96 PROTECTION AND CONTROL OF MODERN POWER SYSTEMS, VOL. 9, NO. 5, SEPTEMBER 2024

Unreliability Tracing of Power Systems for Identifying
the Most Critical Risk Factors Considering Mixed
Uncertainties in Wind Power Output
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Abstract—For conventional power systems, the forced
outage of components is the major cause of load shedding.
Unreliability tracing is utilized to allocate the total system
load-shedding risk among individual components in ac-
cordance with their different contributions. Therefore,
critical components are identified and pertinent measures
can be taken to improve system reliability. The integra-
tion of wind power introduces additional risk factors into
power systems, causing previous unreliability tracing
methods to become inapplicable. In this paper, a novel
unreliability tracing method is proposed that considers
both aleatory and epistemic uncertainties in wind power
output and their impacts on power system load-shedding
risk. First, modelling methods for wind power output
considering aleatory and epistemic uncertainties and
component outages are proposed. Then, a variance-based
index is proposed to measure the contributions of indi-
vidual risk factors to the system load-shedding risk. Fi-
nally, a novel unreliability tracing framework is devel-
oped to identify the critical factors that affect power sys-
tem reliability. Case studies verify the ability of the pro-
posed method to accurately allocate load-shedding risk to
individual risk factors, thus providing decision support
for reliability enhancement.
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NOMENCLATURE

A. Abbreviations
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error of wind power output
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k of wind power forecast error
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power forecast error, offset of failure
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wind variability index, average output
of wind power unit w

shape, scale parameters of Weibull
distribution
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I. INTRODUCTION

S everal major blackouts have occurred in recent years,
such as the power outage in Texas in February 2021
caused by the forced outage of generators due to ex-
treme cold weather [1] and another instance in Califor-
nia in August 2020 that resulted from a tripped gas-fired
unit [2]. Such incidents illustrate that the forced outage
of devices may have serious consequences for power
systems, including widespread emergency load shed-
ding [3]-[5].

A modern power system consists of a vast number of
electrical devices responsible for electricity generation,
transmission, distribution, and so on. Each device can
be regarded as a component for power system unrelia-
bility evaluation and tracing. Identification of the criti-
cal components that contribute most of the system
load-shedding risk is highly valuable. The results of
such analysis can be used in the allocation of mainte-
nance resources, equipment selection, and reinforce-
ment planning to improve system reliability under a
limited budget [6].

Considering the potentially significant role that crit-
ical component identification can play, several pio-
neering studies have been conducted on this topic,
which can be divided into three categories: sensitivity
analysis methods, electric-betweenness-based methods,
and unreliability tracing methods.

Sensitivity analysis methods focus on determining
the importance of components by calculating the change
rate of the system unreliability index relative to com-
ponent reliability parameters [7]-[9]. The electric-
betweenness-based methods use complex network theory
to determine the critical components of the system
[10]-[12]. However, sensitivity analysis methods have
difficulty analysing the influence of different components
in large-scale systems and high contingency-level outage
events, while electric-betweenness-based methods sig-
nificantly simplify the operation state and electrical
characteristics of power systems and require reanalysis of
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the network topology when it changes. In addition, the
above two types of methods have difficulty quantifying
the contributions of different components to the system
unreliability index and judging the primary and secondary
contributions of components to system risk.

Unreliability tracing methods, inspired by the similar
idea of power flow tracing for transmission loss alloca-
tion problems, make it possible to attribute system
load-shedding risk to specific components [13], [14]. In
this way, the identification of critical components can
be realized efficiently and comprehensively. In [13], the
proportional allocation principle was first proposed for
unreliability tracing. A relatively high unreliability
tracing index for a component indicates a significant
impact on the system load-shedding risk. In [14], the
system load-shedding risk is allocated to each compo-
nent based on the improved Shapley value.

Recently, wind power has developed rapidly to
achieve clean, efficient, and sustainable energy system
development and dual-carbon goals [15], [16]. The
large-scale integration of wind power has led to

enormous changes in the unreliability analysis of power
systems, as wind power output uncertainty has become
another major cause of system load-shedding risk [17],
[18]. There are two types of uncertainties related to
wind power output [19], [20]. Aleatory uncertainty is
due to the inherent volatility of wind speed and wind
power, whereas epistemic uncertainty results from
modelling error caused by a lack of data/knowledge
[21]-[23]. Wind power output uncertainties are com-
pletely different from component outages in terms of
modelling and analysis. Hence, traditional unreliability
tracing methods are difficult to apply to power systems
with a high level of wind power penetration [24], [25].

The relationship between system load-shedding risk and
multisource heterogeneous risk factors, including wind
power output uncertainty and component outage, is shown
in Fig. 1. In power systems integrated with wind power,
multisource heterogeneous risk factors are the major
causes of system load shedding, and unreliability tracing
can be utilized to allocate the system load-shedding risk to
individual risk factors for each component.

T Unreliability evaluation: quantify the system load-shedding risk (££NS) l
Risk factors State generation State analysis Unreliability indices
50% N Forced outage rate . O | . . . }—> OPF-based model —»  g(x,)
of component 1 Work Outage
2. . Veig|
Sample | . . <> }_, min g(x) — 2(xp) Weight
30% _ Forced outage rate . Sum
of component 2 Work Outage : P EENS
s @ O O swh®oso — )
Wind power : :
* 00 |
output : 3 = 7
uncertainty Low Mid High ‘ O I:‘ <> b, (¥.,)=0 — glxy, )
Unreliability tracing: allocate the system load-shedding risk to individual risk factors l

Fig. 1. The relationship between unreliability evaluation and tracing of power systems.

To address the current research gap, a novel unrelia-
bility tracing method is proposed in this paper to allo-
cate system load-shedding risk to not only component
outages but also the aleatory and epistemic uncertainties
of wind power output, which cannot be allocated via
traditional unreliability tracing methods. First, the mul-
tisource heterogeneous risk factors are modelled for
system unreliability allocation. Second, an unreliability
tracing index based on analysis of variance (ANOVA)
is first proposed to measure the contributions of indi-
vidual risk factors to the system load-shedding risk.
Finally, an unreliability tracing framework is developed
to identify the critical factors of the power system and
provide theoretical bases and suggestions for system
reliability enhancement.

If the aleatory uncertainty of wind power output has a
great impact on system load-shedding risk, it can be
reduced by employing additional electricity reserves,
participating in the auxiliary market, installing energy
storage equipment, and other means. If the epistemic

uncertainty of wind power output has a more significant
impact on system load-shedding risk, system operators
can be encouraged to work on developing more accurate
wind power forecast methods.

The rest of the paper is presented as follows. Section
II delineates the models for multisource heterogeneous
risk factors. Section III introduces the ANOVA-based
unreliability tracing method, and section IV describes
the unreliability tracing framework for power systems
integrated with wind power. Section V presents case
studies and conclusions are given in section VI.

II. MODELLING OF WIND POWER OUTPUT AND
COMPONENT RELIABILITY

The analysis and modelling of risk factors that con-
tribute to the system load-shedding risk are the basis of
unreliability tracing. In this section, wind power output
is first modelled considering both aleatory and epis-
temic uncertainties. Then, reliability models of different
types of components are developed.
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A. Wind Power Output Model Considering Aleatory and
Epistemic Uncertainties

Wind power is significantly affected by meteorolog-
ical conditions. Therefore, it is virtually impossible to
achieve a perfect forecast of wind power output without
any error. The wind power forecast error represents the
characteristic uncertainty between the forecast value
and the real value. The relationships between the real

value med, the forecast value "™, and the forecast
error "™ of the wind power output are as follows:
leind — Fwind + ewind (1)

Probability distribution fitting is a common method
of describing the aleatory uncertainty related to the
forecast error. The wind power forecast error has
commonly been assumed to be a nearly Gaussian dis-
tribution [26]. Through statistical analysis, the param-
eters of the Gaussian distribution that describe the wind
power forecast error can be calculated [27].

However, the Gaussian distribution established in
this way could be significantly different from the real
distribution of the wind power forecast error. The rea-
sons are twofold. First, the wind power forecast error
may not follow any particular distribution in reality [28],
[29]. Hence, modelling the forecast error as a Gaussian
distribution or any other standard distribution will result
in errors. Second, there may not be sufficient data to
accurately estimate the parameters of the distribution
model even if the forecast error follows a standard dis-
tribution [30]. These two reasons explain the existence
of epistemic uncertainty related to wind power forecast.

Accordingly, the wind power forecast error model
considering both aleatory and epistemic uncertainties
[30] is introduced in this section. First, the range of the
wind power forecast error is divided into N intervals as
follows:

e]x:vind :elwmd+(k_1)d,ke{1,2,---,N} (2)

d =@ —¢™ )N 3)
where k and d denote the indices of different intervals
and the width of each interval, respectively; ¢;"™ rep-
resents the minimum value in the interval & of the wind
wind wind

power forecast error; and ¢ and ey, represent the

lower and upper boundaries of the forecast error, re-
spectively.
1) Frame of Discernment

wind _ wind

Each interval [ek e ]is referred to as a basic

element represented by E, . The frame of discernment
(FOD) @ is the set of all E| :

O©={E E, - Ey} 4)

The power set of @ is 29, and any subset 4 of & can

be represented as an event containing possible wind
power forecast errors belonging to 29 :

s { CRTAREAR } .
{EI’E27”"Ek}’{EI’E3""9Ek+1}""’0
2) Basic Probability Assignment
A basic probability assignment (BPA), which is also

known as a mass function m, is introduced to assign the
probability to each subset A:

> m(A)=1 (6)
m(A)=0 (7
m(@)=0 (8)

Equation (6) indicates that the cumulative probability
sum of all subsets equals 1. Equation (7) indicates that
the probability of any subset 4 cannot be negative.
Equation (8) indicates that an empty set is meaningless;
thus, the BPA of & is zero. Any subset A satisfying
m(A) >0 is referred to as a focal element. Considering
the characteristics of the wind power forecast error and
the lack of historical data, some subsets satisfying
m(A) =0 must be considered to ensure the accuracy of
the wind power forecast error model. Therefore, the set
of extended focal elements (EFEs) @, is proposed to

represent the union of focal elements and basic ele-
ments.
3) Belief Function and Plausibility Function

To describe epistemic uncertainty, it is reasonable to
extend the probability distribution of the wind power
forecast error to a banded probability interval. The be-
lief function Bel is defined as the lower probability
boundary, whereas the plausibility function P/ is de-
fined as the upper probability boundary. Based on the
BPA m in FOD @, Bel and P! can be calculated as fol-
lows:

Bel(H,) = z m(H,),VH,,H, € O, ©)
H,cH,

PI(H)= Y m(H,)),VH,H,€0, (10
H,NH,#2

where H, and H, represent two different EFEs.

As shown in Fig. 2, the aleatory uncertainty indicates
that the wind power forecast error may belong to any
EFE. The epistemic uncertainty of any EFE

H (H, €0,) can be expressed by the belief interval

[Bel(H,),PI(H,)], where the bandwidth depends on

the known information.

Based on the cumulative distribution function (CDF),
the uncertainty model of wind power forecast error can
be established as follows:

0<Bel({E, -+ E})< P(E,)<PI({E, . E})<1 (11)
where P(E,) represents the CDF of £, .
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Fig. 2. Schematic diagram of Be/ and PI.

After the construction and fusion of multisource in-
formation [30], a precise BPA can be obtained through
the fusion of historical data and expert information.
Then, the improved BPA can be used for the calculation
of Bel and P/ in (11), and a modified wind power fore-
cast model considering multisource information can be
further obtained. Finally, in combination with (1), the
wind power output model considering both aleatory and
epistemic uncertainties is formulated.

B. Reliability Model of Wind Power Units

Due to intermittent and fluctuations in wind speed,
the degree and frequency of the load ratio variability of
wind power units are much greater than those of con-
ventional components, and the forced outages of elec-
tronic components inside wind power units is very sen-
sitive to frequent fluctuations.

With the rapid development of wind power in recent
years, the number and capacity of wind farms have been
increasing rapidly, and their operation situation is
changing rapidly. As a result, the available statistical
samples for the unreliability evaluation of wind farms are
limited. At present, the commonly used reliability pa-
rameters for wind farms are estimated based on military
manuals [31]. However, the reliability differs between
different regions and different types of wind farms; thus,
the reliability level is difficult to estimate accurately and
effectively via the military-manual-based method. The
application of general estimation formulas will lead to
great epistemic uncertainty.

Therefore, it is necessary to model the failure rate
Agindep (1) of wind power units varying with time ¢ con-
sidering wind scenarios:

ﬁ’wind-ep (t) = ﬁ’wind + ﬂ’ep (t) (1 2)

where 4,y and 4, (?) represent the constant value and
offset of the wind power unit failure rate, respectively.
The typical wind variability index ¥, and the aver-

age output P

form N, typical pairwise operating conditions [32]. The
offset boundary of the wind power unit failure rate is
V, and PMM

w mean,w

of wind power unit w are selected to

obtained based on all typical pairs.

Based on the uncertainty model in section II.A, the BPA
m, with N, EFEs can be established as follows:

m(H) =~

A
Based on the methods of expert information con-
struction and multisource information fusion in section
II.A, the fused BPA for the offset of the wind power unit
failure rate can be obtained.

(13)

C. Reliability Model of the Ageing Components

The reliability of components is affected by various
external and internal factors, such as meteorological
factors, load rate, and health status. Thus, the compo-
nents’ reliability parameters change dynamically. For
ageing components such as transmission lines, the fail-

ure rate of ageing components ﬁmm_age(f ) can be divided
into a constant failure rate A
rate A () [33]:

2l()()l‘l"l-‘dge (t) = ﬂ’com + 2'age (t) (14)

It is generally believed that the Weibull distribution
can perfectly describe the change in the ageing failure
rate of a component throughout its whole life cycle [34].
Based on the Weibull distribution, the ageing failure
rate can be expressed as follows:

ﬂ’age (ta Kl s Kz) = (KI/KZ )(t/KZ )Krl

and an ageing failure

(15)
where &, and «, represent the shape and scale param-
eters of the Weibull distribution, respectively.

However, the ageing outage mechanism of compo-
nents is extremely complex and has numerous influ-
encing factors. Although the Weibull distribution is
applicable from a statistical perspective, the epistemic
uncertainty of parameters cannot be avoided [35].

The probability box model combining the probability
model and the interval model is utilized to represent this
epistemic uncertainty by defining the upper and lower
boundaries of variables in the form of CDFs [36].

This approach is suitable for variables with known
boundary distribution functions such as the ageing
failure rate of components.

Let the intervals of the shape parameter and scale

parameter be & E[El, Kl] and K, e[gz, K2:|, where
K, , x» and K, , x, represent the lower and upper

boundaries of x, and «,, respectively. Then, the epis-

temic uncertainty of the component ageing failure rate

can be modelled as follows:
(1) =min 4, (x,,k,)

(16)
amn

Therefore, the ageing failure rate of components can

i’age

A () =max A_, (k,,K,)

age age

be characterized by the interval 4, € [&,ge ) ZﬂgeJ , where
Aye and Zage represent the lower and upper boundary

functions of 4, , respectively.
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The relationship between the probability box and the
epistemic uncertainty is shown in Fig. 3. Figure 3 shows
that the greater the difference between the upper and
lower boundary functions is, the greater the epistemic
uncertainty of the ageing failure rate of the components.

Similar to the wind power forecast error, the accuracy
of the failure rate model of the ageing components can
also be optimized based on multisource information.
The probability box model of the ageing failure rate of

components is discretized into finite pairs
(ﬂ’age,] > M, (A’age,l )) AR (ﬂ’age,nge , m, (ﬂ’age,Nage ). Here, any
Ager, A=k < Ny) denotes an interval and

m2 (/1 age,k,

age

) denotes the corresponding BPA of A, .

The probability box and the discretization process of the
component ageing failure rate are shown in Fig. 3.

CDF 4

Epistemic
uncertainty

v

o Component ageing failure rate
(occ./year)

Fig. 3. The probability box and discretization process of the

component ageing failure rate.

After the discretization process, the multisource in-
formation fusion method in section II.A can be utilized
to correct the component ageing failure rate and calcu-
late the corrected BPA.

III. UNRELIABILITY TRACING IDEA BASED ON ANOVA
A. Decomposition of the Unreliability Index Function
Based on ANOVA

Considering the mixed aleatory and epistemic un-
certainties of wind power output and component outage,
the unreliability index Y (such as the expected energy
not supplied (EENS)) can be expressed as a function of

the associated risk factors X,X;, =Xy -

Y:g(x)ax:{x]’x29“'7xNobj} (18)
where x and N, are the set and number of risk factors,

respectively.
Based on ANOVA theory [37], [38], the unreliability

index function g(x) can be decomposed into a sum of
2N subfunctions:

Nob.\
gx)=g,+D.8,(x)+ > g,(x.x)+ -+
v=1 ISV=VSNyy, (1 9)

g1,2,"',Nth (xl TR anbj )

101

where v e { 1,2, -,Nobj} represents the index of different

risk factors, constant g, represents the expectation

value of the unreliability index function g(x). g,(x,),
gy (x,,x,), and &is..x,, (xlvxza""x]\/ﬁhj) represent the
first-order subfunction of risk factor x, , the sec-
ond-order subfunction of risk factors x, and x,, and
the N,,-order subfunction of all risk factors, respec-
tively.

Equation (19) is called the ANOVA representation of
g(x) if the members in (20) are orthogonal and inte-

grable, and satisfy the following relationship [37]:

1
jo 8oy (X5, x )y, =0,y V'V (20)

Thus,
[e(x)dx=g, 1)

Suppose that g(x) is square integrable, square and
integrate both sides of (19):

Nobi

[ (e =g, +) [l (x,)dx, +

v=1

> g )dnd, 4ot (22)

1<y <V'sN,

obj
2
J.gl,z,---,Nubj (xlaxz""axNobJ )dx, - dx,,

obj
Thus, the variance expression of g(x) can be ob-
tained:

Ny
D=)>» D + D, +-+D, , =
; 1<y < VN, b (23)
[g*(x)dx-g;
where D,, D, , and Dl,z,.A,Nobi represent the variances

of the first-order subfunction g(x,), the second-order
subfunction g,.(x,,x,), and the N,y-order subfunc-

tion &2...x,, (¥i>%,57"> Xy, ), respectively.

B. Variance-based Unreliability Tracing Index

As described in section III.A, the variance of the un-
reliability index function g(x) is decomposed into a
sum of the variance contributions of individual risk
factors and the combined variance contribution of dif-
ferent risk factors. To recognize the critical factors of
power systems, it is necessary to investigate the inde-
pendent contributions of individual risk factors to sys-
tem unreliability. Therefore, the ratio of the variance
attributable to individual risk factors to the total system
variance is proposed as the unreliability tracing index,
which is calculated as follows:

24)

where S, represents the unreliability tracing index of
risk factor x,. D, can be obtained as follows [39]:



102 PROTECTION AND CONTROL OF MODERN POWER SYSTEMS, VOL. 9, NO. 5, SEPTEMBER 2024

D, = [g(x)[g(x, y) - g(x)]dxdx’  (25)
where y represents the complementary set of x, ; thus,
x={xv,y}. Similarly, x', and y' represent another
sample of risk factor x, and its complementary set,
respectively; thus, X' = {X'V,y’} .

Based on Monte Carlo simulation (MCS) two inde-
pendent random points X,_,and X',_,are sampled.

After N, trials, g,, D and D, can be calculated [39]:
1 = ,
8o ® Z |:g(x(k§am)) +g(x (k) ):| (26)
2NSB.\']’1 \Am =1
NERE o g 2 (27
D, ~ Z g( (Am))[g( l<km)vy( Sam))_g(x’(ksam)):| (28)
sam ksam_l

Ny} and N,

sam

where k€ {1 2,
and number of samples, respectively. X,

sam

represent the index
) and y(k

sam )

of risk factor x, and its comple-

Xbam) = {xv(ksm > Yk } :
Similarly, X', and V'y_, represent another sample
k,,, of risk factor x, and its complementary set, re-

sam

represent sample &,

mentary set, respectively; thus,

spectively; thus, x', { ey V' km)} .
IV. UNRELIABILITY TRACING FRAMEWORK FOR
POWER SYSTEMS INTEGRATED WITH WIND POWER

A. Generation of the Wind Power Output

The wind power forecast error includes both aleatory
and epistemic uncertainties; thus, the traditional simula-
tion methods are difficult to apply to the model in section
ILA. Therefore, a two-layer MCS method is utilized to
generate the wind power output sequence considering
aleatory and epistemic uncertainties [30] as follows:

Step 1: The outer MCS process is used to randomly
select the EFE to which the wind power forecast error
sample value belongs.

This first step addresses the aleatory uncertainty of
the wind power forecast error. A random number u,"
uniformly distributed in [0, 1] is sampled for wind
power unit w. Once u," is given, the corresponding EFE
can be obtained as follows:

[elwind wmd:l 0 lw < P(El)
| [e,:““d,e;:‘?d] P(E, ) <u' <P(E,)
ey = : (29)
L™, e | P(E ) < ul < P(E,)
[ et | P(E, ) <u <1
where ISEk<EK<N.

Due to the epistemic uncertainty of wind power
forecast errors, several P values may overlap. Thus, u,"
may correspond to multiple continuous EFEs. Therefore,
the lower boundary of E, and the upper boundary of

E, are selected to generate the sample interval

[e‘”‘“d e,jll“ld] for the outer MCS, and the width of the

sample interval depends on the degree of epistemic
uncertainty.
Step 2: The inner MCS process is used to randomly

select the sample value of the wind power forecast error.
The second step addresses the epistemic uncertainty

of the wind power forecast error. A random number u,

is sampled to determine the sample value ¢*™ of the

wind _wind :|

wind power forecast error from the range [ €

[O 1] _)ewmd e|:ewmd e/:’vln]djl (30)

A diagram of the two-layer MCS process is shown in
Fig. 4. The sample value of the wind power output is
calculated via (1). A wind power output sequence can

be obtained by repeating the above steps throughout the
sample period 7.

CDFA——BpPA — Bel Belief
—— Actual probability distribution Pl interval
l ,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,
The outer-layer
MCS
Uy fommmmmmm e e
0 PR e —1L >
et L“ -ld Wind power forecast
‘ error (MW)
CDFAl—RPA —— Bel Belief
—— Actual probability distribution rl interval
1
The inner-layer
MCS
T
0 _ZJ :

Wind power forecast
error (MW)

e: ind e“ ind

Fig. 4. Double-layer MCS in the generation of wind power
output considering aleatory and epistemic uncertainties.

B. Generation of Component States (Outage or Work)

The sequential MCS method is utilized to simulate
the component states to preserve the sequential char-
acteristics of component outages.

It is assumed that each component has two possible
states (outage or work), and all components are initially

in the work state. A random number 7;uniformly dis-
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tributed in [0, 1] is used to simulate the state duration &,
of component ;j as follows:
5 —

ln}/j 31

J

where 4, represents the state transition rate of compo-

nent j. If component j is in the work state, 4, is the
failure rate of component j, whereas if component; is in
the outage state, A, is the repair rate of component .

The state sequence of each component can be ob-
tained by repeating (31).

The wind power output sequence generated as de-
scribed in section IV.A should be updated based on the
simulated state sequence of the wind power unit. If the
wind power unit is in the outage state at time ¢, then its
wind power output at time ¢ is zero. If the wind power
unit is in the work state at time ¢, then its wind power
output at time ¢ remains unchanged. Furthermore, the
reliability model of wind farms can also be simplified as
a two-state model.

C. Calculation of the Unreliability Tracing Index

1) Calculation of Risk Factors

The method for generating the wind power output is
described in section IV.A, the aleatory and epistemic
uncertainties of the wind power output are characterized
by two independent random variables u," and u,’ , re-
spectively, which are uniformly distributed in [0, 1].
u," and u, have the same dimensions as the unreliability
index function g(x) and each corresponds to a certain
value at each sample time ¢, thus generating the wind
power output sequence of the sample period 7.

Although the component state sequence generated by
the sequential MCS method in section IV.B can char-
acterize the uncertainty of component outages, the state
duration does not correspond to the sample period 7. To
homogenize and integrate the uncertainty of component
outages into the unified tracing unreliability procedure,
the model in section IV.B needs to be multistated.

Suppose that a sufficiently long component state
sequence with the length of T is simulated as de-
scribed in section IV.B. Then, the component state se-
quence is truncated to the length of each sample period
T. In this way, a total of N, sequential state segments

om

can be obtained, and N__ can be calculated as follows:

com

— T;Om (32)
com T

0,,. and s; represent the state segment k., and
the state of component j, respectively, in a certain
sample period. A random number u] uniformly dis-
tributed in [0, 1] is generated for component j; thus, s,
can be calculated as follows:

: 1
0,,0<ul <——
com
s, = , kcom _1 g u./ g kcom (33)
J Jikeom 2 N 3 N
com com
0. ’M <u/ <1
JsNeom N 3
com

Therefore, u, (the set of u" representing aleatory

uncertainty of wind power output), u, (the set of u,
representing epistemic uncertainty of wind power out-
put), and u, (the set of u] representing the uncertainty
of component outages) during the sample period 7,
corresponding to the three kinds of risk factors, together
constitute the risk factor set x:
x={ul,u2,u3}

2) Calculation of the Unreliability Index Function

The unreliability index function g(x) should be cal-
culated for each risk factor sample using the optimal
power flow (OPF)-based model [40]:

Noug

(34)

g(x)=min z Z P (35)
i=l t=1
s.t.
u wind cur
h. (0, PY, P P)<0 (36)
wind cur
h, (0, P, P PMY=0 37
where P denotes the load shedding of bus i at time ¢.

The number of buses is N,

bus

and the sample period 7T is
24 h. The decision variables include the sets of bus phase
angles @, the thermal unit outputs p", the wind power
outputs p*n and the electric load shedding pevr.

The objective function in (35) is designed to mini-
mize the load shedding of the power system.

Equation (36) denotes the inequality constraints of
the OPF-based model, including the limits of transmis-
sion line capacity, generation and ramping capacity of
thermal units, wind power unit capacity, load shedding,
and phase angles, which are shown as follows:

6,-0.)/X,,|<F™s,, . Vii'eBVteT (38)

ii't>

P,[u,mins’ g P’t“ g })g[u,max gt vg (S G Vl S T (39)
R, <P} -P ,=<U,VgeGVteT (40)
I)Wthd mmSwJ < Pv:’;“d < Pv:/tmd,max Wit Ywe W VteT (41)

0<P"<pP™VieBVieT
-0 <0,<0™ VieBVteT

(42)
(43)
where 0, and 0,, denote the phase angles of buses i

and i" attime #; X, and F,." denote the reactance and
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maximum capacity of the transmission line connecting 365 Nan
buses i and i'; S;,, S,., and S, denote the binary EENS = g(xy,,) (43)

sam k\dm
Varlab1e§ to 1nd1cat.e the ;:[ates of the transmission 1'1ne 3) Calculation of the Unreliability Tracing Index
connecting buses 7 and i', thermal unit g, and wind

; - ‘ : The MCS process is used to generate two risk factor
power unit w, respectlvely. If the l_)m_ary variable equals sample sets ¢! and ¢2, each of which includes N,
0, the corresponding component is in the outage state,
and the maximum and minimum capacities equal 0;

otherwise, the capacities remain unchanged. P"™ and ~ sample set are Nm N, , and ¢* is the combined

samples with N, risk factors. The dimensions of each

L. 1 2
Pgru,max R;)vlmd1mn and Pwmdmax represen‘[ the minimum sample set of { and c .

and maximum outputs of thermal unit g and wind power
unit w, respectively; U, and R, denote the upwards D of g(x) can be calculated as follows:

Based on (26) and (27), the average g, and variance

. el . 1 2Nan
and downwardi ;ampmg capablhtl.es of thermal unit g, g~ Z g(é‘;ﬁm) (46)
respectively; 6™ denotes the maximum phase angle of 2N g Kot
tu tu wind load _ 1 2 Ngam
bus i; B, P, ., B, and P* represent the out D~ Z g (é.k )— g (47)
puts of thermal unit g at time ¢, t~A¢, wind power unit w 2N K

at time ¢, and the power load of bus i at time ¢, respec-
tively. B, T, G, and W denote the sets of buses, sample
time intervals, thermal units and wind power units, Based on sample sets ¢' and ¢, a new risk factor
respectively. sample set # for each risk factor x, is defined. The

Equation (37) denotes the equality constraints of the
OPF-based model comprising the DC power flow bal-

where ¢} represents the sample k.., of sample set ¢ .

sam

sample set " includes N, samples with N . risk

ance for each bus, which is shown as follows: factors. The value of each sample in the sample set "’

Z(g{t —-0,)/ X, +P™ - p = can be obtained as follows:

Lo =1,2,--,N,, and o #

S P+ Y P viieByier @Y o - St =120 Nyyandozv

g€G; | weW; | o ;ksam o=V (48)
where G; and W, denote the sets of thermal units and K €41,2,, Ny 1, Vv €{1, 2,0+, Ny
wind power units connected to bus i, respectively. where 77”) , &0 and &7 represent the sample

Then, with N samples, the unreliability index

alues in row k__ and column o of sample sets 5"’
EENS can be expressed as follows: Y lu ) W Ham , e P i
¢ and &7, respectively.

‘ The outer MCS: (29) Aleatory uncertainty: u; |
Sample | OPF-based Unreliability (50) Unreliability
reliability Jnreliability
‘ The inner MCS: (30) |—‘ Epistemic uncertainty: > ® ’W function: g(x) - tracing index: S,
Multi-state Component outage: i3
component model: (33)
Fig. 5. The calculation procedure of unreliability tracing index.
Based on (28), with sufficient samples, D, can be The unreliability tracing index calculation procedure
approximated as: is shown in Fig. 5. The purpose of the unreliability

1 N tracing index is to evaluate the contributions of indi-
D,x— > gl I:g ") -2 )} (49)  vidual risk factors to the system load-shedding risk.

Ksam

sam Fium =1 , During the procedure, the number of samples N,
where ﬂ/((v) , < ,1 and ¢ i, represent the k,, -row of  can be increased sequentially until the maximum vari-
sample sets ", ' and ¢?, respectively. ability coefficient ¢ of S, (SV € {SI,SQ,...,S Ny }) satis-

In summary, the unreliability tracing index of risk  faq the following convergence requirements:
factor x, can be estimated as follows [39]: ( )
£= max( Jx100%<g (51
23 o )22 )] S
S ~ Kam=l (50) Wwhere o(S,) and §, denote the standard deviation and
f g (Ck - gz mean of S,, respectively; and ¢, denotes the conver-

Ko =1 gence value of ¢.

sam
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4) Unreliability Tracing Flowchart
The algorithm flowchart for unreliability tracing is
shown in Fig. 6. The specific steps are as follows:

Input the basic data and initialize / =1

v

Obtain two sample sets £ and ¢ with
the sample number of N, by
repeatedly sampling #,,#, , and #u;

¥

Construct the sample set group 5
based on sample sets {'and {via (48)

Input the /th samples from sample sets
¢'and ¢ into the OPF-based model in
section IV.C for state analysis

[nitialize v =1
¥
Input the /th sample from sample set
v=v+l group # to the OPF-based model in I=1+1
x section IV.C for state analysis F Y
Y M
N

Calculate ZENS via (45) and unreliability
tracing index S, via (50) based on/-(N_ +2)

groups of reliability analysis results

€

Y

Rank the unreliability tracing index of
each risk factor to identify critical factors

Fig. 6. Flowchart for unreliability tracing for power systems
integrated with wind power.

Step 1: Input the basic data of the power system and
initialize / = 1.
Step 2: Obtain two sample sets ¢' and ¢, each

with the sample number of N,

sam °

by sampling u,, u,,
and u, during the sample period 7 repeatedly.

Step 3: Construct the sample set " based on sample
sets ¢! and ¢? via (48).

Step 4: Input sample / from sample sets ¢' and ¢?
into the OPF-based model in section IV.C for system
state analysis.

Step 5: Initialize v=1.

Step 6: Input sample / from sample set group 5"’
into the OPF-based model in section IV.C for system
state analysis.

Step 7: If v <N,

sam >

let v=v+1 and go to step 6;
otherwise, go to step 8.

Step 8: Calculate the system unreliability index via
(45) and the unreliability tracing index S, via (50)
based on the /-(N,
analysis results.

Step 9: If the maximum variability coefficient ¢ of
S, satisfies (51), go to step 10; otherwise, let I =1+1
and go to step 4.

Step 10: Rank the unreliability tracing index values
to identify the most critical risk factors for the power
system.

+2) groups of unreliability

V. CASE STUDY

The proposed unreliability tracing method for power
systems integrated with wind power is applied to an
improved IEEE-RTS79 system [41]. The specific en-
hancements to the system are to replace three thermal
units at bus 13 and one nuclear unit at bus 21 with four
wind farms. The parameters of the wind farms are
shown in Table I. The EENS is selected as a repre-
sentative unreliability index function for analysis.

TABLE 1
PARAMETERS OF THE WIND FARMS
Number MTTF MTTR
Wind . . of wind  of wind
Connected Capacity  of wind
farm power power
bus MW) power . .
number units units units
(hour) (hour)
1 13 1.5 130 6041 257
2 13 1.5 130 3000 257
3 13 1.5 260 6041 257
4 21 1.5 520 6041 257

First, to prove the effectiveness of the proposed
method, the system unreliability is allocated to conven-
tional units considering component outages and wind
farms considering component outages as well as alea-
tory and epistemic uncertainties of the wind power
output. Second, the contributions of the wind farms are
further allocated to component outage and wind power
output uncertainty, reflecting the contribution of wind
power output uncertainty to system unreliability. Fi-
nally, the contribution of wind power output uncertainty
is allocated to aleatory uncertainty and epistemic un-
certainty, and the specific contribution of epistemic
uncertainty to system unreliability is analysed.

A. Unreliability Tracing Results for Conventional
Components and Wind Farms

1) Unreliability Tracing Results of the Proportional
Allocation Method and the Proposed Method

Table II and Table III present the unreliability tracing
results of the proportional allocation method and the
proposed method based on EENS analysis, respectively.
The results are expressed in terms of the rank of the
unreliability tracing indices. For ease of analysis and
illustration, only the top 10 most critical components are
given. In addition, Fig. 7 compares the EENS-based
unreliability tracing indices of the six components that



106 PROTECTION AND CONTROL OF MODERN POWER SYSTEMS, VOL. 9, NO. 5, SEPTEMBER 2024

rank in the top 10 based on both unreliability tracing
methods.

As shown in Table II, the unreliability tracing indices
of components obtained via the proportional allocation
method tend to decrease with decreasing forced outage
rates (FORs). This is due to one of the two basic prin-
ciples of the proportional allocation method [13]: the
load-shedding risk is allocated proportionally to each
relevant component in accordance with their reliability
parameters.

TABLE I
UNRELIABILITY TRACING RESULTS BASED ON THE PROPORTIONAL
ALLOCATION METHOD
: Unreliability
Rank Component Coanected st;;lty FOR tracing
us MW) index (%)
1 Unit 31 18 400 0.12 21.44
2 Unit 30 23 350 0.08 9.78
3 Unit 6 1 20 0.10 3.12
4 Unit 7 1 20 0.10 3.12
5 Unit 8 2 20 0.10 3.12
6 Unit 9 2 20 0.10 3.12
7 Wind farm 2 13 195 0.08 3.03
8 Wind farm 4 21 800 0.04 2.95
9 Unit 23 15 155 0.04 2.37
10 Unit 24 16 155 0.04 2.37
TABLE III
UNRELIABILITY TRACING RESULTS BASED ON THE PROPOSED
METHOD
. Unreliability
t
Rank  Component Coanlfscted Cz}\[/)[e;;:/l Y FOR tracing
(MW) index (%)
1 Unit 31 18 400 0.12 20.84
2 Wind farm 4 21 800 0.04 11.13
3 Unit 30 23 350 0.08 9.31
4 Wind farm 3 13 390 0.04 3.65
5 Unit 23 15 155 0.04 2.09
6 Unit 24 16 155 0.04 1.97
7 Unit 25 23 155 0.04 1.66
8 Unit 26 23 155 0.04 1.66
9 Wind farm 2 13 195 0.08 1.65
10  Wind farm 1 13 195 0.04 1.35
24 T T T T T T T T T
s 0 Bl Proportional allocation method |
< 20 I Proposed method
E L
2 16
=
g
g 12
£z
= 8
=
8 r
= 4
=}

Unit31 Wind farm 4 Unit30  Unit 23
Component

Unit 24 Wind farm 2

Fig. 7. Unreliability tracing results based on the proportional
allocation method and the proposed method.

However, unreliability tracing based solely on com-
ponent reliability parameters lacks impartiality. For
example, the FOR of unit 23 is lower than that of unit 6,
but the capacity of unit 23 is greater. If unit 23 and unit 6
are in the outage state at the same time, unit 23 should
make a greater contribution to the load-shedding event.
However, unit 23 ranks lower than unit 6 in Table II,
indicating that unreliability tracing based only on the
components’ reliability parameters will lead to unrea-
sonable results. Specifically, in Table II, units 6-9 with
low capacities and high FORs, are unreasonable for
ranking higher in the unreliability tracing index than
other units with significantly larger capacities.

In addition, in some load-shedding events, the outage
of some components may not contribute to load shed-
ding. For example, there are two transmission lines, 36
and 37, connecting buses 23 and 20. Suppose that in a
load-shedding event, unit 25 and unit 26 at bus 23 and
transmission line 36 are in the outage state simultane-
ously, while transmission line 37 works normally. Un-
less the power flow is off-limit, the outage of transmis-
sion line 36 will not contribute to the load-shedding
event. Thus, it is wunreasonable to allocate the
load-shedding risk to these three outage components in
accordance with the reliability parameters of the com-
ponents, as in the proportional allocation method.

Moreover, the sum of the unreliability tracing indices
obtained under the proportional allocation method is
only approximately 80%. This is due to the second basic
principle of the proportional allocation method [13]:
only components in the outage state contribute to
load-shedding events.

However, in some load-shedding events in power
systems integrated with wind power, there is no com-
ponent in the outage state; thus, the system load shed-
ding is caused solely by the wind power output uncer-
tainty. Specifically, due to a lack of ramping ability, the
system may be unable to compensate for the wind power
output uncertainty, thus leading to load shedding. This
kind of load-shedding risk cannot be allocated via the
proportional allocation method. Thus, the effectiveness
of the unreliability tracing results and any reliability
enhancement strategy based on them will be suspected.

In contrast to the results of the proportional allocation
method, the sum of the unreliability tracing indices
obtained under the proposed method is close to 100%,
indicating the feasibility and validity of the proposed
method.

2) Reliability Enhancement Strategies Based on the
Unreliability Tracing Results

To validate the effectiveness of the proposed method,
reliability enhancement strategies are proposed based
on the unreliability tracing results of both the propor-
tional allocation method and the proposed method. The
specific strategy is to reduce the failure rate by 20% and
improve the repair rate by 20% for components ranked
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1-4, and to reduce the failure rate by 5% and improve
the repair rate by 5% for components ranked 5-10.

The system unreliability indices after the reliability
enhancement strategies are shown in Table IV.

TABLE IV
RELIABILITY ENHANCEMENT PERFORMANCE
EENS EENS reduction
Method (MW/year) (%)
Original system 6.73x10°
Proportional allocation 591x10° 1218
method
Proposed method 5.54x10° 17.68

Table IV shows that the unreliability index after the
reliability enhancement strategy based on the proposed
method is smaller than that after the strategy based on
the proportional allocation method. Specifically, the
system EENS is significantly reduced by 17.68% after
the strategy based on the proposed method.

Thus, it is proven that the reliability enhancement
strategy based on the unreliability tracing results of the
proposed method has obvious advantages, indicating that
the proposed method is more effective and reasonable.

B. Unreliability Tracing Results for Component Outage
and Wind Power Output Uncertainty

To measure the influence of the wind power output
on the adequacy of the power system capacity, the
concept of the wind power capacity credit is proposed.

The wind power capacity credit refers to the propor-
tion of conventional unit capacity that can be replaced
by wind power units while keeping the system reliabil-
ity unchanged.

It is generally believed that the wind power capacity
credit is between 20% and 30%. In the case study, the
wind power capacity credit is assumed to be 25%.

Based on the wind power capacity credit, wind farm 3
can be considered approximately equivalent to a con-
ventional unit with a capacity of 97.5 MW. However, as
shown in Table III, its unreliability tracing index is
greater than those of units 23-26 with the same FOR,
each of which has a capacity of 155 MW.

Therefore, the unreliability tracing index of a wind
farm is much greater than that of a conventional unit
with similar capacity after wind power capacity credit
conversion. This is because, after the large-scale inte-
gration of wind power, system load shedding is caused
not only by inadequacy but also by variability, mainly
resulting from the uncertainty of wind power output.
The unreliability tracing indices of the four wind farms
can be further subdivided as shown in Fig. 8.

It can be seen in Fig. 8 that, the unreliability tracing
index of wind power output uncertainty is 2—3 times
that of component outages, indicating that wind power
output uncertainty is more noteworthy for power sys-
tems integrated with wind power.
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sl I Wind power output uncertainty
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Unreliability tracing index (%)

Wind farm | Wind farm 2 Wind farm 3 Wind farm 4
Component

Fig. 8. Unreliability tracing results for risk factors related to wind
power.

C. Unreliability Tracing Results for the Aleatory Un-
certainty and Epistemic Uncertainty of Wind Power
Output

As seen from section V.B, the wind power output
uncertainty contributes greatly to the system
load-shedding risk. In addition, wind power output
uncertainty can be further divided into aleatory uncer-
tainty and epistemic uncertainty. Aleatory uncertainty is
determined by the inherent fluctuations of wind, which
cannot be artificially adjusted. However, epistemic
uncertainty is caused by incomplete knowledge, which
can be reduced by artificial means.

Therefore, the unreliability tracing index corre-
sponding to the wind power output uncertainty is further
subdivided into indices corresponding to aleatory and
epistemic uncertainties, as shown in Fig. 9.

6
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% 5HMM Epistemic uncertainty |
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Wind farm 1 Wind farm 2 Wind farm 3 Wind farm 4
Component

Fig. 9. Unreliability tracing results for the aleatory and epistemic
uncertainties of the wind power output.

As shown in Fig. 9, the unreliability tracing indices
corresponding to the aleatory uncertainty and epistemic
uncertainty of wind farms 1 and 2 are identical. This is
because they are connected to the same bus and have the
same capacity; thus, the distributions of the associated
uncertainties are identical. However, as shown in Fig. 8,
the unreliability tracing index of component outage for
wind farm 2 is greater than that for wind farm 1. This is
due to the greater FOR of wind farm 2 than that of wind
farm 1.
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The unreliability tracing indices of component outage,
aleatory uncertainty, and epistemic uncertainty for wind
farms 1, 3, and 4 increase successively. This is because
their capacities increase successively with the same
FOR. Moreover, the unreliability tracing index corre-
sponding to aleatory uncertainty increases the fastest,
indicating that the share of unreliability contributed by
wind fluctuations increases with increasing wind farm

capacity.

D. Influence of Epistemic Uncertainty on System Unre-
liability

Three different levels of epistemic uncertainty are
considered by adjusting the amount of data. The level
used in sections V.A-V.C is 50%. A level of 0% rep-
resents a precise model with sufficient data, while a
level of 100% represents an inaccurate model based on
very little data. The system unreliability indices with
different levels of epistemic uncertainty are shown in
Table V.

W Epistemic B Component M Epistemic

uncertainty 38% outage 25% uncertainty 20%

M Aleatory uncertainty 37%

|
|
!
|
|
|
|
|
|
I
I
I
I
I
I
I
I
I
I
Epistemic uncertainty level (100%) :
|

M Aleatory uncertainty 48%

Epistemic uncertainty level (50%)
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TABLE V
RELIABILITY ENHANCEMENT PERFORMANCE
Epistemic uncertainty level EENS EENS reduction
(%) (MW/year) (%)
100 6.99x10°
50 6.73x10° 3.72
0 6.44x10° 7.87

As shown in Table V, the EENS decreases as the
epistemic uncertainty level decreases, and it is signifi-
cantly reduced by 7.87% with the elimination of epis-
temic uncertainty.

These findings prove that the system reliability can
be improved by reducing the epistemic uncertainty level.
This is due to the wind power output model uncertainty
caused by epistemic uncertainty, which the power sys-
tem lacks the ramping ability to compensate for, thus
resulting in system unreliability.

Taking wind farm 4 as an example, the influence of
epistemic uncertainty on unreliability tracing is further
analysed in Fig. 10, where the size of the pie chart rep-
resents the magnitude of the unreliability tracing index
of wind farm 4.

M Epistemic
uncertainty 0%

® Component B (Component
)

outage 32% outage 40%

W Aleatory uncertainty 60%

Epistemic uncertainty level (0%)

Fig. 10. Unreliability tracing results with different levels of epistemic uncertainty.

As shown in Fig. 10, the unreliability tracing index
associated with epistemic uncertainty decreases with
decreasing epistemic uncertainty. However, the ratio
between the indices associated with aleatory uncertainty
and component outage remains at 3:2, indicating that
the change in the epistemic uncertainty level does not
influence the unreliability contribution of aleatory un-
certainty and component outage for the same wind farm.

VI. CONCLUSIONS

In this paper, a novel unreliability tracing model is
developed for identifying the most critical risk factors in
power systems integrated with wind power. First,
models of multisource heterogeneous factors are estab-
lished through a full analysis of different characteristics
of the risk factors for power systems integrated with
wind power. Then, based on ANOVA theory, an unre-
liability tracing index is established to measure the
contributions of individual risk factors to the system

load-shedding risk. Finally, a novel unreliability tracing
method for power systems integrated with wind power
is proposed.

The simulation results verify that the proposed
method can effectively identify the critical risk factors
associated with power system load shedding and
thereby guide the development of targeted reliability
enhancement strategies.

Guided by the proposed unreliability tracing method,
the corresponding enhancement strategy reduces the
EENS by 17.68%, which is 1.5 times the reduction
achieved based on the traditional proportional allocation
method. This demonstrates that the proposed method
provides more accurate results than the traditional
method. Moreover, wind power output uncertainty has a
significant detrimental impact on power system relia-
bility, which is even greater than that of component
outages. Specifically, the unreliability tracing index
associated with wind power output uncertainty is 2—3
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times that associated with component outages. In addi-
tion, the EENS significantly decreases by 7.87% when
wind power epistemic uncertainty is eliminated, indi-
cating the effectiveness of enhancing system reliability
by eliminating epistemic uncertainty.
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