainty on equipment risk judgment, can realize the full use of the equipment risk
value interval number to judge the risk, and avoids the decision-making defects of the traditional
certain risk quantification method. Meanwhile, the influence of different factors on the risk evaluation
results is in line with the actual operation condition of the transformer. The results also verify the
effectiveness and accuracy of the proposed method, which provides a new judgment idea for power
grid equipment risk quantitative assessment.

Keywords: power transformer; risk assessment; three-point estimation method; DC cut load model;
three-parameter interval grey number

1. Introduction

With a high proportion of new energy access [1,2], the strong uncertainty and volatility
of the power grid will lead to more extreme and drastic operating conditions for power
equipment, and higher requirements are put forward for the safe and reliable operation
of power equipment [3–5]. However, the power transformer is one of the key pieces of
equipment in the power grid. How to accurately and effectively evaluate its risk grade
not only provides a basis for the selection of equipment maintenance strategy but also has
important significance for maintaining the stable operation of the system.

At present, the research on risk assessment methods for power transformers mainly
focuses on certain decision-making methods, with the equipment fault probability as the
main index. For example, based on fault tree analysis, a risk assessment model of the
power transformer was constructed, and the overall risk of the equipment is obtained
mainly from the probability of occurrence of each component. However, the risk factors
considered are too individual, and cannot fully reflect the actual risk influence condition
of the equipment [6,7]. A risk assessment model based on a health index was established
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and the influence of transformer fault on power grid economy and reliability is considered,
but ignoring the influence of uncertain factors on the calculation of cutting load loss may
lead to a high final quantified risk result [8]. A proportional risk model of aging load
and healthy weather was proposed, which reflects the influence of different risk factors
on the probability of equipment fault, but only judges the risk based on a single fault
probability index, ignoring the loss of equipment fault [9]. Considering the problems
existing in the traditional evaluation of the transformer risk index (TRI), a practical risk
assessment method for power transformer groups was proposed, but the result factor
is only calculated quantitatively according to relevant standards, which cannot reflect
the influence of uncertain factors on the consequences caused by transformer fault [10].
The impact of the correlation between wind power and photovoltaic power generation
on the operation risk of the outgoing transformer is considered and the risk is reduced
by adjusting the correlation coefficient, but only the impact on the risk of equipment
operation is considered and its consequences are ignored [11]. According to the guidelines,
each risk index is calculated quantitatively and then the risk value of the transformer is
obtained, but the influence of the power grid operation loss caused by equipment fault
on the risk judgment is not considered [12]. The comprehensive risk assessment model
of transformers was established to improve the accuracy and efficiency of evaluation, but
the quantitative risk assessment is carried out only from the indexes of defect severity
and fault probability, ignoring the deviation of equipment risk judgment caused by the
influence of uncertain factors on operation loss and the value of the equipment itself [13].
A three-grade risk assessment model was constructed, but only the overall defect grade of
the transformer is obtained according to the health index quantified by each grade model
to represent the equipment risk condition [14]. The application of cloud theory to the
transformer risk assessment method makes full use of the cloud model and can transform
qualitative concepts into quantitative performance, but it is quantified to obtain the risk
value represented by a certain value and then evaluate its grade [15–17]. The above methods
rarely consider the influence of power grid operation loss caused by equipment fault on risk
judgment and use a highly subjective certain decision-making method to evaluate the risk
of power transformers. However, the loss of power grid operation is affected by uncertain
factors, and the research on loss quantification is not deep enough. Therefore, in order to
accurately characterize the risk of power transformers affected by the uncertainty index, it
is necessary to further study, based on equipment fault probability, how to consider the
operating loss and effectively and reasonably calculate the risk probability distribution and
grade assessment of power transformers.

Given the shortcoming of the current methods, this paper studies transformer risk
assessment based on [18]. Three-parameter interval gray number decision-making judg-
ment is introduced into the risk assessment method for power transformers considering
uncertainty and is compared with the traditional certain risk quantitative assessment
method, which realizes the full use of the equipment risk value interval number to judge
the risk and avoids the decision-making defects of the certain risk quantification method.
The influence of different factors on the risk assessment results is in line with the actual
operation condition of the transformer. Case analysis shows that the proposed method is
effective and accurate, which provides a new judgment idea for power grid equipment risk
quantitative assessment.

The structure of this paper is as follows: The risk assessment framework is constructed
in Section 2. Quantification of risk indexes is studied in Section 3. The probability distribu-
tion of loss degree is calculated based on three-point estimation and the DC cutting load
model in Section 4. The risk assessment method based on three-parameter interval grey
number decision-making is studied in Section 5. The effectiveness and accuracy of the
method are proven in Section 6. Conclusions are stated in Section 7.
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2. Risk Assessment Framework
2.1. Transformer Risk Index

Risk refers to the uncertainty of future conditions and consequences, and the definition
of risk varies slightly in different research fields. Referring to relevant literature and guide-
lines [6–10], it can be seen that equipment risk assessment refers to the quantitative analysis
of fault probability based on the results of equipment condition and fault consequence
(loss degree × equipment importance degree). It is a process of assessing the risks that
equipment may face and cause and determining the corresponding risk grade of equipment.
That is, the risk assessment model is mainly composed of two sub-models: the equipment
fault probability model and the fault consequence model.

Considering the comprehensiveness of the risk index, the applicability of risk quan-
tification, and the impact of uncertainty on operation loss, this paper determines the fault
probability of equipment P, the importance degree of equipment E, and the loss degree Loss
as the risk index of the system of this evaluation. The concrete evaluation index model is
shown in Figure 1. The equipment risk value R can be expressed as:

R = P× E× Loss (1)

Figure 1. Evaluation index model.

2.2. Classification of Transformer Risk Grades

At present, there is no unified standard for the classification of transformer risk grades.
According to the existing research and guidelines [13–17], the transformer risk grade is
divided into five grades—that is, N = {N1, N2, N3, N4, N5}, or low N1, normal N2, medium
N3, large N4, major N5, respectively. To take into account the randomness and fuzziness at
the boundary of risk grades, the normal cloud model is used to represent the risk ranges of
each grade.

2.3. Cloud Matter-Element Model

The cloud matter-element model refers to replacing the v of matter-element R = (N, c, v) [19]
with the normal cloud (Ex, En, He) [20], which is the obtained cloud matter-element
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model [21], as shown in Equation (2), where Ex is the expectation of the cloud, En is
the cloud entropy, He is the super entropy, N is the research object, c is the object feature,
and v is the feature value of c.

R =


N c1 (Ex1, En1, He1)

c2 (Ex2, En2, He2)
...

...
cn (Exn, Enn, Hen)

 (2)

According to Equation (2), the goal of the cloud matter-element model is to solve the three
digital characteristic values (Ex, En, He) of the cloud, where expectation Ex = cmax + cmin/2,
super entropy He = En/10, and cloud entropy En is solved by the cloud entropy optimization
algorithm [18,22]. The three parameters of the cloud model were determined, and the
parameters of the transformer risk grade cloud model are shown in Table 1.

Table 1. Normal cloud model parameters of transformer risk grades.

Risk Grades
Cloud Model Parameters

(Ex, En, He)

Low N1 (6.00, 3.55, 0.36)
Normal N2 (30.00, 10.64, 1.06)
Medium N3 (78.40, 17.74, 1.78)

Large N4 (150.00, 24.83, 2.48)
Major N5 (246.00, 31.93, 3.19)

3. Quantification of Risk Index
3.1. Equipment Fault Probability

(1) Normalize the proximity degree of each condition grade of the transformer. At this
point, the value range of the transformer health index is [0, 100], and the calculation
formula is as follows:

d =
dk

5
∑

k=1
dk

(3)

where k is the number of grades and dk is the proximity degree of each condition grade.
(2) Transform the transformer condition assessment vector information into the corre-

sponding health index value [23]:

HI = Dm(Z1)× 0+ Dm(Z2)× 25+ Dm(Z3)× 5+ Dm(Z4)× 75+ Dm(Z5)× 100 (4)

where Dm is the condition evaluation vector and Dm (Zn) is the proximity degree of
evaluation vector support for each grade.

(3) The equipment health index is converted into equipment fault probability [24]; the
specific formula is as follows:

P = KeHI∗C (5)

where P is the equipment fault probability, C is the proportionality coefficient, and HI is
the health index. K and C can be determined by the inversion calculation of Formula (6),
whereby K = 0.0112 and C = 0.0451.

P =
q
L
× 100% =

10

∑
i=1

LiKeHIi∗C × 100% (6)
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where q is the number of faulty transformers; L is the total number of transformers; i = 1, 2,
. . . , 10, divided into 10 categories; Ln is the number of transformers of the n category; and
HIi is the average value of the upper and lower limits of the corresponding HI.

3.2. Equipment Importance Degree

The value of the equipment itself is used as the characterization of the importance of
the equipment, and according to the influence of different voltage grades and capacities of
transformers, the value range is 1~10 to quantify the importance of equipment E, as shown
in Table 2.

Table 2. Different voltage grades and capacities corresponding to the reference value of equipment
importance E.

Voltage Grades (kV) Capacities (MVA) Value Range

220
120 4
150 5
180 6

110
20 1.5

31.5 2
40 2.5

3.3. Loss Degree

Taking into account the influence of wind power output and load uncertainty on power
grid operation, the degree of loss is analyzed and quantified from the perspective of the power
grid cutting load caused by equipment fault. In order to simplify the calculation of the cutting
load, the DC cutting load model is adopted, and the specific formula is as follows:

PLoss = min ∑
i∈ND

Ci (7)

T(S) = A(S)(PG− PD + C) (8)

Power balance constraint:

∑
i∈NG

PGi + ∑
i∈ND

Ci = ∑
i∈ND

PDi (9)

Unit operation constraint:

PGmin
i ≤ PGi ≤ PGmax

i (i ∈ NG) (10)

Cutting load constraint:

0 ≤ Ci ≤ PDi (i ∈ ND) (11)

Line transmission power constraint:

|Tk(S)| ≤ Tmax (k ∈ L) (12)

where ND is the number of load nodes, Ci is the cutting load of each node, and PLoss is the
total cutting load of the system; the meanings of other variables can be found in [8].

When the cutting load PLoss is certain, the loss degree caused by transformer fault is:

Loss = θ × PLoss (13)

where θ is the risk value of the unit load and θ = China’s GDP in a certain year/electricity consump-
tion in the corresponding year. In this paper, China’s GDP in 2020 was CNY 101,598.62 billion
and its electricity consumption was CNY 75,110 billion kWh, so θ = 13,527 RMB/(MWh).
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Considering the uncertainty of wind power output and load fluctuation, a probabilistic
power flow model based on three-point estimation is introduced to calculate the probability
distribution of the loss degree.

4. Probability Distribution of Loss Degree Based on Three-Point Estimation Method
4.1. Uncertain Variables Model
4.1.1. Probabilistic Model of Load

It is generally assumed that load fluctuations follow normal distribution [25], and the
probability density function (PDF) is shown in Equation (14):

f (PL) =
1√

2PLσP
exp(− (PL−uP)

2

2σP2 )

f (QL) =
1√

2QLσQ
exp(− (QL−uQ)

2

2σQ
2 )

(14)

where PL and QL represent the active power and reactive power of the load, respectively;
uP and uQ represent the mean values of the active and reactive power, respectively; and σP
and σQ represent the standard deviations of the active and reactive power, respectively.

4.1.2. Probabilistic Model of Wind Power Generation

Wind speed PDF follows Weibull distribution [26], which is as follows:

f (v) =
k
c

(v
c

)k−1
exp(−

(v
c

)k
) (15)

where v, k, and c represent wind speed, shape parameter, and scale parameter, respectively.
The relationship between the actual active power output of wind power and wind

speed is shown in Equation (16):

Pw =


0 v ≤ vin or v ≥ vout
Pr

v−vin
vr−vin

vin ≤ v ≤ vr

Pr vr ≤ v ≤ vout

(16)

where vin, vr, and vout represent cut-in wind speed, rated wind speed, and cut-out wind
speed, respectively, and Pw and Pr represent the actual output power and rated power of
wind power, respectively.

4.2. Correlation Processing

In the actual operating system, there is often a certain correlation of wind power
between and load between, so it is not suitable to directly perform a probabilistic power flow
calculation. To eliminate the correlation between random variables, the Nataf transform is
used to map the input correlation non-normal random variables into independent standard
normal random variables. The specific steps of correlation processing are as follows:

(1) Supposing the input n correlation non-normal random variables are X = [x1, x2, . . . , xn],
the correlation coefficient matrix is CX and the corresponding element is ρxixj , which
can be made certain by Equation (17):

ρxixj =
cov(xi, xj)

σxi σxj

=
cov(xj, xi)

σxi σxj

= ρxjxi (17)

where cov
(

xi, xj
)

is the covariance of variables xi and xj, and σxi and σxj represent the
standard deviations of variables xi and xj, respectively.
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(2) Supposing the independent standard random variables are Y= [y1, y2, . . . , yn] and its
correlation coefficient matrix and corresponding elements are represented by CY and
ρyiyj respectively, variables X and Y satisfy the following conversion relation:

yi = Φ−1(Fi(xi)) (18)

where Φ−1(·) and F(·) represent the inverse distribution functions and the cumulative
distribution functions of X, respectively. ρxixj and ρyiyj satisfy the following formula:

ρxixj =
∫ +∞
−∞

∫ +∞
−∞

xi−uxi
σxi
·

xj−uxj
σxj
· fij
(

xi, xj
)
dxidxj

=
∫ +∞
−∞

∫ +∞
−∞

F−1
i (Φ(yi))−uxi

σxi
·

F−1
j (Φ(yj))−uxj

σxj
· φ2

(
yi, yj, ρyiyj

)
dyidyj

(19)

The calculation using the above formula is too complicated, and the correlation coeffi-
cient between wind power is usually calculated by empirical formula [27].

(3) The obtained CY is a positive definite matrix. By Cholesky decomposition CY = GGT

can be obtained and the lower triangular matrix G can be obtained. The independent
random variable is obtained by using Z = G−1Y.

4.3. Three-Point Estimation Method

Supposing the expectation and standard deviation of the random variable xi(i = 1, 2, . . . , n)
are represented by uxi and σxi respectively, three sampling points are selected to represent
the expectation uxi of xi and each point in the left and right field of expectation, denoted as
xi,k(k = 1, 2, 3). The expressions are as follows:

xi,k = uxi + ξxi ,kσxi k = 1, 2, 3 (20)

where ξxi ,k is the position coefficient of the k sampling point of the i random variable xi.
The position coefficient ξxi ,k and the weight coefficient Pxi ,k can be expressed as

ξxi ,k = −
λxi ,3

2 + (−1)3−k
√

λxi ,4 +
3λxi ,3

2

4

ξxi ,3 = 0

Pxi ,k =
(−1)3−k

ξxi ,k(ξxi ,1−ξxi ,2)

Pxi ,3 = 1
m −

1
λxi ,4−λxi ,3

2

k = 1, 2 (21)

where λxi ,3 is the skewness coefficient of xi—when
∣∣λxi ,3

∣∣ is the larger, xi deviates greatly
from the standard normal distribution; λxi ,4 is the kurtosis coefficient—when

∣∣λxi ,4
∣∣ is

smaller, the value of xi is more concentrated near the expected value; and when λxi ,4 = 0,
the distribution of xi is consistent with the steepness of the standard normal distribution.
Because the standard normal distribution λxi ,3 = 0, λxi ,4 = 3; ξxi ,1 =

√
3, ξxi ,2 = −

√
3 can

be obtained from Equation (21).
After determining the value of each sampling point and its corresponding weight

coefficient, and because the expected value of the sampling point of each random variable
has been included, n − 1 points are repeated, whereas the three-point estimation method
has 3n sampling points and only 2n + 1 deterministic power flow calculation is required.
Therefore, the system cutting load PLoss can be obtained by 2n + 1 deterministic DC power
flow calculation and Loss = θ × PLoss, and further obtain the probability distribution of
loss degree.



Appl. Sci. 2022, 12, 3480 8 of 18

5. Risk Assessment Method Based on Three-Parameter Interval Grey Number
Decision-Making
5.1. Risk Probability Interval

After the equipment fault probability P, equipment importance E, and loss degree
Loss are certain, the risk value R can be obtained from Formula (1), and the l order origin
moment of the output variable R can be made certain by Formula (22).

E(Rl) = ∑n
k=1 ∑m

i=1 pxi ,k(R(k, i))l (l = 1, 2, 3, . . .) (22)

The origin moments of each order of the output variable R are calculated, and its
probability density function (PDF) and the cumulative distribution function (CDF) are
obtained by expanding the Cornish–Fisher series [28]:

z(α) = ξ(α) +
ξ2(α)− 1

6
β3 +

ξ3(α)− 3ξ(α)

24
β4 −

2ξ3(α)− 5ξ(α)

36
β3

2 +
ξ4(α)− 6ξ2(α) + 3

120
β5 (23)

where ξ(α) represents the inverse accumulative distribution function of α, ξ(α) = φ−1(α).
The cumulative distribution F(z) of z can be obtained by z(α) = F−1(α).

Since the transformer risk probability is given in the form of PDF and CDF, to fully
consider the impact of uncertainty on risk judgment, the risk probability is expressed
as an interval value—that is, R is represented by the corresponding interval of three
sampling points: R = [uxi −

√
3σxi ,uxi ,uxi +

√
3σxi ]. The three-parameter interval grey

number distance measure decision-making method is introduced to judge transformer risk
grade by using this interval value.

5.2. Three-Parameter Interval Grey Number Decision-Making

The three-parameter interval grey number refers to the most likely value of the given
grey number (center of gravity)—namely, the interval grey number [29] can be written as
A(⊗) = [a, ã, a].

Assume that A(⊗) = [a, ã, a] and B(⊗) = [b, b̃, b] are two three-parameters interval
grey numbers, where ã and b̃ are the most likely values, a and b are the possible lower limit
values, and a and b are the possible upper limit values. The distance between A(⊗) and
B(⊗) [30] is

d(A, B) =

√
3
5

(
ã− b̃

)2
+

2
5
[γ(a− b)2 + (1− γ)

(
a− b

)2
] (24)

where γ represents the risk preference of the decision-maker, γ ∈ [0, 1]. When γ > 0.5, it
indicates that the decision-maker is risk-averse (tends to use the left endpoint to measure
the distance between gray numbers). When γ < 0.5, it means that the decision-maker
is risk-seeking (tends to use the right endpoint to measure the distance between gray
numbers). When γ = 0.5, it indicates that the decision-maker is risk-neutral (tends to
comprehensively consider the endpoints on both sides to measure the distance between
gray numbers). To fully consider the impact of the fluctuation of risk value on risk judgment
caused by uncertainty, this paper takes γ = 0.5.

Referring to the decision-making method of the three-parameter interval grey number
distance measure, this paper uses expectation to represent the most likely value and
represent the upper and lower limits of each point in the left and right fields of expectation,
respectively. The steps are as follows: (1) Taking the interval corresponding to the three
sampling points on the PDF obtained by Formula (23) as the three-parameter interval gray
number A(⊗), A(⊗) = R= [uxi −

√
3σxi ,uxi ,uxi +

√
3σxi ]; (2) according to the expression of

A(⊗),the normal cloud model corresponding to each risk grade range is converted into a
three-parameter interval gray number B(⊗), so B(⊗) = [Ex −

√
3En, Ex, Ex +

√
3En]; and

(3) the risk grade of the equipment is determined by measuring the distance d(A,B) between
A(⊗) and B(⊗).



Appl. Sci. 2022, 12, 3480 9 of 18

5.3. Risk Assessment Process

This paper proposes a power transformer risk assessment method based on three-
parameter interval grey number decision-making, and the detailed assessment process is
shown in Figure 2.

Figure 2. Risk assessment process for a power transformer.

(1) According to the existing research and relevant guidelines, the selection of equipment
fault probability P, equipment importance E, and loss degree Loss are used as risk
indexes in the paper, the transformer risk is divided into five grades (N1~N5), and the
corresponding risk range of each grade is represented by the normal cloud model, as
shown in Table 1.

(2) The evaluation results based on [18] and the equipment fault probability P are calcu-
lated by Equations (3)~(6).

(3) According to the voltage grades and capacity of the transformer, the equipment
importance E was determined as shown in Table 2.
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(4) The PDF and CDF of random variable xi and their correlation coefficients are input,
and the correlation of random variables is eliminated through the Nataf transforma-
tion and Cholesky decomposition.

(5) The system cutting load PLoss is calculated by the probabilistic power flow model based
on the three-point estimation method, the loss degree is determined by Formula (13),
and the risk value R is obtained according to Formula (1).

(6) According to Formula (22), the origin moments of each order of the output vari-
able R is obtained, and then the PDF and CDF are obtained by the Cornish–
Fisher series expansion—that is, A(⊗) = R = [uxi −

√
3σxi ,uxi ,uxi +

√
3σxi ] and

B(⊗) = [Ex −
√

3En, Ex, Ex +
√

3En].
(7) The three-parameter interval gray number distance measurement formula is intro-

duced as Formula (24), and the final risk grade of the transformer is judged by
measuring the distance d(A, B) between A(⊗) and B(⊗).

6. Case Analysis

The effectiveness and accuracy of the proposed method were verified by taking an
actual power system in a certain area as an example, and it was implemented based on MAT-
LAB simulation software. The generator and load parameters are shown in Tables 3 and 4,
respectively; the total load of the system was 1188 MW; and the transformer parameters
are shown in [18], as well as in Table 5. To simplify the system load, the load power factor
of each node was assumed to be 0.75 and the correlation coefficient between loads was 0.8.
Assuming that two wind turbines with an installed capacity of 100 MW and 80 MW were
connected to nodes 11 and 13 of the system, respectively; their correlation coefficient was
0.7; and operation with a constant power factor was 1; the cut-in wind speed was 4 m/s,
rated wind speed was 15 m/s, cut-out wind speed was 25 m/s, scale parameter was 1.8,
and shape parameter was 7. The system structure diagram as in Figure 3, the numbers
marked in Figure 3 represent the number of nodes in the system.

Table 3. Generator node parameters.

Node pmin
g (MW) pmax

g (MW)

1 0 332.4
2 0 140
3 0 100
6 0 100
8 0 100

Table 4. Load node parameters.

Node 2 3 4 5 6 9

pmax
L (MW) 100 430 220 35 50 135

Node 10 11 12 13 14 -
pmax

L (MW) 45 15 30 60 68 -

Table 5. Transformer parameters.

Test Object Voltage Grades (kV) Capacities (MVA)

Transformer 1
220

120
Transformer 2 150
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Figure 3. System structure diagram.

6.1. Index Solution and Method Validation

Based on the condition evaluation results of Case 1 (Transformer 1) and Case 2 (Trans-
former 2) in [18] (as in Appendix A) and the transformer parameters in Table 5, the
equipment fault probability and importance of the equipment could be obtained from
Equations (3)–(6) and from Table 2, as shown in Table 6.

Table 6. Transformer corresponding to equipment fault probability and importance.

Test Object Test Group Equipment Fault Probability Equipment Importance

Transformer 1
First group 0.0938

4Second group 0.1186

Transformer 2
First group 0.0974

5Second group 0.1160

Supposing Transformer 1 installation at T1, as in Figure 3 in the red dotted line part,
the loss of power grid operation caused by the faulty exit of T1 was affected by wind power
and load uncertainty, with the wind power probability model and load probability model
characterizing the uncertainty and the introduction probability model of the three-point
estimation method calculating the PDF and CDF of the system loss, as shown in Figure 4.
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To verify the accuracy of the algorithm, by contrast, the expectation and standard
deviation of 20,000 Monte Carlo simulations (MCS) were used as the benchmark. The
results are shown in Table 7.

Table 7. Loss degree error comparison.

Index Loss Degree/%

εu 0.0555
εσ 1.7457

It can be seen from Figure 4 that the PDF of loss obtained by three-point estimation was
basically consistent with Monte Carlo. It can be seen from Table 7 that the error between
the three-point estimation and Monte Carlo was very small, but Monte Carlo calculation
required 255.29 s, whereas the three-point estimation only needed 0.94 s, indicating that
the algorithm met the accuracy and the calculation speed was far superior to Monte Carlo.
Comparisons with Monte Carlo will not be discussed later.

The risk probability distribution of Transformer 1 can be obtained from Equation (23), as shown
in Figure 5, so A1(⊗) = R1 = [52.29, 74.89, 97.50] and A2(⊗) = R2 = [65.19, 94.19, 123.18],
converting the normal cloud model corresponding to each risk grade range into a three-
parameter interval gray number B(⊗), as shown in Table 8. The distance d(A, B) between
A(⊗) and B(⊗) was measured by Equation (24) to judge the corresponding risk grade of
the equipment. The evaluation results are shown in Table 9.

Figure 5. PDF and CDF of Transformer 1 risk.

Table 8. The grade normal cloud model corresponds to grey number B(⊗) of the three-parameter interval.

N1 N2 N3 N4 N5

[−0.15, 6.00, 12.15] [11.57, 30.00, 48.43] [47.28, 78.00, 108.72] [106.99, 150.00, 193.01] [190.70, 246.00, 301.30]



Appl. Sci. 2022, 12, 3480 13 of 18

Table 9. Evaluation results of three-parameter interval grey number decision-making.

Test Group A(⊗)
Distance d(A,B)between Three-Parameter Interval Grey Number A(⊗) and B(⊗)

Evaluation Result
d1(A, B) d2(A, B) d3(A, B) d4(A, B) d5(A, B)

First group [52.29, 74.89, 97.50] 69.67 44.97 6.00 76.21 172.35 Medium risk

Second group [65.19, 94.19, 123.18] 89.36 64.53 16.22 56.51 152.72 Overall large risk

Analysis of the first group of test results: The distance d(A, B) between three-parameter in-
terval grey numbers A(⊗) and B(⊗) satisfied the relation d5(A, B) > d4(A, B) > d1(A, B) >
d2(A, B) > d3(A, B), and judging from the grey number decision of the three-parameter
interval, the transformer belongs to the medium-risk H3. The actual risk of the transformer
is that the system was seriously affected, with high property loss—that is, medium risk.

Analysis of the second group of test results: The distance d(A, B) between three-
parameter interval grey numbers A(⊗) and B(⊗) satisfied the relation d5(A, B) > d1(A, B) >
d2(A, B) > d4(A, B) > d3(A, B), although the distance value of d3(A, B) was the smallest,
the distance value of d4(A, B) was the second smallest, and it can be seen that the trans-
former had the tendency to transfer from medium-risk H3 to large-risk H4, which should
be large-risk H4 on the whole. The actual risk of the transformer is that the system was
seriously affected and the property loss was large—that is, large risk. In the two evaluations,
the results are in line with the actual transformer risk, which verifies the effectiveness of
the proposed method.

6.2. Analysis of Evaluation Measures

To illustrate the effectiveness and accuracy of the proposed method (represented
by 3©), it was compared with the certain risk assessment method (that is, quantitative
assessment of risk without taking into account the impact of uncertainty on the loss of
power grid operation, represented by 1©), and uncertainty—but only the expectation of risk
probability—was used to quantitatively assess risk (represented by 2©) for comparative
analysis. The assessment results of the different methods are shown in Table 10.

Table 10. Comparison of the evaluation results of the different methods.

Test Group Method Risk Value (10,000 RMB) Evaluation Result

First group
1© 136.31 Large risk
2© 74.89 Medium risk
3© [52.29, 74.89, 97.50] Medium risk

Second group
1© 179.24 Large risk
2© 94.19 Medium risk
3© [65.19, 94.19, 123.18] Overall large risk

Analysis of the first group of test results: When using method 1© to evaluate, the
risk condition of the transformer was overestimated, resulting in a waste of equipment
maintenance resources. Since the impact of uncertainty on the loss of power grid operation
caused by transformer fault was not taken into account, the calculated loss was often larger
than the loss caused by the actual fault of the equipment, the final quantified risk value was
too high, and the risk judgment result was biased; when method 2©was used to evaluate,
the evaluation result was consistent with method 3©.

Analysis of the second group of test results: When using method 2© to evaluate, the
tendency of the transformer risk to transfer to large risk was underestimated, which is not
conducive to the arrangement of the maintenance sequence. Only the expectation of risk
probability to certain quantitative was represented by the equipment risk condition—in
essence, it is a certain risk quantification method that leads to deviations in its risk judgment.
When using method 3© to evaluate, the risk value was based on the expectation, and
each point in the left and right fields as the gray number A(⊗) of the three-parameter
interval judged the risk—that is, it was represented by the interval corresponding to the
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three sampling points, comprehensively considering the influence of uncertainty on the
fluctuation of the risk value and using the interval number to determine the risk grade,
which made up for the deficiencies in method 1© and method 2©, and the obtained results
were more in line with the actual condition of the equipment, which proves the effectiveness
and accuracy of the proposed method.

In order to further verify the effectiveness and accuracy of the proposed method, a
comparative analysis was conducted with the methods in [8,23], and the results are shown
in Table 11.

Table 11. Comparison of the evaluation results.

Test Group Method Risk Value (10,000 RMB) Evaluation Result

First group
[8] 143.69 Large risk
[23] 189.98 Large risk

Proposed method [52.29, 74.89, 97.50] Medium risk

Second group
[8] 181.68 Large risk
[23] 240.21 Major risk

Proposed method [65.19, 94.19, 123.18] Overall large risk

It can be seen from Table 11 that when the method of [8] was used to judge, the trend
of transformer risk changes was overestimated in the first group of tests. Although this
method takes into account the loss of power grid operation caused by equipment fault,
it does not consider that the loss of power grid operation is affected by uncertain factors,
resulting in the high loss obtained by quantification, which affects the final risk decision.
When the method of [23] was used to judge, the trend of equipment risk changes was
overestimated in both groups of tests. The quantitative calculation of losses in this method
is affected by statistical data and expert experience, which have a great influence on the
subjectivity, and the influence of uncertain factors in the system on its losses is ignored,
resulting in a large change in the quantified loss, which in turn leads to a large change
in the quantified risk value obtained from the two tests. When the proposed method in
this paper was used to judge, the two evaluation results were more in line with the actual
situation of the equipment, the influence of uncertainty on the risk judgment was fully
considered, and the risk was represented by the interval value, which realized the use of
the equipment risk value interval to determine the risk, which avoids the defects of the
certain decision-making methods in [8,23], fully considers the influence of uncertain factors
on the risk determination of the transformer, and is more suitable for risk decision-making
under the actual operating environment of the equipment, thus verifying the effectiveness
and accuracy of the proposed method.

6.3. Analysis of Influence Factors

The influence of each factor on the judgment of the risk results were analyzed in terms
of four aspects: equipment fault probability, equipment importance, loss degree, and wind
power access position.

(1) To discuss the influence of different failure probabilities of the equipment on the
evaluation results, the evaluation results obtained from the two groups of data for
Transformer 1 in Table 6 corresponding to different fault probabilities were analyzed,
as shown in Table 12.

Table 12. Comparison of the evaluation results of different fault probabilities.

Test Group Fault Probability Risk Value (10,000 RMB) Evaluation Result

First group 0.0938 [52.29, 74.89, 97.50] Medium risk

Second group 0.1186 [65.19, 94.19, 123.18] Overall large risk
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It can be seen from Table 12 that the fault probabilities corresponding to the two
groups of test data for the same transformer were different, resulting in a large difference in
the risk assessment results, indicating that different fault probability has a greater impact
on the final risk judgment.

(2) To discuss the impact of different equipment importance on the evaluation results, the
first group of data for Transformer 1 and the first group of data for Transformer 2 in
Table 6 were used to analyze the evaluation results of different equipment importance
degrees, as shown in Table 13.

Table 13. Comparison of the evaluation results of different equipment importance.

Test Group Equipment
Importance

Equipment Fault
Probability Risk Value (10,000 RMB) Evaluation Result

First group 4 0.0938 [52.29, 74.89, 97.50] Medium risk

First group 5 0.0974 [67.87, 97.21, 126.55] Overall large risk

It can be seen from Table 13 that the evaluation results corresponding to the importance
of different equipment varied greatly, indicating that the importance of different equipment
has a greater impact on the final risk judgment when the difference in fault probability of
different equipment is small.

(3) To discuss the impact of different operating loss degrees on the risk, the evaluation
results corresponding to T2 fault and T1 fault of Transformer 1 were analyzed, as
shown in Table 14.

Table 14. Comparison of the evaluation results at different fault positions.

Test Group Fault Position Risk Value (10,000 RMB) Evaluation Result

First group T1 [52.29, 74.89, 97.50] Medium risk
T2 [60.67, 83.30, 105.93] Medium risk

Second group T1 [65.19, 94.19, 123.18] Overall large risk
T2 [78.94, 109.55, 140.15] Overall large risk

It can be seen from Table 14 that the evaluation results at the T2 fault position and at the
T1 fault position were consistent, but the risk value of the T2 fault was significantly greater
than that of the T1 fault—that is, the degree of system loss was more serious under the
condition of the same equipment fault probability and equipment importance, indicating
that the impact of the equipment fault at different positions on the system is different to
some extent.

It can be seen from Figure 3 of the system structure that when the equipment fault
was at T2, it obviously had a greater impact on the system than when the equipment fault
was at T1, which indicates that the method considers that equipment fault at different
positions has different impacts on the system, which is consistent with the actual situation
of the system.

(4) The influence of different access positions of wind turbines on the evaluation results
were discussed and the evaluation results corresponding to wind turbine access
system nodes 5 and 9, nodes 11 and 9, and nodes 11 and 13 when the fault was at T1
were analyzed, as shown in Table 15.
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Table 15. Comparison of evaluation results of different wind turbines access positions.

Test Object Test Group Access Positions Risk Value (10,000RMB) Evaluation Result

Transformer 1 First group
11, 13 [52.29, 74.89, 97.50] Medium risk

5, 9 [44.44, 69.85, 93.26] Medium risk
11, 9 [48.80, 69.39, 89.98] Medium risk

Transformer 1 Second group
11, 13 [65.19, 94.19, 123.18] Overall large risk

5, 9 [56.86, 88.32, 119.77] Medium risk
11, 9 [61.11, 87.73, 114.35] Medium risk

It can be seen from Table 15 that the risk evaluation results of the first group of
Transformer 1 in different access wind turbines were consistent, but when the wind turbines
access nodes 5 and 9 and nodes 11 and 9 were compared to access nodes 11 and 13 in the
equipment fault probability and importance under the same conditions, the corresponding
losses decreased, having a certain influence on different access positions on the system
loss. In the second group of Transformer 1, the risk evaluation results of connected wind
turbines at nodes 5 and 9 and nodes 11 and 9 were completely inconsistent with those at
nodes 11 and 13, indicating that different connected positions of the wind turbines have a
great influence on equipment risk judgment. It can also be seen from the table that although
the risk evaluation results obtained by connecting the wind turbines at nodes 5 and 9 and
nodes 11 and 9 in the two evaluations were consistent, the change in risk interval value
was still affected to some extent.

Case analysis shows that the proposed method fully considers the influence of un-
certain factors on the risk determination of the transformer and is more suitable for risk
decision-making under the actual operating environment of the equipment. The obtained
evaluation results are in line with the actual situation of the transformer, which verifies the
effectiveness and accuracy of the proposed method.

7. Conclusions

Given that the risk assessment method of power transformers mainly focuses on the
certain decision-making method with the equipment fault probability as the main index,
and that the lack of consideration of the influence of the power grid operation loss due to
uncertainty leads to the deviation of its risk judgment, a power transformer risk assessment
method based on the three-parameter interval gray number decision-making was proposed,
and the calculation and analysis were carried out in MATLAB simulation software. The
following conclusions can be obtained:

1. Considering that the loss degree is influenced by uncertain factors, the probabilistic
power flow model based on the three-point estimation method calculates loss degree
probability distribution and uses the interval numbers to characterize its uncertainty, which
avoids the deviation of risk judgment caused by the difficulty of the accurate quantification
of the loss degree index.

2. The three-parameter interval gray number decision-making is introduced into the
risk assessment of power transformers considering uncertainty, which realizes the full
use of the equipment risk value interval number to determine the risk and avoids the
decision-making defects of the traditional certain risk quantification method.

3. The influence of different factors on the risk assessment results is discussed, which
is in line with the actual operation condition of the transformer.

To sum up, compared with traditional certain quantitative risk assessment meth-
ods, the proposed method can effectively and accurately evaluate the transformer risk
condition, which provides a new judgment idea for power grid equipment quantitative
risk assessment.

The proposed method in this paper considers the influence of uncertainty on the
risk judgment of the transformer, but only the loss degree of the three risk indexes is
characterized by interval number, whereas other indexes are still quantified by certain
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values. How to reasonably convert equipment fault probability and equipment importance
into interval numbers and judge the risk of the transformer according to the interval
numbers of the three indexes still needs to be studied further.
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Appendix A

Table A1. Case 1 (Transformer 1) and Case 2 (Transformer 2) in [18].

Test Object Test Group
Condition Grade

Evaluation Result
H1 H2 H3 H4 H5

Transformer 1
First group 0.8203 0.8779 0.8380 0.7033 0.6819 Overall attention condition

Second group 0.6968 0.7342 0.7522 0.9176 0.7857 Abnormal condition

Transformer 2
First group 0.7998 0.8512 0.8655 0.7327 0.6987 Attentional condition

Second group 0.7058 0.7330 0.8067 0.8104 0.8091 Abnormal condition
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