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Electrical power systems encounter a variety of challenges due to load growth and technological improvement;
reactive power planning (RPP) and improvement of voltage stability (VS) are the two most significant ones. The
integration of wind farms (WFs) into power networks has many advantages in terms of operation cost and
emissions. But leads to voltage instability if it is not optimally sized, placed, and coordinated with VAR sources.
In this study, a probabilistic multi-objective RPP framework is proposed for power systems with high penetration
of WFs. A novel wind turbine model that can dynamically control reactive power is suggested based on the
capability curve of a double-fed induction generator. A new bi-level optimization technique is introduced to
address the problem considering the uncertainties of loads and wind power. Multi-objective genetic algorithm is
employed at the upper level to optimally allocate VAR sources, and select the optimal locations of WFs to
improve VS and decrease VAR sources’ costs. While at the lower level, the overall operation cost is minimized. A
fuzzy min-max method is modified to find the optimum compromise solution. The results show that the proposed

technique is effective in improving system VS and operation costs.

1. Introduction
1.1. Motivation

The electrical sector has historically been focused on hydroelectric
and thermal power plants. While hydroelectric plants are clean and
effective, there is a constraint on locations for their installation. The
fossil fuels required for other plants, on the other hand, are running out
and are considered one of the main causes of CO, emissions. This has led
to a significant shift in the paradigm of power systems, with govern-
ments adopting goals and strategies targeted at the comprehensive
incorporation of renewable energy into electricity networks. Wind
power stands out among other green energy because it has enhanced the
convergence of networks greatly [1]. In recent years, wind power
technology has evolved rapidly. In 2021, the installed wind power ca-
pacity grew by 92 GW, taking the global total installed capacity to 837
GW. The Global Wind Energy Council predicts that by 2025, the sector
will expand rapidly and step upward to achieve a total installed capacity
of 1014 GW [2].

The nature and operations of the power system are challenged by the

* Corresponding author.
E-mail address: eladle7 @mans.edu.eg (A.A. Eladl).

https://doi.org/10.1016/j.epsr.2022.108917

fluctuating nature of the wind and the relatively new types of genera-
tors, such as double-feed induction generators (DFIGs), which are uti-
lized in wind farms (WFs) but are uncommon in conventional power
systems [3]. As a result, a large proportion of wind penetration may have
an impact on the power grid’s stability [2], necessitating proper reactive
power planning (RPP) to keep the system operating safely.

1.2. Literature review

RPP, which is one of the most important aspects of the above chal-
lenging situation, is concerned with addressing the following two
questions: (1) where the new reactive power sources should be imple-
mented; and (2) the scale and form of the new reactive power sources.
An adequate RPP can improve both the voltage profile and the voltage
stability (VS) of the power grids. Many control behaviors (control var-
iable) can have an effect on the RPP issue rather than depending on new
sources such as: (i) Regulating the generator excitation is used to adjust
the voltage set points of voltage-controlled buses (PV buses or generator
voltage). (ii) Updating the configuration of taps for changing trans-
formers. However, in the majority of power networks, these two stra-
tegies are insufficient due to high system stress. Capacitor banks, on the
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Notation

Below is a list of the most important symbols used in this work. As
needed, other symbols are defined

A Sets of indices

Np Number of system buses

Neap Number of newly installed capacitor bank
N, Number of generators

N; Number of transmission line

N; Number of loads scenarios

Ngve Number of newly installed SVC devices
Nr Number of installed transformers

Nrcsc Number of newly installed TCSC devices
N, Number of installed wind power farmsB

Constants and parameters

B Susceptance of the branch between bus i and bus j (p.u)

C. Capacitor bank per-unit cost ($/MVAR)

Cr Fixed cost of the capacitor bank in ($)

Gj Conductance of the ranch between bus i and bus j (p.u)

ir VAR devices interest rate (%)

LT VAR devices lifetime (years)

Ppmax The maximum possible power transfer to the load (MW)

pnin pmex Minimum and maximum allowable active power at bus i
(MW)

Quin| Qmax  Minimum and maximum allowable reactive power at bus
i (MVAR)

Spx Maximum allowable apparent power in line 1 (MVA)

T@in Tmex Minimum and maximum transformer K tap setting limit
(p.w

ymin ymax - Minimum and maximum allowable operating voltage at
bus i (p.u)

Xjj Branch reactance between bus i and bus j (p.u)

Zij Branch impedance between bus i and bus j (p.u)C

Variables

AICyag  Annual cost of newly added VAR sources ($)

By Susceptance of SVC device at bus i (p.u)

Ceapi Total capacitor bank cost at bus i ($)

Cyve.i SVC devices installing cost at bus i ($/MVAR)

Cresci TCSC devices installing cost in line 1 ($/MVAR)

ICyar Total new VAR sources installing cost ($)

Pp Current load demand operating value (MW)
Pp; . Qp; Active and reactive power load at bus i (MW/MVAR)

Py . Qg Active and reactive power generated at bus i (MW/MVAR)
Q% VAR source capacitive/inductive power at bus i (MVAR)
Qsyeii SVC device reactive power injection at bus i (MVAR)

Tk Transformer K tap setting (p.u)

S Apparent power flow in line 1 (MVA)

Stesci TCSC device power injections in line 1 (MVAR)

Vi.y; Magnitude of the voltage at bus i and j (p.u)

Xresci TCSC device reactance in line 1 (p.u)

i Phase-angle difference between bus i and j (rad.)

other hand, are the most common reactive power compensation solu-
tions because they are fairly priced relative to their capability for
compensation, but they also have the drawback of being slow and un-
reliable [1,4]. Flexible AC Transmission System (FACTS) is widely used
in the power system due to its rapid control responses and capacity to
boost loadability. Additionally, it creates new possibilities for regulating
power flow, reducing losses, and boosting the unstable capacity of
existing transmission lines [5].

Various artificial intelligence-based optimization methods have
recently been used for the RPP with wind power integration. Authors in
[1] suggested an application of the differential evolution particle swarm
optimization algorithm (DEPSO) to minimize losses and VAR investment
cost with wind power penetration. In [3], a differential evolution algo-
rithm (DE) is presented to solve the RPP problem for 6 scenarios of
different wind speed levels. In [6] the optimization problem was solved
using a genetic algorithm (GA) with a static var compensator (SVC). The
study in [7] presented an RPP method for integrating wind power into a
distribution system. Tabu search was utilized to reduce the annual en-
ergy losses in the grid-connected system and improve the microgrid
success index in [8]. The work in [9] proposed an improved adaptive GA
for a multi-scenario expectation model using SVC. Adaptive GA was
proposed in [10] to reduce the annual comprehensive cost using
capacitor banks. Particle swarm optimization gravitational search al-
gorithm (PSOGSA) was investigated in [11] to maximize the annual
profit of the utility. Authors in [12] presented a multi-objective function
model that takes into account minimal voltage variation, minimum
active power losses, and maximum DG optimization capacity. However,
no one in the preceding literature has focused on VS improvement as a
crucial planning objective, instead focusing solely on minimizing losses
and additional VAR costs.

In [13] a multi-scenario with two sets of variables was proposed and
solved based on VS constrained optimal power flow method to minimize
the total system cost. Two different objectives of minimizing the active
power losses and VS index (named 1-index) were approached in [14],
while VAR compensation devices were modeled as discrete variables. In

[15], GA was proposed with a probabilistic model of wind turbine (WT),
VS index was established as one of the multi-objective functions. In [16],
a multi-objective algorithm was suggested, where the optimal compro-
mise solution was found by combining the min-max technique, fuzzy
decision maker, and e-constraint method. However, they depicted the
WT as a restricted PQ model, which prevented full utilization of the WT
’s reactive power injection. In [17], a dynamic reactive power control
strategy was used to model the WT, and multi-objective functions were
merged as a single objective using the weighted method. GA was used to
tackle multi-objective optimization problems. In [18], non-dominated
sorting GA was proposed, and different strategies for controlling the
reactive power of WTs on RPP were investigated. However, it should be
emphasized that in [17] and [18], the rotor voltage limits in the wind
power capability curve as well as the operational wind cost were
ignored.

Recently, authors in [19] proposed a strategy for RPP with the
objective formulated by measuring different cost components such as
VAR generation cost, line charging cost, FACTS device operation cost,
and cost due to real power loss. The work proposed in [20] integrates the
static and dynamic solutions for the RPP problem in industrial micro-
grids operating in islanded mode. As a static solution, the optimal
location of capacitors banks is determined to mitigate the voltage vio-
lations with demand increases. While the STATCOM as dynamic support
is placed on the most sensitive bus to support fast voltage recovery under
motors start-up states. An oppositional-based Harris Hawks optimiza-
tion technique enthralled is suggested and implemented for RPP in [21]
with the objective of minimizing the operation costs and transmission
losses. To minimize power loss along with improvement in the voltage
stability limit, the study in [22] proposed a Moth-flame optimization
algorithm for RRP using multi-type of FACTS devices. Authors in [23]
utilized a two-stage approach based on mixed integer linear program-
ming for the RPP approach coupling steady-state operation and dynamic
VAR demand resulting from intra-hour transitions as well as line-outage
and short-circuit scenarios to a generic transmission system. However,
all of these studies did not take into account the presence of renewable
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energy sources within the system and the state of uncertainty for them,
and the load demand.

In the present work, a bi-level optimization strategy is proposed to
tackle the RPP issue. On the basis of the uncertainty characteristic of
loads and wind power, a multi-objective genetic algorithm (MOGA) is
employed in the upper stage to optimally assign new VAR sources and
identify the best connecting locations of WFs in order to compensate for
the shortage of reactive power in the power network. The objectives at
this stage are to maximize VS and minimize the installation cost of new
VAR sources. While the total fuel cost and WT operation cost are mini-
mized as possible at the lower level. The MOGA solution process is a set
of points on Pareto’s optimum front, where the best compromise solu-
tion may be determined using a fuzzy min-max approach. Table 1

Table 1
A comparison among previous studies and the proposed work novelties.
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classified the surveyed literature and lists the suggested work’s unique
features in contrast to previous studies.

In the current work, to compensate and manage the reactive power in
the electricity grid, several VAR resources are utilised. These are
capacitor banks and FACTS devices. There are several types of FACTS
devices that may be employed in a power network. Thyristor-controlled
series compensators (TCSC) and SVC are two of the most appropriate
devices for our requirements [5,24]. The model details of these VAR
sources can be found in [25]. For static implementations, the modelling
of VAR sources may be done through two methods: (i) the power in-
jection model and (ii) the impedance insertion model. According to the
impedance insertion model, depending on the kind of device, the
impedance is injected into the system in series, shunt, or a mix of both.

Ref. Year Optimization Objective(s) VAR sources VS Wind model Wind Multi- Proposed multi-
algorithm Capacitors FACTS  index cost scenario objective
bank
[1] 2014  DEPSO Min. cost of losses and VAR v - Constant power X v -
sources factor
[3] 2012 DE Min. cost of losses and VAR X - Reactive power X v -
sources fixed band
[6] 2006 GA Min. cost of losses, VAR X - Reactive power X v -
sources, and fuel cost) fixed band
[71 2010 Quantum Min. cost of losses and VAR v - - X v -
Evolution sources
[8] 2014  Tabu search Min. cost of losses and Max. v - - X v -
microgrids success index
[9] 2016  Adaptive GA Min. cost of losses and VAR X - - X v -
sources
[10] 2018 Adaptive GA Min. cost of losses and VAR v - Constant power X v -
sources factor
[11] 2018  PSOGSA Max. annual profit v - Constant power X X -
factor
[12] 2020 GAMS Min. cost of losses and Min. v - — X X Weighted method
voltage deviation and Max.
DG capacity
[13] 2014 GAMS & MINLP Min. cost of losses and VAR v VSM — X v g-constraint
sources with
Max. VS
[14] 2016 GAMS & Min. cost of losses and VAR v L- Constant power X v Pareto optimal set and
MO—ORPD sources with index factor Fuzzy decision maker
Max. VS
[15] 2015 GA Min. cost of losses and VAR v L- - X X Weighted method
sources with index
Max. VS
[16] 2021 GAMS Min. cost of losses and VAR v L- Reactive power X v e-constraint and Fuzzy
sources with index fixed band decision maker
Max. VS
[17] 2013  GA Min. cost of losses and VAR X VSM Dynamic X v Weighted method
sources with reactive power
Max. VS control
[18] 2019 NSGA Min. cost of Fuel and VAR v L- Dynamic X v Pareto optimal set and
sources with index reactive power Fuzzy decision maker
Max. VS control
[19] 2022 DECSA Min. cost of losses, VAR v - - - - -
sources, FACTS, and line
charging
[20] 2022 - Min. cost of losses and VAR v - - - - -
sources
[21] 2022 OHHO Min. cost of losses, VAR v - — - — -
sources and operation cost
[22] 2022  Moth-Flame Min. cost of losses and VAR v L- - - - -
Optimization sources with index
improve voltage profile
This paper MOGA Min. cost of Fuel and VAR v VSM Dynamic v v Pareto optimal set and
sources with reactive power Fuzzy decision maker
Max. VS control

GAMS: General Algebraic Modeling System.

MINLP: Mixed Integer Nonlinear Programming solver.
MO—ORPD: Multi-Objective Optimal Reactive Power Dispatch.
DECSA: Differential Evolutionary & Crow Search Algorithm.
OHHO: Oppositional-based Harris Hawk Optimizer.
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The power injection model executes the VAR source as an element that
injects/absorbs a specific quantity of active and/or reactive powers to a
node. These techniques do not conflict with the symmetry of the
admittance matrix and allow effective and easy incorporation of VAR
sources into existing analytical software applications for the power
system, which was used in this work.

1.3. Contributions and paper organization

This work focuses on RPP and improving the VS of the power system
by installing new VAR sources which maximize the voltage stability
margin (VSM) while keeping the minimum permissible voltage in mind
with the high penetration of wind power. The system would be more
capable of sustaining sufficient reactive power for running the network
in a safe state with an allowable voltage level. As a result, the system
would be more efficient in the face of wind power’s fluctuating nature.
Capacitor banks and FACTS which offer a rapid control response and the
potential to enhance system loadability are utilized as VAR sources to
support the network. To test the effectiveness of the suggested tech-
nique, an updated IEEE 30-bus test system and a part of the electricity
grid in South Egypt are employed.

A detailed model is utilized to describe wind generators instead of
the traditional technique in which wind generators were given in power
flow studies as PV or PQ models with constant power factors [17]. This
technique appears to be relatively simple so far, however, the reactive
power range accessible is restricted to either a maximum power factor or
a predetermined regulatory band. Furthermore, because this represen-
tation is not quite accurate, the reactive power infusion from the WT is
not fully used.

The WT model studied in this work takes into consideration all
available reactive power and provides dynamic reactive power control.
A WT generator’s output is non-linearly proportional to wind speed;
therefore, it can vary from zero to its rated output when the wind speed
fluctuates. As a result, these uncertainties should be accounted for in the
power flow model. A probabilistic model is an ideal representation for
addressing this issue. Because of its stochastic nature, the available wind
energy is estimated using the Weibull distribution function, while the
conventional Gaussian probability distribution function (PDF) is used to
describe the load demand. Furthermore, the proposed strategy takes into
account the unpredictability of wind power by integrating variables for
overestimation and underestimation of available wind energy in the
wind cost model.

The main contributions of the present work can be summarized as
follows:

- A probabilistic multi-objective framework of the RPP problem is
suggested for power networks with high wind energy penetration.

A novel wind turbine (WT) model that can dynamically control
reactive power is proposed based on the reactive power capability
curve of a DFIG. Additionally, a modified operational cost form of
wind power that accounts for wind power’s volatility is explored.

A new bi-level multi-objective strategy is used to solve the RPP
problem considering the uncertain feature of loads and WTs. In the
upper level, the MOGA is utilized to optimally assign new VAR
sources and determine the best-connected WT locations. A modified
fuzzy min-max technique is presented to find the optimum solution.

The remnant of the paper is arranged as follows: the uncertainty of
wind power and load demand with WT modelling are discussed in
Section 2. A multi-objective RRP problem formulation is described in
Section 3. The proposed solution algorithm for solving the RPP is dis-
cussed in Section 4. Section 5 depicts the case study results and dis-
cussion. Finally, the conclusions are presented in Section 6.

Electric Power Systems Research 214 (2023) 108917
2. Load and wind power uncertainty modelling

Many random factors occur in the power system; this section dis-
cusses the uncertainty of load demand and generated wind power.

2.1. Load demand uncertainty modelling

Electrical power systems’ stochastic loads necessitate modeling of
demand uncertainty at the planning and operation stages. The normal
Gaussian PDF [17] can be used to describe load uncertainty in general.
Fig. 1 shows the load levels and probability of each dy load scenario
which represented by f(Pp) and calculated as [14]:

P
1 (Pp=sp)*
f(PD) = / e 202 dP[) (l)
| V2no?
pin

where, f(Pp) is the probability of the di, load scenario, Pp®* and ng;" are
the boundaries of dy load scenario, and y;, and ¢ are the mean and
variance of the load scenario, respectively.

2.2. Wind power uncertainty modelling

Wind power generation is dependent on the farm’s location and
fluctuates over time owing to changes in wind speed. Since wind speed is
a random variable, the uncertainty must be represented in the output
power of the wind generators. Weibull distributions [26] are a widely
used model for wind speed. The wind speed’s Weibull PDF is shown in
Fig. 2(a) and is computed as [1]:

PDF(U) = (%) <Q>He7 <%>A 2

c

where U is the wind speed, k is the shape parameter and C is the scale
parameter. The probability of certain ranges of wind speed in each
scenario can be obtained as [1]:

fU)=1-¢ O 3)

The relationship between the WT ’s active output power P,, and the
wind speed U shown in Fig. 2(b) and can be approximated as [27]:

00<U < U,
U - Uci
P U, < U<,
P,=1{ U —-Us 4
P U, U< U,
0U, <U
A
PDF (Pp)
d, d, d;

Load‘

Fig. 1. Load characterization PDF.
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A
PDF(U)

Wind speed (m/s)

(a) Wind speed characterization PDF
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Rated output power

Wind Power Generation (MW)

Usi U, U U (mis)

(b) WT power curve

Fig. 2. WT Performance, (a) Wind speed characterization PDF,(b) WT power curve.

where, P, represents the rated output power of the WT, and U;, U, and
U,, represent the cut-in wind speed, rated wind speed, and cut-out wind
speed, respectively.

It indicates that no net power is generated below the cut-in wind
speed. The produced wind power rises as the wind speed increases. Once
the rated wind speed is reached, the WT operates at rated power. That is,
when the wind speed is between the rated and cut-out wind speeds, the
output equals the generator’s rated power. Because the wind is too
powerful to operate safely above the cut-out wind speed, the WT must be
forced to shut down, and the output power is reduced to zero.

2.3. Modeling of WT

The two types of WTs are fixed-speed and variable-speed, with the
DFIGs being one of the most common types of variable-speed generators
used in WT units [17]. Fig. 3 depicts the basic structure of DFIG-based
WTs. The stator of this machine is directly connected to the power
grid, while the rotor is connected to the grid via an AC/DC/AC variable
frequency power electronic converter. By changing the voltage magni-
tude and frequency, these converters can regulate the reactive power
output of the wind generator. Because of the grid-side converters, DFIG
may be able to provide dynamic reactive power regulation. As a result,
the WT’s reactive power injection could be used to its full potential. This
overcomes the major shortcoming of previous methods in terms of
available reactive power, which is restricted either to a fixed regulation
band or to a maximum power factor. The power converter also allows
the DFIG machine to be regulated between sub-synchronous and
super-synchronous speeds (greater than synchronous speed), with a
typical range of -40 to +30% [17].

The total injected reactive power into the grid by wind generators
(Qw) is made up of the sum of the injected reactive power by the DFIG
stator (Qs) and the reactive power injected by the DFIG grid side con-
verters (Qgsc)-

Ow= 0s+ Qe )

£
=3
(=N

Transformer

iy

Gearbox

Turbine
AC DC

1
pc| T AC

Measured Reference
Values Values

Fig. 3. DFIG structure.

The reactive power from the generator stator side may be determined
as [28]:

Q, = 31, Vsing; 6)

where, I and V; is the stator current and voltage, respectively, and @& is
the phase angle between the stator voltage and current.

The reactive power capability of DFIG grid side converters can be
given as follows [28]:

O =+\/5 P, @)

where, Sy is the MVA capacity of the grid side converter.

The maximum limit of stator reactive power injection is restricted by
the rated rotor current and the rated rotor voltage; however, while the
machine is consuming reactive power, the stator current acts as the limit
factor [28], as illustrated in Fig. 4.

3. Problem formulation

The aim of the present study is to solve the RPP issue in the presence
of uncertain wind power and loads. Thus, the problem has been
modelled as a multi-objective nonlinear optimization problem and
solved in a bi-level structure. At the upper level, a MOGA is concerned
with the optimum allocation of added new VAR sources where
improving VS and minimizing the cost of new VAR sources are the ob-
jectives. At this level, the locations of added VAR sources (shunt/series)
and the best connecting points of WT are initially determined by means
of many factors. Then, a MOGA takes place to determine the appropriate
value of each VAR source for different scenarios of load level and wind
speed behaviors. The operational cost is minimized at a lower level by
addressing an optimum power flow problem. A schematic diagram of

1.2 T T T .
== Rotor voltage limit
=== Rotor current limit
0.8 = Stator current limit

0.4

Reactive Power [p.u]
o

0 0.2 0.4 0.6 0.8 1 1.2
Active Power [p.u]

Fig. 4. DFIG-based WT dynamic reactive power capability.
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how to solve the problem is shown in Fig. 5.

The new VAR sources should provide secure operation under any
conditions. As a result, the upper level assumes three different load
scenarios (light/base/peak) and two wind power levels (worst/best).
This results in six scenarios, each with six different values for each of our
VAR sources. The highest of these values is chosen as the final selected
value for each source. This ensures the network’s security to the fullest
extent feasible under any operational condition. At the upper level, the
goal is to improve voltage stability while minimizing the cost of new
VAR sources. At the lower level, the total operating costs are reduced by
adjusting a variety of control variables such as generator voltages and
changing the transformer tap ratio, as well as optimizing the allocation
of generated power and controlling the output (setting) value of the new
VAR sources. The optimal setting of VAR sources is limited by their
available sizing (which is obtained from the upper level).

3.1. Optimal location of VAR sources and WT
3.1.1. Optimal new VAR source location

3.1.1.1. Shunt sources. The 1-index indicator is used to define the lo-
cations of the shunt reactive power compensation source. It is based on
load flow analysis and its value ranges from zero when there is no load to
one when there is voltage collapse. Because the bus with the greatest
L-index value is the system’s weakest bus, these buses are chosen and
ranked as a suitable site for a new VAR source. The following is a dis-
cussion of the L-index calculation [27]:

I
I

Y6 Yor
Yic Yo

Ve

v ®

wherelg, I, Vg and V, are the currents and voltages at generator and
load buses and Y is the admittance matrix. Rearranging (8) we get:

VL ZLL FLG IL
= 9
I ‘KGL Yo || Ve ©)
where,
P
Upper Level

Allocation sub-problem

)

[}

[}

[}

[}

[} . .

! Technical/Economical
1 System profit

'l O Allocation of VAR sources

O Allocation of WT

1
1
1
1| @ VAR cost
1
1

4 vs™m

\
|
|
|
|
|
|
] Output
] Optimal
| Values
|
|
|
|
|
|
|
/

\

Lower Level

e
e
e

Operation sub-problem B

Minimize Operation Cost
O Power balance at each bus
QO Production/consummation power bounds
O Transmission line capacity limits
O Voltage angle limits
QO Reference bus identification L/

_____________________\

Fig. 5. Schematic diagram for the proposed bi-level solution method.
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Fro = —|Yu| 'Yl 10)

The 1-index of bus j is given as:
A V.
Li=|1- E@,-sz(aﬁw,-j) 11)
-1 j

where Fj; is the elements in the matrix Fi¢, and 6;; is the phase angle of
the term Fj;.

3.1.1.2. Series sources. The series reactive power compensation sources
are located at the most critical lines which are defined by the fast voltage
stability index (FVSI) [29]. It is built on the idea of power flowing
through a single line. The FVSI is computed for a typical transmission
line by [29]:

47;20;

FVSI; = v
i Ajj

12)

where, Q; is the receiving end total reactive power flow. The line with an
index value that is closer to 1 is the most crucial line for series
compensation in the system, because it may cause the entire system to
become unstable and is chosen as a suitable location.

3.1.2. Optimal WF location

The optimal connection points of available buses in different regions
where WT might be installed are selected to reduce the line congestion.
Based on the power transfer distribution factors (PTDFs), the connecting
points may be identified. It may be defined as the line flows sensitivity to
changes in nodal active power injection. It is the ratio of power flow
changes on line [ (between buses i and j) as a result of the power
transaction from the bus m to n. The most positive amounts of PTDFs
mean that at the related buses any generation increase (or any load
decrease) results in a reduction in line congestion [30].

AP[ _
APbu.& B

PTDF, = (Xim = Xim — Xin + Xin) / X; a3
where, X;, is the element of the bus reactance matrix in the ih row and
m™ column.

3.2. The objective functions

3.2.1. Minimization of VAR investment cost
The first goal is to minimize the investment costs of new VAR sources
(ICyar) which are calculated as follows:

ICypg = Z Ceapi + Z Creser X Sresca + Z Covei X Qsrei a4

i€Ncap 1eNTese i€Nsve

The objective function in (14) consists of three parts represent the
installation costs of the capacitor banks, TCSC, and SVC respectively,
where [24];

Ceapi = Cr + C, Qi (15)
Creser = 0.001582 ., — 0.7131Ssescs + 153.57 16)
Conci = 0.0003Q2,; — 0.30510,; + 127.38 a7

In this study, C.=3 x 10*$/MVAR and Cp=1000$ [31]. The total
VAR device annual installing cost is given by [24]:

ir(1+ ir)LT

AICVAR = ICVAR m

18

The LT is supposed to be 10 years, and ir to be 10%
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3.2.2. Improving the voltage stability

Voltage stability is “the ability of a power system to maintain
acceptable voltages at all buses under normal conditions and after being
subjected to a disturbance” [32]. The failure of power systems to satisfy
the demand for reactive power is the principal factor causing voltage
instability. The relation between power and voltage (P-V or MW mar-
gins) is used in power systems to assess a system’s ability to sustain VS
under regular and abnormal conditions [33]. The P-V relation is ob-
tained through a series of solutions for AC power flow. As a consequence
of increased power transfer between two nodes in the system, there is a
reflection of voltage shifts, Fig. 6 shows the relation between power
loading and system voltage. The distance between the base case loading
and the loading that leads to voltage collapse is called the VS margin
(VSM), which can be measured in p.u. as follows [34]:

VSM = (PD.max - PD)/PD 19

The aim of this study is to RPP problem in the power system, not only
for the purpose of improving the bus voltage but also to increase the
VSM and thus increase the ability of the system to face any emergency.

3.2.3. Minimization of operating cost

The operating cost is minimized at the lower level by running
optimal power flow. This is accomplished by controlling a number of
decision variables like updating the tap ratio of transformers, controlling
the active and reactive output of conventional generators, selecting
scheduled active power from each WF, controlling WF reactive power
output according to its minimum and maximum limits at this scheduled
value based on Fig. 4, and changing the output MVAR from the added
VAR sources based on their approved limits from the upper-level results.
The total operation cost (Cpg) of generated power can be formulated as:

Ny

Cro = Y Ci(Py) fi(Pp)i=1,2,... N, 20)

i=1

where C;(Pg) is the operation cost of generated power for the load sce-
nario i, and f;(Pp) is the probability of the i load scenario. This
operation cost is divided into two components as follows:

Ci(Py) = Coi(Py) + Cui(Pui) 21

where Cy(Py), and Cy;(Py;) are the operation cost of the thermal gen-
erators and WF, respectively. The operation cost of the thermal gener-
ators with quadratic cost functions is formulated as follows [35]:

Ny

Ca(Pa) = Y ai(Py)’ +b; Py +e; (22)

i=1

where a;, b;, and ¢; are the i thermal generator cost coefficients.

Base Case
Loading Level
oading Leve VSM
Stable
margin
: !
50
8
S P
>
|
| Unstable
I margin
| | ,
P Jmax
o s Power

Fig. 6. The relation between power loading and bus voltage.
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The problem of wind power cost is examined from a new perspective
in this study, as the operating cost of wind power is estimated by
combining three mathematical components and can be expressed as
[35]:

Cyi(Pwi) = Ch,; Pyi + Cp,, ( Pyyy — Pui) + Cpy (Pui— Puy,), i

=1,2,3,..., N, (23)

where Cy,, is operation cost of the i WF per MW. Cp,, and C;,, are the
imbalance cost of i WF due to underestimation and overestimation of
the scheduled wind power respectively. P, , and Py, are the available
and scheduled wind power from i WF respectively.

The first term in (23) is the cost of actual generated or scheduled
wind power. The penalty for underestimating and overestimating wind
power output is addressed in the final two terms of (23). The scheduled
wind power cannot always equal the available wind power because it is
a stochastic variable. As a result, underestimation and overestimation
costs must be included in the objective function. The cost of under-
estimating wind power is considered to be linearly related to the integral
of the product of the PDF of wind power and the discrepancy between
available and scheduled wind power. The functional meaning of this
concept is related to the penalty of wind energy curtailment:

Pry
[ to—rar(p) aw @4

Pyi

Cry; (Pup — Pui) = Co,

where, f( P,,) is the Weibull PDF of i"WF output power and w is the
integral variable.

Similarly, the overestimation penalty cost is calculated. The required
reserve cost for a wind power deficit is the functional meaning of this
concept, which may be stated as follows:

Py;
Crm (Pwi - Pw.“»,) = C,-M /(Pwi _W)f( Pw) dw (25)
0

So, the total cost (TCO) is the sum of the new VAR sources cost and

the total operating cost and can be expressed by:

TCO = CPG + AICVAR (26)

3.3. Problem constraints

Many constraints must be fulfilled to ensure that the system is
capable to operate in a stable and reliable state. Also, these system
constraints assure the desired solution achieved is acceptable for the
functional operation of the power system.

- Active and reactive power balance:
Ny,

Py —Ppi—V; Z V;(Gycoss; + Bysind;) =0, i € N, 27

Jj=1
Ny

Qi — Opi + Qui + Q% — Vi > V;(Gysing; — Bjeoss;) =0, i €N, (28)

i=1

- Buses voltage limits:

‘/imin <V, < V™ icN, (29)

- Thermal generator active and reactive power limit:

min. . < Omax
{QG' SOus0a” €N, (30)

nin ax
PnGi <P gi < PnGi
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- Transmission line flow limit:

IS)| < S, 1e N, (31)

- Transformer tap setting limit:

Tp" < Ty < Tp™, k € Nr (32)

- Wind active and reactive power limits:

0 S Pwi S Prw
i €N, (33)

i I
< O < O

- New VAR source limits:

Q" < Qu < QU i € Negy
2% < Qsvei < Qgyein 1 € Nsve (34
—0.8X;; < Xresei < 0.2Xj5, i € Nrese

4. Proposed solution algorithm

Because the RPP objective functions and constraints are complicated,
non-smooth, and non-differentiable, the conventional methods fail to
adequately address this issue. MOGA as an evolutionary algorithm is
employed to overcome the drawbacks of conventional methods. The GA
is interested in natural genetics and natural selection search mechanisms
[11,36]. The multi-objective optimization problem can be formulated
as:

Maximizing, Minimizing fi(x,u), i =1, 2, 3,......... Nopj

Subject to g(x,u) = 0 Equality constraints

h(x,u) < 0 Inequality constraints where, fi(x,u) is the objective
function, u is the state variables set, and x is the controllable variable set.
It can simply be seen as an attempt to find the best possible solution for
the objective function using a collection of controllable variables. In this
study, MOGA is employed with a number of competing aims and
restrictions.

Two general approaches are utilized to address multiple-objective
optimization problems. In the first technique, the individual objective
functions with weighted factors are combined into a single composite
function. The second method used in this work is to directly search for
the complete Pareto optimum set. The notion of an ideal optimization
approach for multiple objectives is to describe several optimum trade-off
solutions with a wide range of objective function values, and then pick
one of the solutions based on the system operator’s requirements.

Using a fuzzy min-max approach, the optimal compromise solution
can be calculated. The i objective function F; is expressed using the
fuzzy membership function /;, and is expressed as:

Liff < R

Frex _ j[

— i _ Fl_nin <fi < Fmax
AI {F;nu _ F;nm lf i f i (35)

0 lffz Z F;nin

where, F" and F"™ are the minimum and maximum values of the i
objective function among all non-dominated solutions, respectively.
Although the previous equation is appropriate when minimizing the
cost is the objective function, but it is found that not appropriate when
the objective function is to improve the system VS. So, A noticeable
change has happened in the normalization of the second objective
function since this objective aimed to be maximized during the opti-
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mization procedure, and is expressed as:

Liff < F[_mm
fi- Fin ) )
A= {=——"——" fF"™ <fi < F'™ 36
{ppa—m T <fi < Fi (36)
0 lfﬁ 2 Fimin

The normalized membership function (1°) for each non-dominated
solution M, is determined using:

Nobj
. 1 i
Y an

YL T

The best compromise solution is the one with the highest A° value.
The steps of the proposed RPP solution algorithm are as follows:

Step 1: Read the network data (generator, branch, bus, etc....).

Step 2: Determine the optimal location of the new VAR source and the
connection points of WFs using r-index, FVSI, and PTDF.

Step 3: Read the load scenarios.

Step 4: Read the wind scenarios.

Step 5: Select the parameters of MOGA: generations number, popu-
lation size, etc.....

Step 6: Set the generation count and initialize randomly the
population.

Step 7: Identify the boundary limits of the control variables and
define the limits of VAR sources values share it to the lower level.

Step 7: Update network data based on RPP solving technique and
then run power flow.

Step 8: Examine the objective functions (VSM & total cost) and verify
the system constraints.

Step 9: Implement the GA process; mutation, selection, and crossover
then update the population for the next generation.

Step 10: Repeat the steps from 7 to 9 where the generation count is
increased till the stopping criteria are satisfied or the number of gen-
erations reaches its maximum value.

Step 11: Apply the fuzzy min-max approach and select the optimal
solution for this scenario from the Pareto solutions.

Step 12: Update the wind scenario and repeat the steps from 5 to 11
until the last scenario.

Step 13: Update the load scenario and repeat the steps from 4 to 12
until the last scenario.

Step 14: Select the final approved value of each VAR source from all
scenarios.

Fig. 7 depicts the flowchart for the proposed algorithm.

5. Case study and results

To evaluate the effectiveness of the suggested MOGA-based approach
to solving the RPP problem, it is applied to the updated IEEE 30-bus test
system and a part of the electricity grid in South Egypt.

5.1. Modified IEEE 30-bus system

The modified IEEE 30-bus test system is shown in Fig. 8, and the
network data are taken from [37]. This system includes 6 generators, 41
transmission lines, and 24 load buses, of which four branches (4-12),
(6-9), (6-10), and (28-27) are with the tap changing transformer. The
lower and upper limits for voltage magnitude of the load buses are 0.95
p.u. and 1.05 p.u. The transformer tapping is changed between 0.9 and
1.1 p.u. with the step size 0.025.

The network will be supported by eight new VAR sources, which
satisfy the maximum system loadability [38]. These VAR sources may be
either capacitor banks, FACTS, or a mixture of them. The new capacitor
banks have a rating between 0 to 5 MVAR with a step size of 1 MVAR.
Three WFs will be allocated by the MOGA in three areas with a greater
abundance of wind energy, each of which has limited potential network
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Fig. 7. The proposed flowchart algorithm.

connection points. Table 2 shows the allowed installation capacity of the
WFs and the possible connection points of each region. The wind power
generation data is taken according to [28].

The normal Gaussian PDF and Weibull PDF are used for modeling the
load and wind speed uncertainties, respectively. Three scenarios for

loads are modeled which represent different levels of loads (light, base,
and peak). The features of these different scenarios are summarized in
Table 3.

Many buses have voltages that are beyond the limit before installing
WFs and new VAR sources. The voltage at the system buses is shown in
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[ G6)
-
8

Fig. 8. Modified IEEE 30 bus single line diagram.

Table 2
WF capacity and suggested location for different regions.

Fig. 9, and it is obvious that the minimum voltage of 0.898 p.u. occurs at
bus 30. As a result, there is an urgent need to supplement the network
with more VAR resources.

Buses 18, 21, and 30 are appropriate connection points for WFs

employing the PTDF for the first, second, and third WFs, respectively.
The appropriate buses for shunt VAR sources are 30, 29, 26, 25, 27, 24,
23, and 19. FVSI's series VAR sources are line 36 (28-27), line 12

(6-10), line 38 (27-30), and line 13. (9-11). The proposed approach is
applied to the system under investigation to allocate the additional VAR
sources optimally. Table 4 shows the optimal setting of VAR sources at
each load-wind scenario for the three cases of VAR source type.

It is evident that there are six different values for each VAR source for

Item Allowed capacity [MW] Available connecting points
WF1 20 Bus no. 15, 18, 23
WF2 16 Bus no. 10, 21, 22
WF3 26 Bus no. 30

Table 3

Load scenarios.
Load interval Load% PDF,
d; 65 0.15
dz 85 0.7
ds 105 0.15

the six supposed scenarios. For example, in the case of capacitors and
assuming the (first/worst) scenario (peak load & zero wind speed) and
by applying MOGA, there is a value for each VAR source, which is of

course sufficient to meet the requirements in this scenario. The same
goes for the rest of the scenarios. Then for VAR source No. 1, there are six
values (3, 4, 3, 3, 2, 0, 0, and 0) MVAR one for each scenario. The final

11
1.05 -
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09
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Fig. 9. Buses voltage pre-adding of new VAR devices.

10
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Table 4
Optimal allocation of VAR sources under load-wind scenarios.

Electric Power Systems Research 214 (2023) 108917

VAR Source Type Location VAR Size for peak load VAR Size for base load VAR Size for light load
Zero wind speed Full wind speed Zero wind speed Full wind speed Zero wind speed Full wind speed
Capacitor Banks Bus 30 3 1 5 1 5 5
Bus 29 4 1 4 1 5 2
Bus 26 3 1 3 1 4 4
Bus 25 3 1 4 0 3 2
Bus 27 2 2 3 1 5 3
Bus 24 0 1 1 1 0 1
Bus 23 0 2 0 0 0 0
Bus 19 0 1 0 1 0 0
FACTS Devices SvC1 Bus 30 4.7 8.46 17.12 5.87 18.93 6.92
SsvC2 Bus 29 1.14 9.89 5.47 3.52 6.96 14.62
SVC 3 Bus 26 4.41 6.89 3.19 4.73 2.8 10.67
SVC 4 Bus 25 4.31 6.94 7.16 2.27 2.31 19.65
TCSC 1 Line 36 0.418 0.1176 0.3511 0.351 0.2942 0.4027
TCSC 2 Line 12 0.3137 0.2635 0.3161 0.3072 0.3151 0.3122
TCSC 3 Line 38 0.4721 0.3479 0.4135 0.2712 0.0401 0.2438
TCSC 4 Line 13 0.1583 0.021 0.0348 0.155 0.0163 0.1592
Hybrid SvC1 Bus 30 1.43 3.71 4.08 2.19 10.54 3.91
SvC 2 Bus 29 3.8 0.67 5.97 1.71 9.12 3.53
Cap. 1 Bus 26 4 4 3 5 3 4
Cap. 2 Bus 25 3 2 4 3 3 4
Cap. 3 Bus 27 3 2 3 3 3 3
TCSC 1 Line 36 0.3153 0.3159 0.3134 0.3132 0.3149 0.3086
TCSC 2 Line 12 0.4022 0.4401 0.3504 0.4427 0.228 0.4343
TCSC 3 Line 38 0.4689 0.4459 0.4122 0.3811 0.0686 0.2714

optimal selected solution -which is shown later is the largest value of 4
MVAR. It is worth noting that these values represent the size of the ca-
pacitors required, while the settings differ according to the operating
condition.

The final selected VAR source locations and sizing are shown in
Table 5 for each case (only capacitors, only FACTS, and hybrid cases).
The final selected values are the largest values of VAR sources obtained
in Table 4 for the six situations (load-wind scenarios). This ensures that
the final setting of these sources is sufficient to compensate for reactive
power shortage under different operational conditions, such as load or
wind speed. It should be noted that the value of both capacitors and SVC
is indicated in MVAR, while the TCSC is indicated in p.u.

The relation of VAR source cost and VSM for the case of using ca-
pacitors bank only at base load scenario is shown in Fig. 10. The figure
clearly shows that the relationship is direct between the cost of the new
capacitors and the increase of system VSM. Figs. 11 and 12 depict this
relationship for the situation of employing FACTS devices and a hybrid
assortment at the base load scenario. It turns out that the more we want
to have a more stable system, the greater the expenditure required

Table 6 illustrates the total operating cost, which is the sum of fuel
cost and wind power cost for the three cases of VAR types. Also, the VAR
cost in each case and the value of VSM are presented. It has been shown
that using the capacitor bank solely, for the purpose of achieving the
maximum possible net savings, is more acceptable. However, it is no
better way to improve the system VS. While the use of FACTS devices is
the most effective in terms of enhancing the system VS, however, it
comes at an expensive cost. It also demonstrates that using a hybrid of
FACTS devices and capacitor banks as a combination to increase

Table 5
Optimal VAR allocation for the three cases.

Item Capacitors case FACTS case Hybrid case
VAR 1 5 @bus 30 19 @bus 30 11 @bus 30 SVC
VAR 2 5 @bus 29 15 @bus 29 10 @bus 29 SVC
VAR 3 4 @bus 26 11 @bus 26 5 @bus 26 Cap.
VAR 4 4 @bus 25 20 @bus 25 4 @bus 25 Cap.
VAR 5 5 @bus 27 0.418 @line 12 3 @bus 27 Cap.
VAR 6 1 @bus 24 0.3161 @line 36 0.3159 @line 36
VAR 7 2 @bus 23 0.4721 @line 38 0.4427 @line 12
VAR 8 1 @bus 19 0.1592 @line 13 0.4689 @line 38
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network VS yields good results at a medium cost. It is evident that the
total operating cost was not significantly affected in the three different
cases. While the total cost differs due to the variation in the cost of the
new VAR sources in the three cases.

Table 7 compares the operational costs before and after the WFs are
installed. It has been demonstrated that the installation of WFs has
significantly reduced operational costs. It also resulted in a cost decrease
for the needed VAR sources, and given the extent of the system’s VS,
where the value of the VSM increased, thereby improving the system’s
VS. This, of course, comes after the installation of new VAR sources.
Renewable energy has significantly reduced total costs, not to mention
its outstanding benefits in improving environmental conditions and
emissions

The updated IEEE 30-bus test network performance is evaluated
under different contingency states. Table 8 depicts the results of the
simulation when the optimization algorithm is applied for line outage
contingencies. The present work has proven its effectiveness in facing
contingencies of multiple line outages in the network.

When the methodologies used to model wind power in the literature
are studied, it is discovered that the reactive power output of a WF is
represented either as a fixed band [3,6], or based on the constant power
factor [1,10,11], or in a dynamic reactive power management way [17,
18]. However, it should be noted that in both references [17] and [18],
the rotor voltage constraints in the wind power capability curve were
neglected. Furthermore, because reactive power is represented as a fixed
band, this clearly does not make the best use of the WF. A comparison of
the results of the other two methods is presented in Table 9. The method
used in this work makes better use of the WF reactive power capabilities,
lowering the cost of the required new VAR sources. In addition, as seen
in the previous table, the method adopted in this work produced supe-
rior results in terms of range system VS.

5.2. South Egypt electricity network

A transmission network at 220 kV of the South Egypt network [39] is
utilised to evaluate the proposed technique. Fig. 13 presents a single-line
diagram of this network. The South Egypt power network is heavily
loaded with a demand of 4778.5 MW and 2801.8 MVAR. Before adding
new VAR sources, several buses’ voltages are out of the limit where the
Oyanat bus has a minimum voltage of 0.665 p.u. The newly configured
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Fig. 10. Relation between VAR cost and VSM in the case of the capacitors for base load scenario. (a) Full wind speed scenario, (b) Zero wind speed scenario.
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Fig. 11. Relation between VAR cost and VSM in the case of the FACTS for base load scenario. (a) Full wind speed scenario, (b) Zero wind speed scenario.
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Fig. 12. Relation between VAR cost and VSM in the case of the Hybrid for base load scenario. (a) Full wind speed scenario, (b) Zero wind speed scenario.

Table 6 Table 7

The operating cost for different new VAR cases. The effect of installing WFs in the case of using a capacitor bank.
Item Capacitor’s case FACTS case Hybrid case Item Without WFs With WFs
VAR cost [$] 1.33 x 10° 14.5 x 10° 9.12 x 10° operating cost [$] 1.02 x 107 7.096 x 10°
Wind cost [$] 1.296 x 10° 1.26 x 10° 1.26 x 10° VAR cost [$] 1.97 x 10° 1.33 x 10°
fuel cost [$] 5.8 x 10° 6.15 x 10° 6.15 x 10° Total cost [$] 10.397 x 10° 7.229 x 10°
Total operating cost [$] 7.096 x 10° 7.41 x 10° 7.41 x 10° VSM [p.u.] 1.65 3.34
Total cost [$] 7.229 x 10° 8.86 x 10° 8.322 x 10°
VSM [p.u.] 3.34 4.46 4.44

12
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Table 8
The optimization algorithm results in line outage contingencies in the IEEE 30-bus system.

Outage linenumber*  Frombus Tobus  Operating cost x 10° [$] VSM [p.u.] Outage linenumber*  Frombus Tobus  Operating cost x 10° [$] VSM [p.u.]

1 1 2 7.81 4.06 21 16 17 7.74 3.70
2 1 3 7.78 3.93 24 19 20 7.75 3.91
3 2 4 7.77 3.94 26 10 17 7.76 4.10
4 3 4 7.77 3.93 27 10 21 7.75 3.4

5 2 5 7.91 3.84 28 10 22 7.77 3.92
6 2 6 7.77 3.95 29 21 22 7.75 3.90
7 4 6 7.77 4.06 30 15 23 7.74 3.07
8 5 7 7.77 3.93 31 22 24 7.76 3.28
9 6 7 7.81 4.10 32 23 24 7.76 3.72
10 6 8 7.77 3.70 33 24 25 7.75 3.75
17 12 14 7.74 3.66 37 27 29 7.76 3.32
18 12 15 7.75 3.57 39 29 30 7.75 3.70
19 12 16 7.77 3.88 40 8 28 7.77 3.86
20 14 15 7.75 3.87 41 6 28 7.77 3.76

*The lines that lead directly to disconnection of a load or generator were not taken into account, as well as the lines on which transformers or TCSC are supposed to be
installed.

capacitance bank setting hit 80 MVAR as a result of the heavy system

:able 9 . ltsh b d techni dth dinth loading. The system is supported by three WFs with a capacity of 50,
ht(e:i-):tlsjglson results between the suggested technique and those reported in the 125, and 125 MW at buses Faum, Sfaga, and Hurgda, respectively. Using
’ the 1-index factor shows that the weakest busses are Oyanat, Tshka2,
Item Capacitor FACTS case  Hybrid Tshkal, Balat, Hurgda, Mdecow, Tartor, and Sfaga. The weakest lines by
case case FVSI are the lines between (Tshkal-Oynat), (A.Dam-Tshkal), (A.Dam--
Present work VAR cost 1.33 x 10° 145 x 10°  9.12 x 10° Mdecow), and (Nag.Ha-Tartor).
[$] In table 10, the value of each VAR source is cleared in two scenarios
VSM [p. 3.34 4.46 4.44
wl of zero and rated output power of WTs at base load. Table 11 shows the
Refs. [1, 10, 11] and VAR cost 1.477 x 10° 21.351 x 9.915 x final optimal approved value of each VAR source which is the maximum
[14]* [$] 10° 10° value in the two scenarios.
VSM [p. 3.31 4.45 4.35 Table 12 shows the overall cost in each of the three cases. As the
ul results show, any FACTS, capacitor bank, or a hybrid of the two might
*The power factor is ranged between 0.98 lag and 0.98 lead. compensate for the system’s lack of reactive power. If the capacitor
N
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Fig. 13. South Egypt Electricity network.
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Table 10
Optimal VAR sources values for each wind scenario for the three cases.

VAR Capacitors case FACTS case Hybrid case
sources Zero Full Zero Full Zero Full
wind wind wind wind wind wind
speed speed speed speed speed speed
VAR1 61 63 68 SVC 10 SVC 10 SVC 35 SVC
VAR2 71 75 72 SVC 16 SVC 52 SVC 30 SVC
VAR3 71 72 22 SVC 14 SVC 8 Cap. 7 Cap.
VAR4 4 4 18 SVC 14 SVC 15 Cap. 15 Cap.
VAR5 3 3 0.002 0.1578 7 Cap. 5 Cap.
TCSC TCSC
VAR6 50 79 0.0681 0.1058 0.1548 0.0687
TCSC TCSC TCSC TCSC
VAR7 6 4 0.0583 0.0583 0.0804 0.1078
TCSC TCSC TCSC TCSC
VARS8 3 2 0.069 0.0604 0.0599 0.0003
TCSC TCSC TCSC TCSC
Table 11
Final approved VAR sources values for the three cases.
Item Capacitor case FACTS case Hybrid case
Value  location value location value location
VAR1 63 Oyanat 68 SVC Oyanat 35 SvVC Oyanat
VAR2 75 Tshka2 72 SVC Tshka2 52 SVC Tshka2
VAR3 72 Tshkal 22 SVC Tshkal 8 Cap. Tshkal
VAR4 4 Balat 18 SVC Balat 15 Cap. Balat
VAR5 3 Hurgda 0.1578 Tshkal - 7 Cap. Hurgda
TCSC Oyanat
VAR6 79 Mdecow  0.1058 A.Dam - 0.1548 Tshkal -
TCSC Tshkal TCSC Oyanat
VAR7 6 Tartor 0.0583 A.Dam - 0.1078 A.Dam -
TCSC Mdecow TCSC Tshkal
VARS8 3 Sfaga 0.069 Nag.Ha - 0.0599 A.Dam -
TCSC Tartor TCSC Mdecow
Table 12
The operating cost for different three cases.
Item Capacitor’s FACTS case  Hybrid
case case
Without VAR cost [$] 21.7 x 10° 96.4 x 10°  60.3 x 10°
WFs fuel cost [$] 8.263 x 10° 8.25 x 108 8.242 x
108
Total cost [$] 8.2847 x 10° 8.3464 x 8.3023 x
10° 10°
VSM [p.u.] 1.274 1.854 1.726
With WFs VAR cost [$] 1.4948 x 10° 46.665 x 32.275 x
10° 10°
Wind cost [$] 1.82 x 107 1.81 x 107 1.81 x 107
fuel cost [$] 6.78 x 108 6.79 x 10 6.79 x 10°
Total operating 6.962 x 10° 6.971 x 6.971 x
cost [$] 10° 10°
Total cost [$] 6.9635 x 10° 7.0177 x 7.0033 x
10° 10°
VSM [p.u.] 1.296 2.635 1.823

banks are simply utilised to compensate for the reactive power, the
operation is less costly, but the VS indication does not raise to the
desired level. However, using FACTS devices provide us with a more
stable system, although it is, of course, more expensive than the previous
one. Whereas using a combination of capacitors and FACTS allowed us
to build a network with high stability at a reasonable middle cost. It also
notes that great savings were caused by relying on of WFs in the system,
as well as the increase in stability in light of the additional inauguration
of new VAR sources as well.

6. Conclusions

A probabilistic multi-objective RPP framework for power systems

14

Electric Power Systems Research 214 (2023) 108917

with substantial wind energy penetration has been described. Based on
the reactive power capability curve of DFIG, a novel WT model that can
dynamically adjust reactive power is developed. A new bi-level opti-
mization strategy that accounts for load and wind power uncertainty to
solve the RPP problem has been proposed. A MOGA is utilized at the
upper level to discover the best connecting positions of WFs and to
assign new VAR sources with the target of improving VS and reducing
the additional VAR sources’ cost. While the objective of the lower level
is to maintain the overall fuel cost as low as possible. A fuzzy min-max
algorithm is used to find the optimum compromise option. An updated
IEEE 30-bus test system and a part of the electricity grid in Egypt are
used to evaluate the effectiveness of the suggested technique. The results
of the presented bi-level optimization approach are compared to those in
the literature, indicating the robustness of the suggested technique in
addressing the RPP problem. The current study has demonstrated its
efficacy in increasing system VS and dealing with network outages
involving many lines. It has been proved that using the capacitor bank
alone to maximize net savings is better. There is, however, no better way
to boost system VS. While FACTS devices are the most effective for
increasing system VS, they are also the costliest. It also demonstrates
that using a hybrid capacitor bank in conjunction with FACTS to
enhance network VS yields good results at a reasonable cost. The results
also demonstrate the significance of integrating WTs into power system
networks, since this resulted in lower operating costs and higher VS,
particularly once their size, location, and optimal coordination with
VAR sources are determined.

As a future work, the impact of different renewable energy sources
can be studied with other dynamic stability indices and FACTS types.
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