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Abstract: For a new power system using high-penetration renewable energy, the traditional deter-
ministic power flow analysis method cannot accurately represent the stochastic characteristics of each
state variable. The aggregation of renewable energy with different meteorological characteristics in
the AC/DC interconnected grid significantly increases the difficulty of establishing a steady-state
model. Therefore, this study proposes an improved Latin hypercube sampling algorithm using the
van der Waerden scores and diffusion kernel density estimation to overcome the limitations of a
priori assumption on probability distributions in uncertainty modeling and to retain the correlations
among random variables in the sampling data. Interconnected grids are constructed with IEEE 9-bus
and IEEE 14-bus and modified with IEEE 57-bus to describe common application cases of aggregated
renewable energy. On this basis, the approximation errors of the proposed probabilistic power
flow algorithm to the statistical characteristics of the power parameters are evaluated by setting
the Nataf algorithm and the Latin hypercube algorithm using adaptive kernel density estimation
as the control group. The results show that the improved Latin hypercube sampling algorithm can
exhibit high computational accuracy and strong adaptability, both in severe operating scenarios with
large amplitude of load fluctuations and with nonlinear power balance equations incorporating high
dimensional random variables.

Keywords: probabilistic power flow; hybrid AC/DC power grid; VSC station; renewable energy;

correlation

1. Introduction

The continuous and excessive exploitation and utilization of fossil fuels have led to
the global greenhouse effect, which has become a significant barrier to economic and social
development. In response, countries highly value renewable energy sources (REs), such
as wind and solar energy, due to their inexhaustible resource attributes and zero-emission
characteristics in power generation. Therefore, promoting the development of renewable
energy is crucial to achieving carbon neutrality [1,2]. However, as the permeability of
intermittent and uncertain renewable energy sources in the power supply structure in-
creases, the real-time balancing of the power grid becomes challenging. This can threaten
the safe and stable operation of the system after the grid connection is established [3].
Voltage Source Converters (VSC) provide an effective way for renewable energy to be
reliably connected to the grid, as it can provide bidirectional power flow control and volt-
age support [4,5]. When supervisory control algorithms are used in converter stations,
they not only improve the utilization of renewable energy but also maintain the stability
of the power grid under load fluctuations [6]. Additionally, the long-distance regional
grid interconnection using a back-to-back voltage source converter (B2B-VSC) enables the
integration of REs with different climate characteristics distributed over a wide spatial
area [7]. The negatively correlated renewable energy superposition creates a smoothing
effect in the interconnected space, which reduces the random fluctuation of transmission
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power [8,9]. As a result, the voltage source converter-based high voltage direct current
(VSC-HVDC) system has become an essential component of new power systems.

The introduction of numerous random variables and the power balance equation of
the converter station has substantially increased the difficulty of steady-state analysis in
the system. The traditional deterministic power flow algorithm cannot directly identify the
probabilistic statistical properties of uncertain variables [10]. Moreover, when nonlinear
power balance equations contain high-dimensional random variables, solving hybrid
AC/DC systems becomes even more challenging. In contrast, the probabilistic power
flow (PPF) algorithm can effectively solve the aforementioned difficulties [11]. Sun et al.
obtained the probability distribution of each state variable by linearizing the hybrid AC/DC
grid at the reference operating point and using the Gram-Charlier series expansion [12].
Misurovic et al. used the Halton quasi-random sequences to conduct probabilistic modeling
for the output power of wind and solar energy, which realized the numerical computation
of each output state variable in the power grid [13]. To compare the performance of
different PPF algorithms, Singh et al. provided a review of the probabilistic methods that
address the uncertainty in power systems. They highlighted that the analytical methods
require linearizing the power flow equations and include several assumptions regarding
the independence between the input variables, which restrict their ability to accurately
represent the operating state of the power grid. Meanwhile, the primary limitations of
the approximation methods include their inability to estimate higher-order moments and
their difficulty in describing non-Gaussian distributed random variables [14]. In addition,
Abbeasi et al. found that the Monte Carlo simulation (MCS) method outperformed the
parametric and nonparametric probabilistic methods in terms of algorithmic accuracy and
modeling complexity [15]. Nonetheless, a larger number of samples in MCS can reduce the
overall operational efficiency.

Adequate consideration of the correlation and distribution characteristics among ran-
dom variables in the system modeling process enhances the computational accuracy of the
PPE. Allahvirdizadeh et al. employed MCS and Nataf transformation to build a correlation
between the probabilistic scenarios to ensure that the short-term scheduling scheme, that is
obtained according to the uncertainty variable samples, has practical significance [16]. In
the process of extracting correlations between random variables, questions as to how to fit
the probability distribution of REs more precisely affects the computational error of PPF.
Wang et al. utilized a chance-constrained programming model based on the joint probabil-
ity density function and MCS to generate the necessary simulation scenario [17]. Zhang
et al. established a probability distribution model that considers time correlation by using
non-parametric kernel density estimation and a covariance matrix to make the statistical fea-
tures of the simulation scenarios more consistent with the actual data [18]. Considering the
time-consuming problem of the traditional MCS method in practical applications, Galvani
et al. adopted the Latin hypercube sampling (LHS) algorithm to describe the source-charge
uncertainty and applied the Cholesky decomposition technique to deal with the variable
correlations in the optimal location model [19]. Zhu et al. extracted the spatiotemporal
correlation and probabilistic information between wind power and load based on LHS,
Nataf transform, and Markov chains [20]. Mei et al. used the K-means clustering algorithm
to reduce the scenarios generated by LHS and then simulated the impact of uncertainties,
such as meteorology and environment, on the optimal operation of the system [21]. Xie
et al. adopted the simultaneous backward reduction method and LHS to sort and screen the
selected scenarios, thus obtaining fewer classic and representative scenarios [22]. Cai et al.
proposed an extendable LHS algorithm combined with importance sampling to improve
the computational efficiency of power system reliability assessment [23]. However, in the
case of a large fluctuation range of the data from the random variables, the traditional LHS
cannot directly identify the extreme values in the sampling process, resulting in sampling
points that do not accurately preserve the statistical characteristics of the datasets in the
stratified space, which in turn reduces the computational accuracy of the PPF. Additionally,
determining the marginal probability distribution of the fitting target is necessary during
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the sampling stage of LHS. However, conventional kernel density estimation algorithms
lack the ability to adjust their bandwidth according to the target data density, leading to
poor local adaptability in the estimation algorithm.

Therefore, to address these drawbacks, this paper proposes an improved Latin hy-
percube sampling (ILHS) algorithm applied to hybrid AC/DC grids. Moreover, it can
accommodate stochastic variables with different distribution types. The key features of this
paper can be summarized as follows:

(1) The PPF algorithm based on the van der Waerden scores and diffusion kernel density
estimation (DKDE) is proposed for the first time, which can maintain computational
accuracy while reducing the number of samples.

(2) The approximation errors of the ILHS algorithm for correlation coefficients and
statistical characteristics of random variables are examined according to different
sampling numbers and sample correlation scenarios.

(38) The approximation degree of the proposed PPF to the probabilistic properties of each
state variable and the performance of the operation under severe operation scenarios
are analyzed with AC/DC interconnected grid topology cases.

The rest of this study is organized as follows. The steady-state model of the AC-DC
hybrid grid considering VSC-HVDC is established in Section 2. Section 3 introduces the
PPF solution process of the ILHS method. A series of case studies are evaluated in Section 4.
Section 5 discusses the main conclusions of this paper.

2. Steady-State Model of AC/VSC-HVDC Hybrid Grids

VSC-HVDC can be applied to the scenario of regional grid interconnection since the
current direction is the only parameter that is modified during the power flow reversal
process. Figure 1 shows the system structure diagram of the hybrid AC/DC grid and the
equivalent circuit diagram of the VSC connecting the AC and DC networks.
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Figure 1. Equivalent diagram of power exchange process in AC/DC hybrid power grid. Numbers 1
to 3 represent the internal structure equivalent diagram of the AC power grid, converter station, and
DC power grid, respectively.

To better understand the meaning of each component in the AC/DC grid, it is divided
into the AC part, the DC part, and the VSC station. The nonlinear equation for a hybrid
AC-DC grid containing VSC-HVDC can be expressed uniformly as:

[Fac,Fysc, Fpc]” =0 1)

T
where Fac = [APuc, AQ,]", Fysc = {AP 7, AQf, AP, ADxis, AQAXIS] ,and Fpc = [APy]"
are the power mismatch vectors of the AC buses, VSC stations, and DC buses in the power
grid, respectively.
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Using the Taylor series expansion of Equation (1), the modified equations can be
obtained by ignoring the higher order terms of second order and above [24]:

E)FAC E)FAC 0

Fac gi_(Ac %’F(vsc SF AXac

_ vsc vsc vsc
Fysc| = |3xc Xvec  oXoc | |DXvsc )
FDC 0 oFpc oFpc AXDC

dXysc  dXpc

T
where Xac = [qc, UaC]T, Xysc = {(Sf, Uy, o, U, Pc,dc:| ,and Xpc = [UdC]T are the vector
form of state variables in each part of the AC/DC power network.

2.1. AC Grid Model
It is assumed that there are 1, AC nodes and 7, PV nodes in the grid. The AC power
flow balance equation consists of the active power equation of n,. — 1 dimension and the
reactive power equation of 1, dimension as follows:
{ APzzc,i = Pgi + Psi - Pli - Puc,i(aac/ uac) (3)
AQac,i = Qgi + Qsi - Qli - Qac,i(‘sac; uac)

where Pg; and Qg; are the active and reactive powers output by the generator buses. Pj;
and Qy; represent the active and reactive loads on the bus i. P,.; and Q,; are active and
reactive power flowing into the bus ac, i. d;c and U, denote the voltage phase angle and
voltage amplitude of the AC buses, respectively.

Note that when the VSC is connected to the AC bus ac,i, U,.; = U Ps; and Qg
symbolize the active power and reactive power of the bus si injected at the AC side of the
VSC, which can be expressed as:

P, = —U2Gypi + Uyl [thlcos( . 5fl) —|—Btflsm( i — O }

Q. = uSlBth + UgiUy; {thz Sll’l( si— (5f1> Byfi COS( - ‘Sfl) 4)

where Gif; and Byf; are the admittance of the transformer. U; and J;; are the voltage
amplitude and phase angle of the bus si at the AC side of the converter station. Uy; and dy;
are the voltage amplitude and phase angle of the filter bus fi.

2.2. VSC Station Model

The mismatch equations of the internal power exchange in the converter station can

be expressed as:
{ APy = Pei — Py

AQfi = Qi — Qfsi — Qi ®)
AP = Pej + Prossi + P dei

where P, is the active power loss of the converter and P, 4.; is the active power injected
into the DC side of the converter.

In Equation (5), the active power P,; flowing through the bus ci in the converter station
and the injected power of the filter bus fi can be formulated as:

Pci = LICZIGCI- - llfiua- [Gci cos <5fl - 5”‘) - Bci sin (5fl - 50')}
Pegi = —U2,Gey + Upl [Gci cos (5ﬂ - 5Cl-) + B sin((ffi upy } ©)
Qefi = U2Bei + Upilly [Ga- sin (5ﬂ- - (56,) — By cos (5ﬁ - 5ci)

where G,; and B.; are the admittance of the phase reactor. U, and ¢.; are the voltage
amplitude and phase angle of the converter bus ci.
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The reactive power Qy; of the AC filter and the power flowing from the filter bus fi to
the bus si can be expressed as:

Prsi = UJ%Z-thz’ — UyUs; [thi cos (551' - 5fi) — Byisin (551' - ‘Sfi)}
Qfsi = —UﬁBtﬁ + Uy Us; [Gtﬁ sin (5si - 5fi) + Byficos <5si - 5fi)] @)
Qfi = —szcl-Bfi

where By; is the susceptance of the AC filter.

The VSC station can independently control the D and Q axes to ensure a stable balance
of the grid within the given constraints as follows:

APy = Kpoei (P = Py )

ADaxisi = ! ®)
Audc,i = Kudc,i (udc,i - u;?;)
AU = Kutgeyi (Upe — U

AQaxisi = et acz( oot ”C’l) )

AQsi = Kgsi (Qsi - QZf-f)

where Kp,.; and Ky, ; are the control coefficients of constant AC active power and constant
DC voltage in the D axis, respectively. Kj,.; and Kqs; represent the control coefficients of
constant AC voltage and constant reactive power in the Q axis, respectively.

2.3. DC Grid Model

According to the connection structure between the DC grid and the VSC station, the
DC power flow balance equation can be formulated by:

APjci = Pyac,i + Pegci — Prac,i — Paci(Uac) (10)

where Py ; and Py ; are the generator and load power in the DC grid, respectively. Uy, rep-
resents the voltage amplitude of the DC bus.

2.4. Mathematical Relationship of Interaction between AC and DC Grids

By expanding the partial derivative equations of the Jacobian matrix in Equation (2),
the process of power transmission between the AC power grid and the DC power grid
through VSC can be represented.

(1) Power transfer between the AC grid and the VSC:

AP, AP, 00 0

aFAC - an an

Xysc % agguc 0 0 0
BAPf A ' T (1)
0AP;  0AQ, 0 98Daxis  9AQaxis

aFVSC — ¢ ¢ 994 ¢

0Xac dAPy  0AQy 0ADAxis  9AQaxis
U, 10 AU,c oU,c

(2) Power transfer between the DC grid and the VSC:

oXvsc aéf an 9. ou, apc,dc

Fysc _ [ o 24P Daxs o |"

oFpc _ { AAP;. APy 9APy  3APy AP, }
(12)

The non-zero elements of the partial derivative matrix shown in Equations (11) and (12)
indicate that there are functional relationships between the power mismatch equations of
the AC power network or DC power network and the state variables of VSC. On this basis,
combined with the power transfer equation of VSC, the power transmission relationship
between the AC grid and the DC grid can be established.
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3. Improved Latin Hypercube Sampling Method

In the solution process of PPF using LHS, the two most critical steps are interval
sampling and sample sorting. The traditional sample point selection method only extracts
the intermediate value in the stratified interval, which often fails to accurately retain the sta-
tistical characteristics of the sample for every interval. Similarly, it is particularly important
to ensure the fitting accuracy of the random variable distribution. To fit meteorological data
with different probability distributions while preserving the correlation among samples,
this paper proposes the ILHS algorithm by combining the van der Waerden scores [25],
that can carry out reasonable weight distribution for extreme values in the datasets, and
DKDE [26], that can improve the local fitness of the data.

3.1. Procedure for Solving Probabilistic Power Flow of Hybrid AC/DC Power Grid

To clearly describe the solution process of PPF, the steady-state model of the AC/DC
power grid in the previous section is rewritten into the following implicit function form:

Y = f(X) (13)

where X is the input variable vector of the grid and Y is the output state variables in the
AC/DC power flow model. Assume that the hybrid AC/DC grid contains Nx-dimensional
random vectors Xg = [XRl,X Ryr+- ’XRNx] ,XRr € X consisting of wind speed, solar irradi-
ance, and load power.

The algorithm proposed in this paper has two primary parts. In the sampling stage,
the ILHS method extracts a subset of data points from the cumulative distribution functions
(CDFs) of random variables that can represent the statistical characteristics of the original
dataset and the correlation between random variables X. In the power flow calculation
phase, the selected sample points are updated into the input variable X, and the AC/DC hy-
brid power grid model containing VSC in Equation (13) is used for calculation. Eventually,
the output state variables Y of each sample point can be used to obtain the corresponding
probability information, including the mean and standard deviation of voltage, power, and
converter station operating parameters.

The detailed calculation process of the improved PPF method can be summarized as
the following steps:

Step 1: According to the data distribution characteristics of random variables Xy, the
corresponding van der Waerden scores are obtained.

Xr
VRl.—cpl(r]f]i ff)d—l,z,...,Nd (14)

where ;4 (Xg,) divides the rank of Xg, into Nj; interval segments and extracts the corre-
sponding rank from the dth interval. N, is the number of samples in the original random
variable and @~1(-) is the inverse function of the standard Gaussian distribution.

The primary purpose of adopting the van der Waerden scores is to enable the ILHS
algorithm to preserve the characteristics of the original data at the sampling stage by
assigning reasonable weight values to the extreme ranks. Meanwhile, the van der Waerden
scores not only ensure the integrity of the data within the partition interval but also maintain
the rank properties in the correlation coefficient matrix of the original dataset while keeping
the marginal distribution unchanged.

Step 2: Use the coefficient conversion formula to extract the correlation between the
target samples Xg.

The correlation of uncertainty variables X, is then defined by:

Cp (XRI,,XR],) - ZSin(%CS (XRi,XR],)) Xg,, Xg, € Xg (15)
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where Cp and Cg are the Pearson correlation coefficient matrix and the Spearman rank
correlation coefficient matrix of the target samples, respectively [27].

This step is primarily used to transform the nonlinear correlation coefficients between
random variables, which transmits the correlation of random variables Xy that follow
arbitrary distribution to standard normal variables.

Step 3: Calculate the correlation coefficient of the van der Waerden scores Vg, and
adopt the Cholesky decomposition to separate the lower triangular matrix in the correla-
tion matrix.

Cp(VRl,,VR]) =GGT ijeN; (16)

where Cp is the correlation coefficient matrix of Vg = [VR1/ VRyroos VRN,J and G is the
lower triangular matrix.

Step 4: Utilize the matrix transformation method to transfer the correlation among the
target random variables.

According to the target correlation coefficient matrix Cp, Vi is rearranged by matrix
transformation so that the rank of the elements in each vector remains the same as the rank
of the corresponding elements in the correlation coefficient Cp.

Cp (XRZ.,XR/.) = LgL}

T 1, €Ny (17)
Viy = Vg (LRG*1)
where Vyy is the reordered van der Waerden scores.
Step 5: The sampling scenario sets X are obtained by the CDFs fitted by the DKDE algorithm.
Based on the adaptive smoothing properties of the linear partial differential diffusion equa-
tion, the kernel density estimation function f for random variables Xg = [X Ry XRys -+ -, XR Nx}
is represented by [28]:

af(xR}ﬂ
ot

L(f(xR;t)) - ﬁ <a(xR)dzR (f;?f;’;) )) (19)

where xR is the normalized form of the random variable vector Xy and # is the bandwidth
of the diffusion kernel density function. L(-) is the linear differential operator and both
a(xgr) and p(xg) are arbitrary positive functions with second derivatives. If p(xg) is a
virtual probability density function, the following condition must be satisfied:

(f(xR, ))XR € Xr = [O, 1},1’ =2 (18)

hmf(xR, ) = p(XR) XR € AR (20)

t— 00

When the standardized random variable data Xr has a boundary;, it is necessary to
consider the boundary condition to ensure the uniqueness of the solution as follows:

o (ﬂxR;t)> =0 (21)

5;£' p(xr)

Fxg;0) = Axg = —ZNR (xR — X) 22)

where X, is the mth element in the random variable Xg;. Ng denotes the total number of
elements contained in the vector Xg;. Axy is the empirical density in the initial condition
shown in Equation (22), and §(xg — &},) is the Dirac measure of Xj,.

The general solution of Equation (18) and the kernel density function are defined as:

f XR, 72 xR/er ) (23)
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Yy p(xRr) oo - L [ p(z)
kp (xR, YR; 1) = Va2 (r)a () P (gr)a ) P( 2t/yR”a(z)dz> (24)

where xg and yr are random variables in the domain of the kernel density function
kp (xR, yr; ). Combined with the inverse function of the CDF in Equation (23), the scene
dataset of ILHS can be obtained as follows:

A

Xc=F(@(Vw)) (25)

where F(x) is the integral form of the diffusion kernel density function.

In the sample rearrangement stage of the PPF algorithm, the DKDE method is utilized
to adjust the optimal bandwidth according to the data density of random variables, which
can lead to better fitting accuracy of unevenly distributed datasets. This helps to ensure
that the sample points obtained using the inverse function are more consistent with the
statistical characteristics of the target random variables.

Step 6: The output values of each state variable in the hybrid AC/DC grid are obtained
by substituting the newly generated sampling scene data X¢ into Equation (26).

Ye = f(Xc) (26)

The algorithm flow chart in Figure 2 can intuitively demonstrate the whole operation
process of PPF in the AC/DC hybrid power grid.

Generate the van der Waerden scores
Vg from the random variables Xg

v

Obtain the lower triangular matrix G of the van
der Waerden scores's correlation coefficients

v

|
| Power flow calculation phase of the AC/DC grid
|
|
|
|
|
|
|
|
original data and perform the Cholesky decomposition |
|
|
|
|
|
|
|
|
|

Calculate the AC power flow
corresponding to the data set Xc

v

Update the calculation result of AC

Transform the nonlinear correlation coefficients of the
power flow Update the power
¢ results of DC power
Calculate the power flow at the network
Use the matrix transformation to transfer the correlation and converter station
obtain the rearrangement of the van der Waerden scores Vy + A

'

Adopt the diffusion kernel density function to obtain
the sampling point set Xc of ILHS algorithm

|
| |
| |
| |
| |
I |
| |
| |
| flow calculation |
\ v [
| |
| |
| |
| |
| |
| |
| |

Sampling phase of PPF algorithm

Output data

Figure 2. Flow chart of improved PPF algorithm.

3.2. The Evaluation Index of the Sampling Accuracy

The errors of the correlation coefficient, mean, and standard deviation are adopted
to measure the operational accuracy of the algorithm. The expression can be expressed as
follows [29,30]:

Fy,—Fsam o
{ 8{corr,mean,std} = ’bT‘ x 100% 27)
Fsam = {Cs(Xc), p(Xc), o(Xc)}

where F;, is based on the MCS sampling result of 50,000 times as the reference value
to represent the statistical parameters of the original data. Fs,; denotes the statistical
parameters of algorithm sampling datasets Xc. €{corr,meanstd} Symbolizes the correlation
coefficient error, mean error, and standard deviation error of the sample X, respectively. u
and o are mean and standard deviation.
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3.3. The Precision Measurement Index of the Probabilistic Power Flow Methods

The quantitative performance index of the algorithms can be formulated by [31]:

i (V) e (9
Kmean(Y(Ck)> _ |1 Cyz(ygw)( )

Tmearl(YC) = le(\fqu Kmean (Y(Ck)) /Ng

x100% k € Ng

(28)

where kmean and Tmean denote the mean error and the average of the mean errors. Yék ) rep-
resents the state variable of the bus or branch corresponding to the serial number k. N,
is the total number of buses or branches on the grid. Since the calculation process of the
standard deviation error is similar to Equation (28), it will not be repeated.

4. Result and Discussion

This section is divided into three parts. The first part tests whether reducing the
sampling points of the ILHS algorithm can preserve the statistical properties of the random
variables. The second and third parts evaluate the computational accuracy and robustness
of the proposed algorithm under different evaluation scenarios in conjunction with the
interconnected grid models.

4.1. Sampling Performance Evaluation of the Proposed Algorithm for Uncertain Variables

The actual hourly wind speed and solar irradiance of six different observation sites
with high renewable energy reserves in China were selected as the sample datasets. The
relative error indexes were utilized for these data sets to measure the accuracy of the
proposed algorithm. Figure 3 reveals the deviation results in probabilistic information for
random variables in 100 replicate experiments with the same sample size to avoid possible
fortuity in the test results.

[N ILHS [ LHS H NATAF] [ ILHS [ LHS Il NATAF |
12% 1.5% 10%
104
10% 1.2% - 8%
8%
’ci .  0.9% - 6%
kel ~~
S S
< T 06% 4%
4% -
0.3% - 2%
2%
- - o
0% — — — 0% 0%
Coefficient coefficient error Standard deviation error Mean error
(a) (b)

Figure 3. The error test results of the three algorithms: (a) the correlation coefficient error, standard
deviation error; and (b) the mean error.

Two common simulation methods are established as a control group to judge the su-
periority of the proposed algorithm in terms of sampling accuracy. The first control group
adopts the Latin hypercube algorithm with adaptive kernel density estimation to describe the
correlation among random variables, known as the LHS method. Another control group uses
the Nataf algorithm to pass the correlation coefficient among the actual samples.

The effectiveness of the proposed algorithm is demonstrated by comparing the ac-
curacy of the ILHS, the LHS, and the Nataf algorithm. Figure 3a shows the correlation
coefficient error of the ILHS decreased by 63.1% and 74.7% when compared with the LHS
and Nataf algorithms, respectively. Meanwhile, in terms of the standard deviation error,
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the LHS and Nataf are 61.7% and 75.4% larger than the proposed method, respectively. It
should be noted that, in Figure 3b, the biaxial diagram reveals a significant difference in
the value of the evaluation indicators. The left axis of Figure 3b indicates the error range of
ILHS and the right axis denotes the error range of LHS and NATAF. The ILHS algorithm
can reduce the mean error to 0.18%, which is far less than 2.57% of the corresponding error
value of the conventional LHS algorithm.

For the robustness test of the algorithm, an experiment was designed to compare the
operational accuracy under different sampling numbers, as shown in Figure 4. With the
increase in the sampling scale, the mean and standard deviation error of the ILHS showed
a minor reduction, while the other two algorithms showed an oscillatory decreasing trend.
From the perspective of the whole change process, the error of the proposed algorithm
is maintained between 0.06% and 2.01%. Therefore, even if the number of samples was
limited to a low level, the ILHS was still able to retain the statistical characteristics of the
actual data sets.

[—=—ILHS —e-LHS 4 NATAF |

10%

(@)
8% -
c\o 0
6% A A A A A s A A
Q —
R S i F R S g
w 20 =~ - - = -
0% L . . . . . . . .
200 300 400 500 600 700 800 900 1000
10% 5
K 8%t ®)
= &
g 6% -
£ 4% - — &~ o _a s N s A A A
- e _ .
w 2% .= - p—
- - = -
0% 1 . : : . * - 1
200 300 400 500 600 700 800 900 1000
10%
C
o <, ©
) A
~ 6% ~ »
= S . v s s
& A% B T T i 4
@ - - -
2%\ ~e — . - —
0% 1 1 1 1 n n 1 T T
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Figure 4. The variation curve of the error under different sampling scales: (a) the correlation
coefficient error; (b) the mean error; and (c) the standard deviation error.

Adequate inheritance of the correlation among actual meteorological data during
sampling is the key to ensuring the steady-state analysis accuracy of the power grid with
high-penetration renewable energy. Considering that the correlation coefficients between
the observation points range from —0.1 to 0.8, the calculation accuracy sensitivity of the
different algorithms to the variation of the correlation coefficients is demonstrated in
Figure 5.

As the correlation coefficient increases, both the LHS and Nataf algorithms showed
major changes, with fluctuations rising to 2.79% and 3.49%, respectively. In contrast, the
error fluctuation of the ILHS was stable, in the range of 0.02% to 0.67%. In addition, the
results show that the correlation coefficient accuracy of the LHS and Nataf methods is
poor when the correlation coefficient is in the range of —0.1 to 0.1. This is because the
meteorological data are either uncorrelated or weakly correlated, which makes the sample
points of the discrete distribution exhibit irregular changes that reduce the accuracy of the
ordinary random sampling algorithm. In contrast, the ILHS combined with the van der
Waerden scores can assign reasonable weight values to the upper and lower bounds in the
sample to ensure that the model sample sequence is closer to the original data.

According to the performance test results of the ILHS, the proposed algorithm shows
good robustness and can significantly fit the correlation and statistical characteristics of the
original data with lower sampling times. Furthermore, this algorithm can be applied as an
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efficient scenario simulation method to fully extract the spatial and temporal complemen-
tary characteristics among REs during power flow analysis.
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Figure 5. The effect of samples with different correlation coefficients on the accuracy of algorithms:
(a) the correlation coefficient error; (b) the mean error; and (c) the standard deviation error.

4.2. The Performance Evaluation of the Proposed Method

To effectively reduce the fluctuation problems arising from the large-scale renewable
energy grid connection, it is necessary to use B2B-VSC structures to connect different
regional grids. Therefore, an interconnected grid is constructed by combining IEEE 9-bus
and IEEE 14-bus to test the accuracy of the proposed algorithm, as shown in Figure 6. Note
that the installed capacity of the six renewable energy power plants connected to the grid
is 200 MW, and the base voltage is 345 kV. The capacity base value of the system is set to
100 MW. The relevant settings of the VSC stations are shown in Table 1.

Regional grid 1

P — T

method v\ DC2 DCl|=

11 ’Tj @ > 194, 23

Figure 6. The topology of the interconnected grid based on the B2B-VSC.
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Table 1. The parameters of converter stations.

VSC1 VSC2
Zy/p-u. 0.0015 + 0.1121j 0.0015 + 0.1121j
Bs/p.u. 0.0887 0.0887
Z¢/pu. 0.0001 + 0.1643j 0.0001 + 0.1643j
Control models Ps1 — Qs Ujer — Usp
Ps1 =12 U2 =1.0
Control parameters/p.u. Ouy =04 Usy = 1.01

The wind farm W1 and the photovoltaic (PV) plant S1 are connected to bus 2 and
bus 3 in the regional grid 1. The wind farms W2 and W3 and the PV plants S2 and S3 are
connected to bus 11, bus 15, bus 12, and bus 17, respectively. The cut-in, rated, and cut-out
wind speeds of the individual wind turbine in the wind farm are set at 3.5 m/s, 12 m/s,
and 25 m/s, respectively. Photovoltaic panels in the PV farm adopt the structure of a fixed
inclination angle.

By combining the LHS and Nataf, the accuracy of the proposed method is evaluated
in the interconnected grid based on actual meteorological data from renewable resources in
China. Figure 7 shows that the ILHS is much more accurate than the other algorithms in
terms of the mean and standard deviation of the AC bus voltage magnitude. Compared
with the LHS using the stratified median sampling, the mean error of the AC bus voltage
magnitude of the proposed method is reduced by 64.9% on average, while the average
standard deviation error is reduced by 35.7%. It is worth noting that the LHS and Nataf
have a poor approximation of the AC voltage magnitude at part of buses in region 2.

11%
] ILHS [ LHS [ NATAF | [ 1LHs [ LHs [l NATAF |
9%
I L
| >
k‘zﬁ
i 4%
2%
0%
B8 B13 B18 B19 B22 B2 B4 B6 B8 B13 B18 B19 B22
Bus number Bus number

(a) (b)

Figure 7. Comparison of (a) the mean error and (b) the standard deviation error of the AC bus
voltage magnitudes.

Figure 8 illustrates that the ILHS method has better computational accuracy in terms
of the mean and standard deviation of the AC voltage phase angle when compared to the
ILHS and the Nataf algorithm, with a maximum error of only 1.12% and 1.32%, respectively.
The comparison of the error results in Figure 7 shows that the three PPF methods can
better predict the voltage magnitude than the voltage phase angle. Because renewable
energy with intermittent nature is connected to the grid, it will aggravate the fluctuation of
the active power flowing through each bus. The voltage phase angle difference between
the buses reflects the power flow direction. Thus, it increases the difficulty of the PPF in
approximating the AC voltage phase angles that exhibit random fluctuations.
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Figure 8. Comparison of (a) the mean error and (b) the standard deviation error of the AC bus voltage
phase angles.

The calculation deviation of the active power in the AC branches through different
methods is evaluated in Figure 9. The proposed algorithm, LHS and Nataf, are 0.196%,
0.891%, and 5.53%, respectively, for the average value of the AC active power mean error.
Meanwhile, the standard deviations of the AC active power have mean errors of 0.494%,
1.27%, and 10.5%, respectively. By comparing the standard deviation error of the AC
active power flowing through the branches in regions 1 and 2, the Nataf in region 2 shows
the worst approximation for Brll and Br14. Region 2 contains more renewable energy
stations, and Br11 and Br14 are connected to adjustable power stations. The result is that the
Nataf algorithm, which makes specific probability distribution assumptions about random
variables, cannot be adapted to the approximate scenario with large fluctuations in the
line power.

22%
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Branch number Branch number
(a) (b)

Figure 9. Comparison of (a) the mean error and (b) the standard deviation error of the AC branch
active powers.

Considering the importance of the VSC stations in the interconnected grid, the cal-
culation accuracy of different algorithms for the operating parameters at the converter
stations is shown in Table 2. The ILHS method can maintain the calculated deviations
of the mean and standard deviation of the relevant variables in the B2B-VSC station at
0.21% and 0.0751%, respectively, which is 88.8% and 61.3% lower than the errors of the
corresponding indicators of the LHS method. The Nataf method, that uses conventional
probability distribution functions (PDFs) to fit random variables, shows a more obvious
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disadvantage in the approximate aspect of the relevant variables at VSC stations, with the
highest mean and standard deviation of parameter errors reaching 12.5% and 25.8%.

Table 2. The mean and standard deviation errors of the parameters at the VSC stations.

. The Mean Error % The Standard Deviation Error %
Test Variables
ILHS LHS NATAF ILHS LHS NATAF
Ve 0.0024 0.0363 0.0829 0.0122 0.149 25.8
Ve 0.17 2.45 4.24 0.0565 0.25 23.3
Vea 0.25 2.86 125 0.19 0.28 0.72
Py 0.42 2.14 11.8 0.0419 0.097 19.3

In general, the proposed method demonstrates good operational performance in hy-
brid AC/DC grids, both for approximating fluctuating random variables and for tracking
fixed control variables. In addition, if too many assumptions are considered for the prob-
ability distributions of the target variables during the modeling process of the PPF, the
simulation results will deviate significantly from the target values due to the inability to
accommodate the interference of extreme values in the sampling session.

4.3. The Robustness Evaluation of the Proposed Algorithm

To avoid the limitations of only testing the accuracy of the algorithm in one power grid
topology, IEEE 9-bus and IEEE 57-bus were combined to form a new interconnected power
grid topology for the test case, as shown in Figure 10. Note that the installed capacity of
the six renewable energy power plants connected to the grid is 400 MW. The capacity base
value of the system is set to 100 MW. The control parameter settings of the VSC-HVDC
stations are shown in Table 3 and the detailed parameters of their internal lines are chosen
to be the same as in the previous section.

VSC-B2B

—_—————

Interconnection
method

©
15%
()

Figure 10. The new topology of the interconnected power grid.
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Table 3. The parameter setting of the converter stations.

VSC1 VSC2
Control
models Ps1 = Qa1 Uger — Usz
Control Ps1=12 Ui =1.0
parameters/p.u. Qs1=0.2 Us, = 1.004

The validity test results of the previous section show that the difficulty of the PPF
to approximate the actual value increases as the random variables exhibit more fluctua-
tions during the system operation cycle. Therefore, this subsection first tests whether the



Energies 2023, 16, 2547

15 0f 19

0.2

0.1

0.1
X
f=4
g
|~‘E
0.0
0.0
6.5%
5.2%
o 39%

0,

mean

w

2.6%

1.3%

0%

2%

8%

3%

9%

4%

0%

proposed algorithm can be adapted to more severe operating scenarios by improving the
fluctuation magnitude of the loads in the interconnected grid. Figure 11 demonstrates that
the ILHS algorithm can maintain the average mean error and the standard deviation error
of the AC voltage magnitude below 0.1% and 2%, respectively, as the power fluctuation
range of the load nodes is enhanced from 15% to 60%. In contrast, the maximum error of
the Nataf algorithm for the AC voltage amplitude is 4.67%.

5%
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4% -
3%
=3
2
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2%+
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30% 45% 60% 15% 30% 45% 60%
Variation range Variation range
(a) (b)

Figure 11. Comparison of (a) the mean error and (b) the standard deviation error of the AC bus
voltage magnitudes under different fluctuation ranges of each load.

Figure 12 proves that the ILHS algorithm is least affected by the increase in the
magnitude of the load power fluctuations among the three simulation methods, with the
mean error and standard deviation error of the AC voltage phase angle improving by only
0.98% and 1.18% in the different scenarios, respectively. The computational accuracy of the
LHS and Nataf algorithms is more sensitive to the variation in the load power fluctuation
amplitude. By comparing the calculated errors in Figures 11 and 12, it can be found that
the increment in the mean and standard deviation error of the AC voltage phase angle is
higher than the mean and standard deviation error of the voltage amplitude during the
elevation of the load fluctuation range.
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[ JiLHs [ LHS [l NATAF
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[ JiLHs [ LHs Il NATAF
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4.8%

S
B
F
3.2%
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Variation range Variation range
(a) (b)

Figure 12. Comparison of (a) the mean error and (b) the standard deviation error of the AC bus
voltage phase angles under different fluctuation ranges of each load.

By observing the results of the previous section, it can be concluded that the accuracy
of the algorithm will decrease as the number of random variables in the system increases.
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Therefore, Figures 13 and 14 set up test scenarios with different dimensions of uncertainty
variables for evaluating the computational performance of the proposed algorithm in
interconnected lines. Figure 13 indicates that even when the dimensionality is raised to 48,
the mean and standard deviation errors of the ILHS algorithm for the AC-side power at the
converter stations improve to only 0.0000143% and 1.63%, respectively. Interestingly, the
three algorithms show very high accuracy in estimating the mean and standard deviation
of the active power. Due to the constant active power control used in the VSC1 power plant,
the approximate difficulty of the flow power value is reduced.
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Figure 13. Comparison of (a) the mean error and (b) the standard deviation error of the active power
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at the converter stations under different random variable dimensions.
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Figure 14. Comparison of (a) the mean error and (b) the standard deviation error of the AC-side bus
voltage phase angles at the converter stations under different random variable dimensions.

As seen in Figure 14, the proposed algorithm can maintain the mean and standard
deviation of the AC-side voltage phase angle at the converter stations below 0.05% and
1.7%, respectively, in the increasing dimension of the random variables. In addition, by
comparing the standard deviation errors of the parameters related to the converter stations
in Figures 13 and 14, the performance of the Nataf algorithm is most affected by the change
in the dimension of the uncertainty variables, which can increase by up to 8.12%. This is
because the Nataf algorithm requires assumptions about the probability distribution of
random variables before mapping correlations to the standard normal distribution. When
the number of random variables increases, the uncertainty variables cannot be fitted more
accurately by relying only on conventional PDFs.
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To measure the approximation degree of the PPF to the correlation of uncertain vari-
ables, the root mean square error (RMSE) of the correlation coefficients between the AC
active power for different random variable dimensions is presented in Table 4 [32]. The
RMSE of the Nataf and LHS algorithms increased by a maximum of 2.41 and 1.6 times,
respectively, compared to the proposed algorithm during the increment of the random
variable dimension. Moreover, the increase in the dimensionality of the uncertainty vari-
ables has the most significant enhancement on the RMSE of the active power in the Nataf
algorithm, with an error expansion ratio of 264%.

Table 4. The root mean square error of the correlation coefficients among the AC active power.

The Dimensions of the Random Variable The RMSE of Pr
NATAF LHS ILHS
6 0.023 0.02 0.0141
12 0.0417 0.0218 0.0208
24 0.0507 0.0288 0.0226
48 0.0607 0.0403 0.0252

Overall, when compared with the other two PPFs, the ILHS algorithm can guarantee
the accuracy of the calculation results and the anti-disturbance of the arithmetic errors
in both the load fluctuation amplitude change test and the random variable dimension
increment test. Meanwhile, the ILHS algorithm combined with the van der Waerden scores
and DKDE can better transfer the correlation among the state variables in a high proportion
of renewable energy grids, even in high-dimensional scenarios with input variables.

5. Conclusions

This paper proposes an ILHS algorithm that combined the van der Waerden scores
and DKDE. It is intended to solve the problems of extreme rank in intermittent renewable
energy meteorological datasets and the inability to accurately fit the marginal distribution
of samples using the prior distribution model. This method can ensure the accuracy of the
calculation in severe computing scenarios. The conclusions are drawn as follows:

(1) In terms of the approximate accuracy of sample statistics, the proposed method
far exceeds the LHS and the Nataf. At the same time, the ILHS algorithm can still
maintain the fitting accuracy in the range of 0.015% to 2.01% in the error test of sample
size reduction and the robustness test of dataset correlation change.

(2)  The effectiveness of the proposed method is evaluated in the case of an interconnected grid
consisting of IEEE 9-bus and IEEE 14-bus. During the comparison with the calculation
errors of the LHS and Nataf algorithms, the ILHS method shows greater approximation
accuracy for the AC state variables and the VSC stations’ related variables.

(8) The computing performance of the proposed algorithm under different severe sce-
narios is investigated in a modified IEEE 66-bus test system based on the B2B-VSC
structure. The ILHS algorithm can ensure that the accuracy is maintained and least dis-
turbed among the three algorithms even when the magnitude of the load fluctuations
and the dimensionality of the random variables increase.

The hybrid AC/DC PPF algorithm proposed in this paper can handle random vari-
ables with different meteorological characteristics, relying on only a few data points to
preserve the statistical properties of the samples and the correlations of the state variables
in the nonlinear system of equations. Furthermore, this algorithm provides a probabilistic
modeling approach that can reduce the computational difficulties caused by the increased
dimensionality of uncertain variables in the optimal scheduling of new power systems and
the optimal configuration of energy storage capacity.
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