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Stability Considering Wake Effects of Wind Farms

Zhaoyuan Wang, Graduate Student Member, IEEE and Siqi Bu, Senior Member, IEEE

Abstract—Most existing studies on probabilistic frequency
stability (PFS) affected by the uncertainty of wind power
generation ignore the heterogeneity and interactions of wind
turbines inside wind farms (WFs), i.e., wake effects (WEs), which
will lead to inaccurate results. This paper proposes a method for
analyzing PFS considering the WEs of WFs. Firstly, an analytical
WE model suitable for PFS analysis is proposed. The proposed
time-saving WE model can be easily integrated into the original
frequency response model of power systems and comprehensively
consider multiple types of terrains, the wind direction, and the
time delay of wind flow, reflecting the WEs of WFs more
realistically. To analyze the system frequency and the area-level
frequency simultaneously and consider the implicit relationship
between them, the multiple output Gaussian process regression is
designed to improve efficiency and accuracy. Case studies are
carried out to verify the effectiveness of the proposed method and
demonstrate the necessity of considering the WEs of WFs in PFS
analysis. Moreover, the impact of the wind direction, the terrain,
and the layout on PFS is investigated.

Index Terms—Analytical wake effect model, Gaussian process
regression, probabilistic stability analysis, risk assessment,
uncertainty propagation.

1. INTRODUCTION

N response to energy shortages, many countries are
vigorously developing wind power generation (WPG).
However, the increasing penetration of WPG contributes to
the decrease of power system inertia [1, 2], which would pose
a huge threat to frequency stability (FS), even if there are WPG
control schemes capable of providing system inertia. Moreover,
the intermittence and the fluctuation of WPG have increased the
risk of system power imbalance and further deteriorated FS [3].
Thus, it is crucial to investigate the impact of the uncertainties
of WPG on FS of power systems with reduced inertia.
Commonly, probabilistic stability analysis includes two
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major tasks, i.e., uncertainty modeling and uncertainty
propagation analysis. To model the generation uncertainties of
wind farms (WFs), the basic idea is to apply the probability
density functions (PDFs), cumulative density functions, or
historical data to characterize the probability distribution of
uncertainties of the wind speed [4] and then to model the
relationship between the output power of WFs and the wind
speed based on WF models. Moreover, in a WF, wind turbines
(WTs) at the wind downstream position are affected by the
wake of upstream WTs, resulting in the deficit of the
downstream wind speed, i.e., wake effects (WEs). As
summarized in existing studies [5, 6], WF models considering
WEs mainly contain three types, i.e., the single-machine
aggregated model (SAM), the multi-machine cluster-based
aggregated model (MCAM), and the detailed model. Among
them, SAMs use only one aggregated WT to characterize the
WF and have the lowest accuracy. Normally, SAMs calculate
the output power of every WT according to simplified
maximum power point tracking (MPPT) and then derive the
total output power of the WF. And finally, the aggregated wind
speed is calculated by using the MPPT curve inversely [7].
Besides, authors in [8] have calculated the aggregated wind
speed by directly averaging the wind speeds of all WTs. For
MCAMs, the WF is characterized by multiple aggregated WTs
with similar WE strength based on the cluster [5, 9, 10].
Moreover, in [11], the probabilistic cluster has been proposed
to consider the uncertainty of wind. By comparison, the
accuracy of both SAMs and MCAMs is lower than that of the
detailed model, where all WTs with the corresponding wind
speed are individually modeled without aggregation [12]. Thus,
adopting the detailed WF model considering WEs to ensure the
analysis accuracy is necessary. Additionally, in existing studies
on probabilistic frequency stability (PFS) analysis, the applied
WF models do not consider WEs [3, 13-15]. Thus, it is worth
studying whether the ignorance of WEs is reasonable in PFS
analysis based on the detailed WF model and what is the
specific impact of WEs on PFS.

To characterize the WEs of WFs, different models have been
proposed and can be mainly divided into numerical models and
analytical models, which are summarized in some review
papers [16-20]. Numerical WE models are based on
computational fluid dynamics (CFD). According to the
underlying turbulence modeling, CFD models can be
categorized as the large eddy simulation and Reynolds-
averaged Navier-Stokes [16]. The major merit of them is their
high accuracy. However, they are quite time-consuming. To
reduce time costs, actuator coupling, model simplification, and
heterogeneous computing [21] are applied in CFD models.
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However, even if the acceleration manner is used, the
computation still typically takes several hours [21]. Thus, time-
consuming CFD models are not suitable for probabilistic
stability analysis, where at least a few simulations are usually
needed. By comparison, the significant merit of analytical WE
models is that the computational time is quite limited. Hence,
analytical WE models are more suitable for probabilistic
stability analysis. Among the analytical WE models widely
applied, the Jensen WE model is based on the principle of
conservation of mass [12, 22]. The Frandsen WE model is
based on the principle of conservation of mass and momentum
[23]. However, these two WE models assume that the wind
speed at the same streamwise section in the wake region is
identical, which is not in line with actual WEs. In fact, the shape
of the wind speed deficit due to WEs is more similar to the
Gaussian function [16]. Thus, to improve the accuracy of WEs,
the Gaussian WE model is proposed [24]. Moreover, some
improved analytical WE models have been proposed to
consider the impact of different factors on WEs, including the
wind direction [5, 9-11, 25], the single complex terrain [25, 26],
and the time delay of wind flow [27]. However, these existing
studies only consider the above factors partly rather than
entirely and only consider one type of complex terrain rather
than multiple types. Moreover, most of the existing analytical
WE models considering different factors are based on the
Jensen WE model [5, 9-12, 25, 26], the accuracy of which is
limited. Thus, an accurate WE model suitable for PFS analysis
and comprehensively considering the multiple factors affecting
the WEs of WFs is required.

Additionally, uncertainty propagation analysis mainly
consists of three approaches, i.e., numerical approaches,
analytical approaches, and approximation approaches. One of
the most typical numerical approaches is Monte Carlo
simulation (MCS) [4], the results of which are usually regarded
as the baseline to verify the performance of other methods.
Besides, some methods for improving the sampling efficiency
are proposed, e.g., Latin hypercube sampling (LHS) and quasi-
MCS [28]. However, the time-consuming characteristic
restricts the wide application of them in practice. Analytical
approaches mainly include cumulant-based methods [13] and
point estimation methods [29]. Cumulant-based methods utilize
the cumulant of uncertainties to estimate that of concerned
system responses and apply the series expansion to estimate the
PDFs of concerned system responses. By comparison, point
estimation methods utilize the central moment. However, the
accuracy of estimated PDFs by analytical approaches is limited
[30,31].

For approximation approaches, polynomial chaos expansion
(PCE) [32, 33] and low-rank approximation (LRA) [34] are two
typical methods based on orthogonal polynomials
corresponding to the probability distributions of uncertainties.
PCE is in the extended form. LRA is in the tensor-product form.
However, the explicit correlation expression of uncertainties is
required for PCE, LRA, and analytical approaches.
Furthermore, the complicated correlation induced by WEs
cannot be characterized as expected. Thus, they are not suitable
for probabilistic stability analysis considering WEs. Recently,

another approximation approach, i.e., Gaussian process
regression (GPR), has been applied to probabilistic stability
analysis of power systems, including voltage stability [28] and
transient stability [35]. Thanks to the merit of GPR that only the
sampling points of uncertainties are needed [36], GPR has the
potential to analyze the probabilistic stability considering WEs.
However, to the best of our knowledge, there is no attempt at
PFS analysis by applying GPR and considering WEs.
Moreover, both the system frequency and the area-level
frequency are concerned in PFS, and there is an implicit
relationship between the system and area-level frequency
responses. If the conventional GPR with only one output is
applied to analyze the probabilistic stability of system and area-
level frequency responses individually, the implicit relationship
will be overlooked. Therefore, to improve analysis accuracy, a
GPR with multiple outputs considering the relationship
between frequency responses is required.

In view of the aforementioned background, a PFS analysis
method considering the WEs of WFs is proposed in this paper.
The main contributions of the paper are summarized as follows.

1) The designed multiple output GPR (MOGPR) analyzes
the probabilistic stability of the system frequency and the
area-level frequency simultaneously and considers the
relationship between them, which improves the analysis
accuracy and efficiency. These PFS analysis results will
provide guidance to equip additional frequency regulation
control. Furthermore, since GPR-based methods only
require the sampling points of uncertainties, both
MOGPR and GPR are suitable for the correlation caused
by WEs. By comparison, the existing PCE and LRA
cannot handle it.

2) The necessity of considering the WEs of WFs in PFS
analysis is revealed based on the proposed WE model,
which is ignored in the existing studies. This model
possesses many merits: a) It only brings a slight increase
in terms of the computational time when considering WEs
of WFs in PFS analysis; b) Based on the Gaussian WE
model, it comprehensively considers multiple types of
terrains, the wind direction, and the time delay of wind
flow, which can be applied to study the impact of different
factors on PFS; c) It can be easily integrated into the
original frequency response models of power systems
ignoring WEs without modifications. Thus, it is suitable
for PFS analysis and realistically reflects the WEs in WFs.

3) The impact of the wind direction, the terrain, and the WT
layout on PFS is investigated. These factors will result in
different wind speed deficits caused by different WEs, the
levels of nature wind speeds, and WPG penetrations,
thereby affecting PFS. The results will provide guidance
to plan the WF siting and layout considering PFS.

The remaining sections are organized as follows. In Section
11, a WE model of WF considering multiple factors is proposed.
In addition, the system and area-level frequency responses are
given. Section III designs MOGPR for PFS analysis to improve
the accuracy and the efficiency. In Section IV, the case study is
conducted to verify the effectiveness of the proposed method
and study the impact of different factors on PFS. Section V
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draws the conclusions.

II. WAKE EFFECT MODEL OF THE WIND FARM CONSIDERING
MULTIPLE FACTORS FOR ANALYZING FREQUENCY RESPONSES

A. Wake Effect Model of the Wind Farm Considering Multiple
Factors
1) Basic WE Model
The WE of the WT based on the Gaussian model is shown in
Fig. 1.

Xus Yur ) :
Wake region 1
(a. Ya ha))

_.-f.EF! ..... _"ft A Gsll]';;i:n

Fig. 1. WE of the WT based on the Gaussian WE model.

In Fig. 1, v, is the incoming upstream wind speed. v, is the
downstream wind speed in the wind direction, which is lower
than v, due to the WE of the WT. (x., y.,h ) and
(x4, ya, ha) are the positions of the upstream and indicated
downstream WTs separately. D, is the diameter of the

upstream WT blade.
According to the mass and momentum conservation,
j PV (Ve —va)dS = CrpS,v2 12, (1)

where p is the air density. S denotes the cross-sectional area
of the wake. C; is the thrust coefficient of the WT. S,, denotes
the area swept by the WT blades, which has the following
relationship with the cross-sectional area of the wake just after
the initial wake expansion S, [24]:

S, =aS, (2)
where o = (1++/1-Cr )/ (21-C7 ).

The Gaussian WE model assumes that the wind speed deficit
has a Gaussian shape [24]. Thus, the normalized downstream
wind speed deficit d,, can be expressed as:

dy=0u—Vvs)/ve =g(xs —x,)e " 3)
where 1 =[(y,—y,)* +(ha —h,)*]1/ (2Dior) . o, denotes the
width of the wake. g(.) is the function of the wind speed deficit
at the center of the wake region.

Thus, the downstream wind speed v, can be expressed as:

vi =[1-g(xs —x.)e " . “)
Substituting (4) into (1),
8(ow ! Dy) g(xs —x,)* —=16(0, / D) g(x4 —x,)+ Cr =0.(5)
Solving (5) and taking the solution in line with the actual
situation, g(.) can be derived as:
g(xs —x)=1=1-C; /[8(c / D,)*]. (6)
Usually, the wake region is regarded as the linear expansion.

Thus, o, / D, can be expressed as:
Ow/! Dy =ky(xa —x.)+ &, @)

where k, is the wake region growth rate. ¢, = 0.25va [24].
Substituting (6) and (7) into (4), v, can be derived as:

Vo =[1=(=\1-Cr / k(s —x)+ & D . (8)
2) Considering Terrain
In the basic Gaussian WE model, the impact of the terrain is
ignored. According to the Lissaman model [26], the nature wind
speed varies at different heights, which can be described as:
V&n /Vu = (hd /h”)y, (9)

where v;, is the nature wind speed at the height 4, ignoring the
terrain. y is the coefficient of the wind speed variation with the
height.

In addition, according to the lossless Bernoulli equation, the
relationship between the wind speed deficits corresponding to
different wind speeds can be described as [25]:

dw /dwn = (Vc’ln /Vu)z, (10)

where d,, is the normalized wind speed deficit corresponding
to vy, .
After considering the airflow of different terrains, the nature
wind speed v,, at the height 4, can be expressed as [37]:
Van = (L+aH / Le "' )Wy, 1

where H and L are the height and length of the terrain,
respectively. ¢, and ¢, are the airflow coefficients of different
terrains.

Apart from the flat terrain, three complex terrains are
included in this WE model, which can be formulated as [37]:

H/(1+x2 /), Ridge
he =4 He "¢ %3VE  Circular hill

H[1+cos(m+/xZ + yZ /(2L))]/ 2, Rolling terrain
where (x.,y.,h:) is a relative position from the terrain center.
Substituting (9)-(12) into (8), the WE considering the terrain
can be expressed as:
va = [1=(A=1=Cr / {8[k(xs =X ) + 4T })-
et (b ! ha)" 1(ha | 1Y .
3) Considering Wind Direction
When the wind direction changes, the relative position of the
WT changes, which may cause the original upstream WT to
become a downstream WT. Therefore, it is necessary to convert
the relative position of the WT from its geographical location
to its relative position along the wind direction. Assume that the
angle between the wind direction and the positive direction of
the x-axis on the x-y plane is 6,,, and the angle between the
wind direction and the positive direction of the y-axis on the y-
h plane is 6, . The conversion between the position of WTs in
the wind speed coordinate system (x,, y.,%,) and the
position in the geographic coordinate system (x, v, &) is [12]:
(X_w, Yows h-W) = (X_, Y, h)T}hTW: (14)

., (12)

(13)

1 0 0 cosé, sind, 0
where 7, =| 0 cos@,, sinb, |. T, =|—-sind_ cosd, 0.
0 —sin6,, cosb,, 0 0 1

Substituting (14) into (13), the WE considering the wind
direction can be derived as:

Va = [1= (1= 1= Cr / {80k (i — Xus) + £ 1)
e (ha ! ha ) 1(ha 1 B Y v

(15)
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where A, is A calculated in the wind speed coordinate system.
4) Considering the WEs of Multiple Upstream Wind
Turbines

The above WE model only considers the WE of one upstream

WT on the wind speed of the downstream WT. In reality, all

upstream WTs affect the downstream wind speed, and the

downstream wind speed deficit is the superposition of the WEs
of all upstream WTs, which can be described as [9]:

Z d2
where N, is the quantity of upstream WTs.
Substituting (15) into (16), the WEs considering multiple
upstream WTs can be derived as:
v =[S (LA =1=Cr / {81k (s — Xy ) + &0 T D
d — Vdn —
e (hy 1 ha Y Nha | g v}

(16)

Va = Van (1

(17)

where A,, is 4, ofj-th upstream WT.

5) Considering the Time Delay of Wind Flow

Since WFs usually cover large geographic areas, it may take
an unignorable time period for the wind to pass through WFs.
If there is a wind speed change at the time ¢ from the upstream
position, the downstream wind speed v,(¢#) will change
correspondingly after a time delay ¢ rather than
simultaneously. Thus, v, (¢) is calculated based on the wind
speed at t—7, and the time delay can be determined by the
integral of the downstream distance divided by the wind speed,

Le, 7= J- OXW 1/vadx [12]. Thus, after considering the time delay
of wind flow and WEs, the wind speed can be expressed as:
Va (f) = Van (t - T)
—_— —_— —_— . 2 .
| A=1=Cr /8 (s =)+ 8D (1)

e GG W=y

B. System and Area-Level Frequency Responses

In this paper, WTs adopt permanent magnet synchronous
generators (PMSGs) as examples [38]. The power electronic-
interfaced PMSG includes three parts: the PMSG, the machine
side converter (MSC), and the grid side converter (GSC) [39],
as presented in Fig. 2 (a). MSC and GSC controllers are shown
in Fig. 2 (b), where the droop control is flexibly equipped as the
additional frequency regulation control for WTs. In addition,
the primary frequency regulation for synchronous generators
(SGs) and automatic generation control (AGC) are considered
[40], as shown in Fig. 2 (c). The area-level frequency is
determined by the frequency of SGs within the area, which can
be calculated as [15]:

fa= D Hogfu ! Y He, (19)

where f, is the frequency of the i-th area. N, denotes the
quantity of SGs in the i-th area. H,, and f,, are the inertia and
frequency of the ¢g-th SG, respectively.

From Fig. 2, the variation of the nature wind speed will
change the received wind speed of WTs in WFs in different

degrees due to WEs, which will lead to the output power
variations of WTs according to MPPT. Thus, the power
imbalance will occur and result in the speed regulation of SGs,
thereby affecting the frequency. Similarly, the system
frequency f, is determined by the area-level frequency,
which can be calculated as:

P ST 20)

where N, denotes the quantity of areas. H, and f, are the
inertia and frequency of the i-th area, respectively.

Additionally, from Fig. 2, the proposed WE model and the
frequency response of power systems are calculated
individually, where the WE model outputs are the inputs of the
power system model. Thus, this WE model can be easily
integrated into PFS analysis without any modifications to the
power system model ignoring WEs.
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Fig. 2. (a) WF model; (b) WT control strategy; (c) System and
area-level frequency responses.

III. MULTIPLE OUTPUT GAUSSIAN PROCESS REGRESSION FOR
PROBABILISTIC FREQUENCY STABILITY ANALYSIS

A. Multiple Output Gaussian Process Regression (MOGPR)

GPR-based uncertainty propagation analysis adopts a
reduced model M(.) to describe the relationship between the
sampling point of uncertainties & = {&,} and the observation
points of the concerned system response z ={z; }, where &,
is the r-th sampling point of /-th uncertainty, and z,, is the r-th
observation point of b-th output, where b =1 in conventional
GPR. In this paper, £ is the wind speed, z is the FS index.
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Thus, GPR-based method can be formulated as:

I =M(&)+e, 21
where superscript * denotes the estimated output by GPR-based
method. ¢ is the error from the observation of z , which
follows Gaussian distribution &~ N'(0,c2I) with the
standard deviation of o, . I is the identity matrix. M(&) is

the Gaussian process (GP) defined by the mean m1 and the
covariance kernel function R(&, £;0) as [35]:
M(E)~GP(m, k(E, &:0)), (22)

where @ denotes the parameter vector of the kernel function.

It should be noted that GP is used to characterize the
sampling points of uncertainties and the observation points of
the corresponding FS index rather than uncertainties and
corresponding FS index themselves, as presented in (22). Thus,
GPR does not require that uncertainties and corresponding FS
index have to follow Gaussian distributions and is suitable for
arbitrary distributions. It can be seen in (21) that conventional
GPR has only one output. However, both the system frequency
and the area-level frequency are concerned and need to be
analyzed in PFS. If conventional GPR is applied to analyze
them, multiple GPR models will be built, which is time-
consuming. Moreover, there are implicit relationships between
system and area-level frequency responses. One of the obvious
relationships is that the system frequency is the weighted
average of the area-level frequency, as shown in (20). However,
building individual GPR models will not consider these
relationships and may lead to inaccurate PFS analysis results.
Thus, to quantify the probabilistic system and area-level
frequency responses simultaneously and characterize the
implicit relationships between them, thereby improving
accuracy and efficiency, MOGPR suitable for PFS analysis is
designed.

1) Model Construction of MOGPR

Motivated by the combination relationship of the frequency
presented in (20), N, outputs M(E) =[M, (&), -, My, (E)]
are designed similarly to be formed by the combination of N,
latent factors U(E) = [y (&),--, Uy, (E)] ~GP(M, R(E, £;0))
modeled by GP as [41]:

.7\/11.(5) a.“ al'N, U ‘(é:)

: = @ o, (23)
My, (£) an, o anyn || Un (6)

where a. is the element of coefficient matrix A .

From (23), the connection of all outputs is established by the
introduction of ©(&). The implicit relationship among outputs
is reflected in A . Thus, the proposed method for PFS analysis
can reflect the relationship between the system frequency and
the area-level frequency. Applying a, =[ai, -, an,. | to
represent the n-th column vector of A4, the covariance of
outputs can be calculated as:

C(&, &) = ELM(E)M(E) - ELM(E)IE [M(&)]
=5V aal @B, (&)U (£)]- E[u, (&)]E[ 1 ()]}
= AA" QR(£, &:0),

(24)
where EJ[.] is the mean operator. ® denotes the operator of the

Kronecker product.

Thus, the joint prior distribution of the observed system
outputs Z; corresponding to the sampling points of
uncertainties & and M(&,) corresponding to the points of
uncertainties to be analyzed &, is:

[ Z, }N {m} AA" ® K+l A4" ® K.,
M) m. || A4 ®XK, AA'®XK.|)
(25)
where M, and M, are the means corresponding to M(E&,)
and M(&,) respectively. K, denotes R(&,, &.;0).
Thus, the posterior mean 772, and the covariance K, of
M(&,) can be derived as:

m,, =m, +(A4" @ K,,)-

(AA" ® K, + o2 1) (Z, - m,)
Kpe = Koo —(AA" ® K,y -

(AA" ® Ko + 021) (44" ® K,,)

2) Calculation of Undetermined Coefficients

According to (26), & and A are undetermined and to be
calculated.

According to the Bayesian theorem,

PO, A1 Z;, &) = p(Z,|&,0,A) p@, A)/ p(Z;|&), (27)
where p(8, A| Z,, &) is the posterior probability of 8 and
A. p(Z,|<, 8, A) denotes the likelihood function. p(8, A)
is the prior probability of @ and 4. p(Z,|<&,) denotes the
evidence.

The optimization of § and A is equivalent to maximizing
PO, A|Z,, &), ie., maximum likelihood estimation. Since
P(Z,| &) is fixed when Z, and & are given, and p(6, 4)
is known in advance, p(@, A|Z,,&,) is proportional to
P(Z,|&,,0,A) . For the convenience of calculation, the
optimization objective L is transformed into minimizing the
—log p(Z, ¢, 0, A) as:

L=-log p(Z,|¢&,0, A)

=ZI(AA" ® K. +ciZ, /2
+log| AA" ® K, + 021 |/2+ N, log2rx /2,

where N, is the quantity of sampling points & .

In summary, MOGPR M(£;6, A) approximates the
relationship between uncertainties and FS indices with the
sampling points of uncertainties as inputs and those of FS
indices as outputs in the form of (25), which is a regression task.
To calculate the undetermined coefficients @ and A in (25),
maximum likelihood estimation is adopted, which can be
transformed into minimizing (28). After @ and A are
calculated, MOGPR can be used to estimate FS indices
corresponding to the points of uncertainties to be analyzed &, ,
which are M(&,; 9, A) with the highest probabilities, i.e.,
m,, , in the form of (26). Additionally, in this paper, L-BFGS
is used to solve (28). Moreover, to improve the sampling
efficiency, LHS [35] is applied to acquire & .

(26)

(28)

B. Probabilistic Frequency Stability Analysis

FS refers to the ability of power systems to maintain the
frequency, i.e., synchronism, and mitigate the frequency
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deviation [4, 42]. Hence, the frequency response, including the
rate of change of frequency (RoCoF) and the frequency
nadir/vertex (FN/FV), are the main FS indices [4, 43], which
are considered in this paper. RoCoF FSI; and FN/FV FSIr
can be described as:
FSIx =min/ max(df / dt)
{FSI » =min/ max(f)

where f is the frequency.

After MOGPR is constructed, the data of estimated FS
indices m,, can be directly calculated according to (26) when
the system is under the uncertainties with the sampling points
&, . To estimate the closed-form PDFs of FS indices based on
the data m,, , kernel density estimation (KDE) [35] is adopted,
which is a nonparametric method wusing the kernels
corresponding to data as components to form PDFs and can be
formulated as:

Pa ()= prl(s = M)/ 501/ (NeSs),  (30)

where N, is the quantity of data &, . M, denotes the r-th
sampling point of M, corresponding to b-th output. pgl.]
denotes the kernel function of KDE, which is selected as the
Gaussian kernel, i.e., px[(55 — My )/ Sxp] = € @ M) 12%0)
Ox» 1s the bandwidth of kernels.

Moreover, apart from PDFs, the risk assessment matrix
(RAM) [13] is also concerned in PFS analysis, which is used to
assess the occurrence probability of the frequency instability
risk. In this paper, FS risk regions are partitioned as ‘Low Risk’,
‘Medium Risk’, and ‘High Risk’, according to the industry
standard [44]. Based on the derived PDFs, the probability of the
system in different risk regions Pr(.) can be estimated as:

Gmax n ~
Pr('gmmin < Zp < lgmmax) = IS be (Zb )de,

, (29)

3D

where Gumin and G,max are the upper and lower bounds of m-th
risk region, respectively.

According to Section II and III, the proposed PFS analysis
method considering WEs of WFs can be summarized in Fig. 3.

Start PFS analysis based
Frequency response| on MOGPR
considering WE Construct the model of

Acquire the sampling points of
nature wind speeds based on LHS

MOGPR based on (25)
v

Calculate the undetermined
coefficients of MOGPR

Apply the WE model (18) to calculate

the wind speeds of WTs & and &, Y

V& & L>C alculate the estimated frequency)

Calculate the system and area- stability indices corresponding to
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Fig. 3. Procedure of the proposed PFS analysis method
considering WEs of WFs.

Calculate frequency stability
indices based on (29)

IV. CASE STUDY

A. Case 1: IEEE 68-Bus Benchmark System
1) Example System

Case 1 is conducted in the IEEE 68-bus benchmark system [15]
and implemented in MATLAB and Python as the simulation
tools, where the power system dynamic models [39, 40], as
presented in Fig. 2, are used. WTs are not equipped with
additional frequency regulation control in Case 1 to show the
obvious impact of WPG uncertainties on PFS. Three WFs are
integrated into the system, as illustrated in Fig. 4. 20 WTs are in
each WF. The layout of WTs is set as 4 x5 with the interval of
200m at the height of 50m. The wind direction is consistent with
the positive direction of the x-axis of the geographical
coordinate system. The initial nature wind speeds of WFs are
8m/s. The nature wind speeds change at 0.1s randomly [14].
AGC starts after 30s [45]. The uncertainties of the changed
nature wind speeds obey the following probabilistic distributions:
The nature wind speed of WF1 follows Weibull (2.5, 4.5, 4);
Those of WF2 and WF3 follow Weibull (2, 5, 3.5) with the
correlation coefficient of 0.7. The rest of the parameters are
presented in Appendix. It should be noted that the proposed WE
model and PFS analysis method are generic and suitable for both
short-term and long-term studies. In this paper, the widely-used
Weibull function is selected for demonstration, which is usually
used to quantify the uncertainty of the nature wind speed in long-
term planning [15].

@
BT
41

Area 3 @ : # @ N
Fig. 4. IEEE 68-bus system integrated with three WFs.

2) Validation of Multiple Output Gaussian Process
Regression for Probabilistic Frequency Stability
Analysis Considering Wake Effects of Wind Farms

Firstly, the accuracy of the proposed WE model is verified
by comparing it with the measurements, CFD, and Jensen and
Gaussian analytical WE models presented in Fig. 5, where the
measurements and results of CFD are from [46].

|—e— Measurement CFD - -Jensen --- Gaussian --- Proposed |

y/Dy WT No.
(a) (b)

Fig. 5. Calculation results of WEs in the scenarios of [46]: (a)
Single WT in Wieringermeer East; (b) WTs in Lillgrund WF.
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From Fig. 5, compared with other analytical WE models, the
results of the proposed model are closer to measurements,
which demonstrates the accuracy of the proposed model.
Although the results of the proposed model are less accurate
than those of CFD, CFD is not suitable for PFS analysis since
the simulation time of WEs by using CFD is much longer than
that of power systems. Additionally, it can be seen in Fig. 5 (b)
that the calculation errors of the proposed model associated
with WTs located further along the wind direction are lower
than those of WTs located closer. This observation does not
mean that the proposed model has the higher accuracy for
further WTs, which is just caused by the possible occurrence of
positive and negative error offset. In detail, the situations where
the calculated wind speed deficit by the proposed model is
severer than the actual wind speed deficit are called positive
errors in this paper. Also, the situations where the calculated
wind speed deficit is milder than the actual wind speed deficit
are called negative errors. These two types of errors exist
simultaneously when the WE of one WT is calculated. For
example, as shown in Fig. 5 (a), positive error at y/ D,, =1 and
negative error at y/ D, =-0.4. Moreover, the wind speed of
the downstream WT is affected by the WEs of all upstream
WTs. Thus, calculation errors are accumulated. When errors
with the opposite nature happen to be accumulated, the overall
error may be very small.

To verify the effectiveness of the proposed method, MCS
considering the WEs of WFs (denoted as MCS-WE) is
conducted 5000 times [13], the results of which are regarded as
the baseline. Meanwhile, MCS ignoring the WEs of WFs
(denoted as MCS-NWE) [13] is carried out to demonstrate the
impact of the WEs on PFS. Moreover, the performance of the
proposed method is compared with GPR. The Gaussian kernel
is selected as the covariance kernel function, and the quantity
of sampling data is chosen as 400 [35]. It should be noted that
it is the first time to apply the GPR-based method in PFS. Thus,
both GPR and MOGPR are novel methods in PFS analysis. The
time of the frequency response simulation ¢; , the WE
calculation time ¢, , the execution time of uncertainty
propagation analysis methods z,, , and the total time # are
illustrated in Table I.

TABLE I
TIME COST IN ANALYZING FN/FV AND ROCOF IN CASE 1

Time cost ts (s) tw (S) ty (S) tr (s)
MCS-NWE 191173.94 - - 191173.94
MCS-WE 202927.13  257.28 - 203184.41
GPR 16233.77 20.70 26.63 16281.10
MOGPR  16234.42 20.54 8.32 16263.28

From Table I, #, is significantly less than ¢, which means
that the proposed WE model only brings a slight rise of the
computational time in PFS analysis and thus is suitable for PFS
analysis. Moreover, MCS-based methods are quite time-
consuming. By comparison, z; of GPR-based methods is
greatly shorter than that of MCS-based methods. Furthermore,

since MOGPR can calculate the FS indices of different areas
simultaneously, ¢, of MOGPR is shorter than that of GPR,
which indicates the advantage of MOGPR in improving
efficiency. Additionally, since the efficient scenario-based
methods for analyzing the worst-case scenarios of power
system FS considering WPG uncertainties and WEs are lacking,
the worst-case scenarios need to be found from a large quantity
of possible scenarios. Thus, the time cost of the worst scenario
(WS) selection nearly equals that of MCS.

Moreover, the PDFs of FN/FV and RoCoF are shown in Fig.
6 to verify the accuracy of the proposed method, where WSs are
also drawn. To save space, only the results of Areal, Area2, and
the system are presented.
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Fig. 6. PDF of FN/FV and RoCoF in Case 1: (a) FN/FV of Area
1; (b) FN/FV of Area 2; (c) FN/FV of the system; (d) RoCoF of
Area 1; (¢) RoCoF of Area 2; (f) RoCoF of the system.

As shown in Fig. 6, there are significant differences between
the results from MCS-NWE and those from MCS-WE in both
FN/FV and RoCoF, which indicates that ignoring the WEs of
WFs in PFS analysis is inaccurate. The PDFs of FN/FV and
RoCoF from MCS-NWE have fatter tails, which means FN/FV
and RoCoF are more separated when ignoring the WEs of WFs,
leading to a higher probability of frequency instability. To
further illustrate the differences between considering and
ignoring WEs, the wind speed of WF considering WEs and
frequency responses when all nature wind speeds change to
7m/s are drawn in Fig. 7 as examples.
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Fig. 7. (a) Wind speed of WFs considering WEs; (b) Frequency
trajectories affected by the wind speed change.
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From Fig. 7 (a), there are wind speed deficits at downstream
WTs when considering WEs, which results in smaller power
fluctuations under the same changes of the nature wind speed
compared with those ignoring WEs. This contributes to a
smaller frequency fluctuation, making the PDFs of FN/FV and
RoCoF more concentrated. Moreover, from Fig. 7 (b), due to
the time delay of WEs, the changing time points of wind speeds
of WTs at different positions are different, which also leads to
PDFs of RoCoF being more concentrated. Thus, the results
demonstrate the necessity of considering the WEs of WFs in
PFS analysis.

Moreover, to quantify the accuracy of different methods in
calculating the PDFs of FN/FV and RoCoF presented in Fig. 6,
the PDF shape difference s. is introduced. It is defined as the
Euclidean distance between the actual PDF p.(z) and the
estimated PDF p:(2), i.e., ||p.(z)— p:(2) ||, as shown in Table
II. The subscript of s. is the FS index of the system and areas.
For example, the FN/FV and RoCoF of frequency of Areaa
/system are denoted as F, / Fy,, and R,/ R, respectively.

TABLE II
SHAPE DIFFERENCE OF PDFs OF FN/FV AND ROCOF IN CASE 1

Shape difference s, SF,, SF.  SRa SR SR
GPR 2.02 201 201 408 4.18 4.18
MOGPR 1.01 1.02 1.02 214 172 223

From Table II, the PDFs from MOGPR have the higher
similarity to the PDFs from MCS-WE in both FN/FV and
RoCoF, compared with those from GPR. The results indicate
the high accuracy merit of the proposed method in calculating
the PDFs of FS indices. Moreover, from Fig. 6, although
scenario-based WS selection gives the boundaries of FS indices
it cannot reflect the probability of WSs, which is also concerned
in PFS, since preparing excessively for frequency violation
scenarios with very low occurrence probabilities will greatly
increase unnecessary reserve costs. By comparison, GPR and
MOGPR use limited sampling points, i.e., scenarios, to build
the corresponding models to analyze FS of power systems in all
possible scenarios, thereby balancing efficiency and accuracy.
In addition, the RAM can be formed based on the results in Fig.
6, as shown in Table III, where ‘Green’, ‘Yellow’, and ‘Red’
regions denote ‘Low Risk’, ‘Medium Risk’, and ‘High Risk’,
respectively. Results presented in the row of ‘MCS-WE’ are the
risk occurrence probability of frequency. Results shown in the
row of rest methods are the absolute errors (AEs) between the
risk occurrence probability from different methods and that
from MCS-WE. To show the overall accuracy, the mean
absolute errors (MAESs) are listed in the last column. The units
of results in Table IIT are %.

>

TABLE III
RAM OF FN/FV AND ROCOF IN CASE 1

FN/FV (Hz) .4499'.55; . 505 . VAR

MCS-WE 0.00 11.05 62.23 19.38 7.33 -
Areal GPR  0.00 232 6.06 096 470 2.80
MOGPR 0.00 0.83 2.12 0.66 0.63 0.85
MCS-WE 0.00 11.02 62.27 19.37 7.34 -
Area2 GPR  0.00 231 6.05 096 4.69 2.80
MOGPR 0.00 0.83 2.12 0.67 0.62 0.84
MCS-WE 0.00 10.97 62.36 19.37 7.30 -
System GPR  0.00 221 6.14 090 4.68 2.80
MOGPR 0.00 0.82 2.13 0.70 0.62 0.85
-0.5~ 0.4~
el BEAE B
MCS-WE 0.00 0.00 99.70 0.30 0.00 -
Areal GPR  0.00 0.00 0.30 0.30 0.00 0.12
MOGPR 0.00 0.00 0.13 0.13 0.00 0.05
MCS-WE 0.00 0.00 99.86 0.14 0.00 -
Area2 GPR  0.00 0.00 0.14 0.14 0.00 0.06
MOGPR 0.00 0.00 0.04 0.04 0.00 0.02
MCS-WE 0.00 0.00 99.89 0.11 0.00 -
System GPR  0.00 0.00 0.11 0.11 0.00 0.04
MOGPR 0.00 0.00 0.04 0.04 0.00 0.01

In Table III, the risk occurrence probability of FN/FV is
mainly located in the low and medium-risk regions. The
occurrence probability of high-risk regions is relatively low.
The maximal AE of RAM of FN/FV from GPR is 6.14%. By
comparison, that from MOGPR is 2.13%. Moreover, the
maximal MAE of RAM of FN/FV from GPR is 2.80%, and that
from MOGPR is 0.85%. The results indicate that the accuracy
of MOGPR in analyzing the RAM of FN/FV is better than that
of GPR. For RAM of RoCoF, the risk occurrence probability is
mainly located in the low-risk region, rarely in the medium-risk
regions. The maximal AE from GPR is 0.30%, and that from
MOGPR is 0.13%. The maximal MAE from GPR is 0.12%, and
that from MOGPR is 0.05%. Thus, the results demonstrate the
high accuracy merit of the proposed method in analyzing the
RAMs of FS indices compared with GPR.

3) Impact of Different Factors
Frequency Stability
a) Wind Direction

The angle between the wind direction and the positive
direction of the x-axis is set as 30°, 45°, and 90°, respectively,
to investigate the impact of wind direction on PFS. Firstly, the
accuracy of different methods in calculating PDFs of FN/FV
and RoCoF and analyzing the RAM are shown in Table IV.

on Probabilistic
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TABLE IV
PERFORMANCE IN ANALYZING FN/FV AND ROCOF AFFECTED
BY WIND DIRECTIONS

Shape difference sz, Sk, Sk,  Ska  Skn SRy
0. =30° GPR 258 258 257 8.18 791 8.22
¥ MOGPR 198 198 1.98 4.25 4.62 4.67
0. =450 GPR 285 283 281 547 547 5.67
v MOGPR 1.68 1.71 1.65 2.14 2.02 229
0..=90° GPR 233 232 232 476 494 4382
7 MOGPR 1.18 1.19 1.19 233 1.87 245
MAE er, €r, €R. €r, €r, €r,
0.=30° GPR  2.17 2.17 2.17 0.00 0.00 0.00
¥ MOGPR 1.01 1.01 1.02 0.00 0.00 0.00
0. =450 GPR  3.03 3.02 3.01 0.00 0.00 0.00
N MOGPR 0.45 0.38 0.44 0.00 0.00 0.00
0..290° GPR 1.89 1.89 2.88 0.00 0.00 0.00
7 MOGPR 0.63 0.63 0.63 0.00 0.00 0.00

As shown in Table IV, the maximal PDF shape difference of
FN/FV and RoCoF from GPR is 8.22. In comparison, that from
MOGPR is 4.67. For the RAM results, the maximal MAE of
FN/FV from GPR is 3.03%, and that from MOGPR is 1.02%.
The maximal MAE of RoCoF from both GPR and MOGPR is
0.00% since the risk occurrence probability of the low-risk
region is 100.00%. The results verify the accuracy of the
proposed method in PFS analysis.

Moreover, the wind speed of WFs at the height of 50m and
RAM results are presented in Fig. 8 and Fig. 9 to show the
impact of wind direction on PFS. Since the risk probability of
RoCoF in the low-risk region is 100.00%, only the RAMs of
FN/FV are drawn in Fig. 9 to save space.
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z (m) z (m)
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Fig. 8. WEs of WFs at different wind directions: (a) 6,,=30°;
(b) 0,,=45°;(c)6,=90°.
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Fig. 9. RAM of FN/FV at different wind directions: (a)

6,=30°; (b) 6,=45°;(c)6,=90°.

From Fig. 8 and Fig. 9, the change of wind direction leads to
the distance change of WTs in the wind direction. Taking the
WT at the position (100m, 100m, 50m) as an example, the

nearest WTs directly below in the wind direction are the WT at
(500m, 300m, 50m) (approximately below when 6,,=30°), the
WT at (300m, 300m, 50m) (when 6,,=45°), and the WT at
(300m, 300m, 50m) (when 6,,=90° ), respectively. The
streamwise distances are 446.41m, 282.84m, and 200m,
separately. The wind speed deficit will increase with the rise of
wind direction due to the rise of the WE strength. Under the
same change of the nature wind speed, before AGC starts, the
quantity of WTs experiencing power fluctuations is the most
when 6,,=90°, and that is the least when 6,,=30°. Thus, the
risk occurrence probability of FN/FV is mainly in the low-risk
region when 6,,=30°. When 6,,=45°, the probability in the
low-risk region reduces, and the probability in medium-risk
regions rises. When 6,,=90°, the risk occurrence probability of
FN/FV is more separated, and there is the probability of
frequency being in the high-risk region.
b) Terrain

The ridge, the circular hill, and the rolling terrain are
involved in the case studies to study the impact of different
terrains on PFS. The terrain parameters of the height and the
length are set as 50m and 150m. The accuracy of different
methods, the wind speed of WFs, and the RAM results are
illustrated in Table V, Fig. 10, and Fig. 11, separately.

TABLE V
PERFORMANCE IN ANALYZING FN/FV AND ROCOF AFFECTED
BY TERRAINS

Shape difference  sp,  Sr. Sk, SrRa SR SR
Ridge GPR 299 299 299 522 536 5.46
MOGPR 142 142 142 240 2.60 2.63
Circular GPR  2.19 2.19 2.19 427 438 4.64
hill MOGPR 0.70 0.71 0.71 1.70 1.65 1.77
Rolling GPR 229 229 229 4.65 470 4.88
terrain - MOGPR 095 096 096 1.15 1.21 1.26
MAE €r, €r, ep, er, €r, €r,
Ridge GPR 419 4.18 4.17 0.79 0.36 0.32
MOGPR 0.53 0.53 0.52 0.06 0.11 0.11
Circular GPR  2.33 232 231 0.02 0.00 0.00
hill MOGPR 1.08 1.08 1.08 0.01 0.00 0.00
Rolling GPR 279 278 2.77 0.00 0.00 0.00
terrain - MOGPR 1.11 1.11 1.11 0.00 0.00 0.00
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(©)
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Fig. 10. WEs of WFs at different terrains: (a) Ridge; (b)
Circular hill; (¢) Rolling terrain.
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Fig. 11. RAM of FN/FV at different terrains: (a) Ridge; (b)
Circular hill; (c) Rolling terrain.

According to Table V, the PDF shape differences and the
MAEs of RAM from MOGPR are lower than those from GPR,
which indicates that the accuracy of MOGPR is higher than that
of GPR. From Fig. 10 and Fig. 11, after considering different
terrains, the level of the nature wind speed and the WE strength
are affected. In case studies, the wind speed deficit at the ridge
is the smallest. The level of nature wind speed at the ridge is the
highest, and those at the circular hill and the rolling terrain are
relatively low, which can be regarded as the difference of wind
power penetration. Thus, when the wind speed changes, the
power fluctuations of WTs are most obvious at the ridge. As a
result, the risk occurrence probability of FN/FV is separated in
different risk regions at the ridge. At the circular hill and the
rolling terrain, the probability in high-risk and medium-risk
regions reduces, and the probability in the low-risk region rises.

¢) Wind Turbine Layout

The position of WTs in every WF is changed to 2x10, 5x4,
and the optimized layout with the objective of minimizing the
unit generation cost [47], respectively, to demonstrate the
impact of layout on PFS. The accuracy of different methods, the
wind speed of WFs, and the RAM results are presented in Table
VI, Fig. 12, and Fig. 13, separately.

TABLE VI
PERFORMANCE IN ANALYZING FN/FV AND ROCOF AFFECTED
BY WIND TURBINE LAYOUTS

Shape difference sz, Sk, Sm.,  Skn SR. SR
2510 GPR 398 397 397 7.06 6.93 6.79
MOGPR 199 200 200 3.08 3.15 3.21

54 GPR 233 232 232 476 494 4382
MOGPR 1.18 1.19 1.19 233 1.87 245
Optimized GPR 226 226 224 595 6.06 6.52
layout MOGPR 1.64 1.66 1.65 252 2.66 2.68
MAE Cry  Cryy €Fy, €Ry CRi Ry

2510 GPR 097 097 097 0.00 0.00 0.00
MOGPR 0.59 0.68 0.59 0.00 0.00 0.00

54 GPR 289 2.89 2.88 0.00 0.00 0.00
MOGPR 0.63 0.63 0.63 0.00 0.00 0.00

Optimized GPR  2.14 2.14 2.12 0.00 0.00 0.00
layout MOGPR 0.81 0.83 0.81 0.00 0.00 0.00

Wind speed (m/s)

IOOOE

200 400 600 800

200 400 600 800 200 400 600 800
 (m)  (m)  (m)

(a) (b) ()
Fig. 12. WEs of WFs with different layouts: (a) 2x10 ; (b)
5x4; (c) Optimized layout.
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Fig. 13. RAM of FN/FV with different layouts: (a) 2x10; (b)
5x4; (c) Optimized layout.

Results in Table VI show that both the PDF shape differences
and the MAEs of RAM from MOGPR are lower than those
from GPR. Based on Fig. 12 and Fig. 13, different layouts
change the relative position of WTs, thereby changing the
strength of the WEs in WFs, which results in more wind speed
deficits, as illustrated in Fig. 12, and less conspicuous power
fluctuations of WTs with a narrower layout. Thus, the risk
occurrence probability of FN/FV is almost all in the low-risk
region with 2x10 layout due to the high WE strength. When
the layout is separated, since the WE strength is low, the
probability in the low-risk region reduces, that in medium-risk
regions increases, and even that in high-risk regions occurs.

It should be noted that though the wind direction, the terrain,
and the WT layout are independent factors with different
properties, i.e., the meteorological factor, the geographical
factor, and the factor determined by different system planning
purposes, respectively, their impacts on WEs and PFS are not
independent. The reason is that the relative distance between
WTs directly affects WEs and then PFS. Any one of these three
factors can affect the relative distance, as characterized in
Section II.A. Thus, though the change of one factor will not
contribute to the change of another factor, it will affect the
impact of another factor on WEs and PFS. Since their impacts
on WEs and PFS are interwoven with each other, the impact
analysis of individual factors is beneficial for revealing the
general patterns of their impacts.

B. Case 2: Large-Scale Realistic Power System in East China

1) Example System
Case 2 is conducted in a large-scale power system modified
based on the realistic two-area system in East China, including
1958 buses and 56 generators, to demonstrate the scalability of
the proposed method. Five WFs are integrated into the system, as
presented in Fig. 14, where WF1, WF2, and WFS are onshore.
WF3 and WF4 are offshore. The nature wind speeds of WF1 and
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WE?2 follow Weibull (2.5, 4.5, 4) with the correlation coefficient
0of 0.7. Those of WF3, WF4, and WFS5 follow Weibull (2,5, 3.5),
Weibull (1.5, 2, 4), and Weibull (1.5, 3.5, 5), respectively. The
rest settings of WFs, MCS, GPR, and MOGPR are the same as
those in Case 1.

(3 Onshore WF

~ East
China
Sea

Fig. 14. Large-scale power system integrated with five WFs.

2) Scenario 1: Probabilistic Frequency Stability Analysis
Considering Wake Effects of Wind Farms Without
Additional Frequency Regulation Control

Firstly, the case study is catried out under the scenario that
WFs are not equipped with additional frequency regulation
control. The time costs of different methods in analyzing PFS are
listed in Table VIL.

TABLE VII
TIME COST IN ANALYZING FN/FV AND ROCOF IN SCENARIO 1
CASE2
Time cost ts (s) tw (s) ty (S) tr (s)
MCS 692876.29  430.71 - 693307.00
GPR 55428.08 34.55 13.35 55475.98
MOGPR  55428.73 34.64 3.89 55467.26

From Table VII, similar observations as those in Case 1 can be
obtained, i.e., the total time costs of GPR and MOGPR are
significantly lower than that of MCS, and the execution time of
MOGPR is shorter than that of GPR due to the multi-output
structure. In addition, since the system in Case 1 has 5 areas,
whereas that in Case 2 has 2 areas, the quantity of analyzed FS
indices in Case 2 is fewer than that in Case 1. Thus, the execution
time of GPR and MOGPR in Case 2 is shorter than that in Case
L.

The PDFs of FS indices calculated based on different methods
are presented in Fig. 15, where WSs are also drawn. The shape
differences of PDFs are computed to assess the accuracy of
different methods in calculating PDFs, as illustrated in Table VIII.
RAM derived from the results shown in Fig. 15 is listed in Table
IX. Since the probability of RoCoF in the low-risk region is 100%,

and all methods obtain the same results, only the RAM results of
FN/FV are presented to save space.
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TABLE VIII
SHAPE DIFFERENCE OF PDFs OF FN/FV AND ROCOF IN
SCENARIO 1 CASE 2

Shape difference  sr,  sr, SFyw Sk SR SRy

GPR 238 239 239 404 331 3.58

MOGPR 1.58 1.59 159 252 252 2.59
TABLE IX

RAM OF FN/FV IN SCENARIO 1 CASE 2

e WG

MCS 0.00 3.27 85.72 10.79 0.22 -

Areal GPR  0.00 1.04 3.84 261 0.19 153
MOGPR 0.00 0.15 046 0.77 0.15 0.30

MCS 0.00 3.22 85.85 10.72 0.21 -

Area2 GPR  0.00 1.03 3.83 262 0.19 154
MOGPR 0.00 0.15 045 0.75 0.15 0.31

MCS 0.00 3.22 85.81 10.75 0.22 -

System GPR  0.00 1.04 3.84 261 0.19 153
MOGPR 0.00 0.15 046 0.76 0.15 0.30

By comparing the results in Table VIII with those in Table II,
though the system in Case 2 is much larger than those in Case 1
and with more uncertainties, the accuracy of the proposed method
in calculating the PDFs of FS indices in Case 2 is close to that in
Case 1. Moreover, the RAM results in Case 2, as illustrated in
Table IX, also demonstrate the high accuracy of MOGPR, with
0.31% maximal MAE. These results indicate the scalability of
MOGPR in analyzing large-scale power systems with more
uncertainties considering both onshore and offshore WFs and
WEs.

3) Scenario 2: Probabilistic Frequency Stability Analysis
Considering Wake Effects of Wind Farms with
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Additional Frequency Regulation Control

It can be seen in Table IX that FN/FV has the probability to be
in the medium-risk and even high-risk regions when there is no
frequency regulation control in WFs. Thus, to improve the PFS
of'the system, additional frequency regulation control is equipped
in Scenario 2. Different methods are adopted to analyze PFS in
this scenario. The comparison of time costs, PDFs of FN/FV,
shape differences of FN/FV PDFs, and the RAM of FN/FV
among different methods are presented in Table X, Fig. 16, Table
XI, and Table XII, separately.

TABLE X
TIME COST IN ANALYZING FN/FV AND ROCOF IN SCENARIO 2
CASE 2
Time cost ts (s) tw (s) ty (S) tr (s)
MCS 692897.42  431.03 - 693328.45
GPR 55430.76 34.62 13.30 55478.68
MOGPR  55431.28 34.59 3.91 55469.78
MCS - -WS - GPR_--- MOGPR |
8 | / I 8 1 / 1 8 I: :
T T Tih
a1 % a1 a1 0%
N Y A N T A R I A
21 21 21
] A\ f A\ 4 \
0 ' o | 0 ' o | 0 L 2 |
498 50 50.2 504 49, 50 50.2 504 49.8 50 502 504
FN/FV of f, (Hz) FN/FV of f,, (Hz) FN/FV of f,,, (Hz)
(a) b (c)

Fig. 16. PDF of FN/FV in Scenario 2 Case 2: (a) Area 1; (b)
Area 2; (c) System.

TABLE XI
SHAPE DIFFERENCE OF FN/FV PDFS IN SCENARIO 2 CASE 2

Shape difference S Sk S P

GPR 3.67 3.69 3.69

MOGPR 2.55 2.56 2.56
TABLE XII

RAM OF FN/FV IN SCENARIO 2 CASE 2

49.5~ 50.2~
e
Areal/ MCS 0.00 0.00 100.00 0.00 0.00 -
Area2/ GPR 0.00 0.00 0.00 0.00 0.00 0.00

System MOGPR 0.00 0.00 0.00 0.00 0.00 0.00

According to the results, the time costs and errors of MOGPR
are close to those in Scenario 1, which demonstrates that
MOGPR is applicable for PFS analysis of power systems
integrated with WFs with additional frequency regulation control.
Moreover, by comparing Table IX with Table XII, after applying
additional frequency regulation control, the probability of FN/FV
in the medium-risk and high-risk regions is greatly reduced to 0%,
and FN/FV only exists in the low-risk region. The results
illustrate that applying additional frequency regulation control in

WEFs can effectively enhance the PFS of power systems affected
by WPG uncertainties.

V. CONCLUSION

In this paper, a method for PFS analysis considering the WEs
of WFs is proposed. A WE model considering multiple factors,
i.e., the terrain, the wind direction, and the time delay of wind
flow, is proposed. Moreover, the impact of different factors on
PFS is investigated. The analysis results reveal that:

1) Compared with the numerical uncertainty propagation
analysis methods, the proposed method greatly improves
the efficiency of PFS analysis. Compared with GPR,
MOGPR can simultaneously analyze the probabilistic
stability of the system frequency and the area-level
frequency and consider the relationship between them
with higher efficiency and accuracy. Compared with other
approximation approaches, including PCE and LRA, both
MOGPR and GPR only require sampling data, which are
more suitable for analyzing uncertainties with
complicated correlations, including the WEs of WFs.

2) Compared with conventional analytical WE models, the
proposed WE model considers multiple factors, which can
reflect the WEs of WFs more realistically and can be
easily integrated into PFS analysis. Moreover, the time
cost of the proposed model is greatly shorter than that of
the frequency response simulation, which is suitable for
PFS analysis.

3) The impacts of multiple factors related to WEs on PFS are
studied. The results of case studies reveal that the change
of the wind direction, the terrain, and the layout will
contribute to the change of the WE strength. Specifically,
a lower wind speed deficit and a higher level of the nature
wind speed will lead to higher WPG penetrations, more
obvious power fluctuations of WTs, more distributed
PDFs of FS indices, and the probability increase of
frequency in high and medium-risk regions of instability.

4) The necessity and significance of considering the WEs of
WFs in PFS analysis are revealed based on case studies.
The ignorance of the WEs of WFs in PFS analysis will
result in a higher probability of frequency instability,
which is inaccurate and leads to a conservative frequency
regulation strategy and increased frequency reserve costs.
To mitigate the degradation of PFS caused by WPG
uncertainties considering WEs, the additional frequency
regulation control for WTs can be adopted based on PFS
analysis results.

Additionally, when the sampling data are disturbed by noises
or only limited data can be acquired, the accuracy of the
proposed method will be inevitably affected. Thus, the
robustness improvement of the proposed method needs to be
studied. In addition, since the proposed method is generic, it can
be extended to probabilistic stability analysis associated with
other stability issues and other uncertainty types. These
research topics will be our future studies.
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APPENDIX

Parameters of WEs: C;=0.42 , k,=0.042 , 7,=50m ,
D,=40m , y=0.143 . WT parameters (p.u.): C, =10 ,
Xy =002, X,u=02, X,y =02, Lty =0, Viey =1.
Parameters of frequency regulation (p.u.): R.=0.05 ,
B=0416,T; =02, Kp, =1, K;, =0.5.
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