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Abstract: This study provides a multi-objective reactive power planning (MO-RPP) method for wind power systems that takes the
uncertainty of load demand and wind power generation into account. The major goals of this work are to increase voltage stability and
reduce overall active power losses. The magnitude of the generator voltage, the tap settings of the transformer, and reactive power
produced by VAR sources is taken as control variables. The MO-RPP problem is resolved by using the g-constraint approach. The IEEE
30-bus test system is used to evaluate the suggested method for its efficacy. Finally, a quick comparison of results is provided for a
better understanding of the findings.
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1. INTRODUCTION

Due to its numerous variables, constraints, and optimisation techniques, reactive power planning (RPP) in power
systems is among the most difficult and sophisticated tasks [1]. It relates to the best sizing and placement of
VAR sources to achieve predetermined goals, like figuring out the best placement and lowering the cost of
operation [2,3]. The primary goal of RPP is the establishment of operational viability with an acceptable voltage
profile in the absence of VAR support conditions. A variety of objective functions can be formulated to tackle
the RPP problem in accordance with the VAR planning approach used in power systems. A cost-based objective
function or an objective function that maximises or minimises an index, such as the margin for voltage stability
or the loadability of the system, may be used to achieve these goals [4,5]. Additionally, the RPP can be
expressed as a multi-objective optimisation problem that simultaneously optimises many objectives [1].

Additionally, due to their technical, environmental, and financial benefits, Alternative energy sources (AES)
such as wind farms and photovoltaic power plants are becoming more popular for use in power systems [4-6].
The difficulties with RPP are further heightened by the high proportion of renewable energy sources (RES) in
grids. The RPP may face several difficulties, one of which is the generating availability of RESs, which is
unclear. The specifications of the sources are uncertain, which makes it difficult to make wise decisions while
designing power systems. Moreover, electric power load needs have a stochastic nature means that RPP should
consider additional uncertainties. [7] proposes a unique method for dynamic planning of VAR to enhance
transient and voltage stability for short-term. In [8,9], the effect of FACTS devices on RPP is investigated.
However, both studies have made an effort to frame their explanations of the issue as deterministic. [3]
introduces a multi-objective RPP with a primary focus on voltage stability. However, it is modelled using a
deterministic methodology. For RPP with wind generating, a multi-objective strategy is provided in [10].
Numerous goals, in this analysis considering a variety of factors related to reactive power, such as power losses
and system loadability. Genetic Algorithm (GA) is used for the solution of RPP in [11] to accomplish
coordination in reactive power control when FACTS devices and wind farms are present. The strategic
positioning of wind farms and FACTS equipment improves the system's factor of loadability. In the case where
constant power factor loads and wind farms with no uncertainty are expected., this technique is put into practise.
The Benders decomposition method is used in [12] to approach the RPP problem formulated as a two-stage
stochastic program while taking into account the significant penetration of wind production. In a wind integrated
system, the solution of the RPP is achieved using the Differential Evolutionary Algorithm (DEA) in [13]. The
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recommended model has a significant flaw in that it only takes wind power generation unpredictability into
account. A stochastic model with multiple stages is used for the RPP problem that incorporates the uncertainty
of loads is extended in [14]. But even without wind farms, the suggested model captures the probabilistic
behaviour of the system.

A mixed-integer quadratic model is suggested in [15] for long-term VAR planning. Through multi-objective
optimization, the objective was to minimize the investment cost and operation associated with new VAR
sources, while also mitigating the risk of load shedding. Although the suggested model fully accounts for
uncertainty in demand, while wind power generation uncertainty is not taken into account. This study [16]
proposes a stochastic model for RPP that utilizes chance constrained programming. GA is used to resolve the
suggested model. Despite being modeled, uncertainty in power generation only optimises one objective, which
includes operational and cost of investment. For probabilistic RPP, a chanced restricted model is suggested in
[17]. Stochastic programming is used in two stages to solve the suggested model. The suggested model's
primary drawback is that it considers only the load is considered as random parameter and does not account for
other sources of uncertainty. Additionally, the main objective function only considers the cost of investing in
new VAR sources.

Numerous approaches, including stochastic and resilient optimization, have been proposed in recent studies to
handle the short-term planning challenge. To manage the energy hubs optimally, Scheduling based on strong
information decision theory established in reference [18]. Microgrids in both futures and spot markets: a
stochastic algorithm is suggested in reference [19]. The physical limitations of the grid, however, have not been
taken into account in these investigations. The authors of [20] use robust optimisation for multi-carrier energy
microgrid short-term scheduling. The performance of the scheduling is also improved by using the
decomposition technique. To serve thermal and electrical loads, a two-stage robust optimisation of a multi-
energy microgrid is presented in reference [21], however the network's physical features haven’t modelled with
a thorough power flow analysis. In reference [22], extensive mathematical formulations are employed to
represent Alternating current power flow, which is more reflective of actual microgrid operation models, but
they do not look into how risk limitations affect capturing uncertainty.

The primary flaw in all of the aforementioned research projects is that they do not thoroughly explore the ideal
RPP taking into account both load demand and wind power generation uncertainty. In order to minimise the
overall active power losses and improving voltage stability, this study addresses RPP as a multi-objective issue.
Several VAR resources are used in the current effort to regulate and correct for reactive power in energy system.
These are FACTS devices and capacitor banks. In a power network, there are various FACTS device kinds that
could be used.

The paper is organised as uncertainty modelling is described in section 2. Problem formulation with objective
function is shown in section 3. Result and discussion are described in section 4 while section 5 is presented with
concluding remarks.

2. METHOD
2.1. Uncertainty Modelling

The electricity system is subject to many random events; this section explores the load demand and wind power
uncertainty modelling.

2.2. Modelling of Load demand uncertainty

Because of the stochastic loads of electrical power systems, uncertainty of demand must be modelled both
during planning and during operation. A standard Gaussian distribution adequately describes the spread of
burden uncertainties [23]. The load levels as well as probabilities for load scenario dth is represented by f(PD)
and calculated as [24], are shown in Fig. 1.

The electricity system is subject to many random events; this section explores the load demand and
wind power uncertainty modelling.
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where f(PD) denotes the likelihood of the dth load scenario, P_(D_d)*max and P_(D_d)"*min denote its limits,
of dth load and p and o denotes the load scenario's mean and variance, respectively.

r 3
PDF (Py)

Load
>
>

Figure 1. Load characterization PDF

2.3. Modelling of Wind power uncertainty
The location of the farm affects the wind power generation, which varies over time due to variations in
wind speed. Since wind speed is unpredictable, the electricity generated by wind turbines is also unpredictable
must account for the uncertainty. Weibull distributions [25] are a popular wind speed model. Fig. 2(a) displays
the Weibull PDF of wind speed, which was calculated as [26].
K
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where U = wind speed, k = shape factor, C = scale factor. As shown in [26], the likelihood of specific wind
speed ranges in each scenario is as follows.
U K
fwy = 1-¢7(0) ®

As seen in Fig. 2(b) and roughly expressed as [27], the relationship between the wind speed U and the active
output power Pw of the WT is as follows.
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2.4. Problem formulation

In power networks, the RPP can be modelled as a broad variety of objective functions, as was before mentioned.
The RPP problem's control variables, state variables, and all restrictions are all significantly impacted by this
issue. Therefore, a proper formulation can ensure that the problem is feasible and that all objectives and
constraints are met. It is crucial to use the probabilistic variables correctly while formulating the problem since
the problem'’s probabilistic nature has a significant influence on how it is put forth. This study focused on the
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finding the solution to the RPP issue when dealing with variable wind electricity and loads. The issue has been
described as a multi-objective nonlinear optimisation problem as a result, and it has been resolved in a &-
constraint method.

2.4.1 Obijective Functions

To satisfy two major objectives is the goal of multi-objective RPP. These goals include minimising the active
power loss as well as the voltage stability index (L-index), both of which reduce overall active power losses and
enhance voltage stability.

2.4.2. Minimization the total active power losses

The main aim in power systems is reducing the overall power losses in the transmission system for both
economic and energy efficiency purposes. The following mathematical formula can be used to describe the
active power losses in scenarios.

Ng .o Ny i Np i
PLs (ﬁ ﬁ) = Zi=g1 PGi,s + Ziﬂ PWz.s - Zi=B1 PDi.S )
Expected Power losses (EPL) value across all situations is taken into consideration as the first objective
function. The formula is as follows

@, = EPL = %5, ©img X PLg(u, x,)) (6)
2.4.3. Voltage stability

The definition of voltage stability is "a power system's capacity to sustain permissible voltages at each bus under
typical conditions circumstances and following a disturbance™" [28]. The main cause of a voltage imbalance
occurs when power grids cannot supply enough reactive power. The ability of a power system to sustain voltage
stability (VS) under normal and abnormal conditions is measured using the relationship between power and
voltage [29]. Through several AC power flow methods, the P-V relation is discovered. Fig. 3 illustrates the
relationship between system voltage and power loading. Voltage shifts result from greater transmission of
energy between two network components. VSM (voltage stability margin) is calculated as the percentage of the
base case loading above the failure loading [30].

VSM — PD,max_PD) (7)
Pp
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Loading Level

Stable
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Unstable
margin
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Figure 1. Power loading and bus voltage relation

The goal of this research is to formulate RPP problems in power system, not only to raise bus voltage but also to
raise VSM, which will make the system more capable of handling any emergency.

2.5. Problem constraints

To make sure the technology is capable to function many requirements must be satisfied for a state to be stable
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and dependable. Additionally, these system constraints guarantee that the desired outcome is suitable for the

power system'’s functional operation. Table 1 shows the problem constraints along with their equations.
k-1 nK
PDF(U) = () (%) e~ (@) @)

C

where U = wind speed, k = shape factor, C = scale factor. As shown in [26], the likelihood of specific wind
speed ranges in each scenario is as follows.

Table 1.Problem constraints

Criteria Equation
Np
Py — Pp; — Viz £.iV;(Gyj cos cos 6;; + Byjsinsin ;) = 0,i€ N,
j=1
Constraints Np

cos cos §;) =0,i€ Ny

Balance of active and reactive

Vimin S Vi S Vimax, l € Nb
power
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Thermal generator active and
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reactive power limit 15i] Lo

Transmission line flow limit T/ < T, < T/*, ke Ny
Transformer tap setting limit {0<Qui <P Q™ < Qi <QI*, i€N,}

le?ln < Qci < Q?ilax' iENcap Q?Il/lg < QSVci

Wind active and reactive power .
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< 0.2x;j, i€ Nrcgc

2.6. e-constraint method

The e-constraint method is regarded as a classical technique for multi-objective optimization,
as stated in [31,32]. This method aligns with exact approaches and is effective and straightforward, and it can be
applied to both convex and non-convex issues. The multi-objective optimisation issue is reduced to a standard
single-objective problem by the use of g-constraint method [33]. By setting the appropriate value of the control
parameter known as the € parameter, all objective functions other than one are handled as inequality constraints
in this technique.

OF = min (9,) (16)
{@, < eTable 1}5¢ a7

Figure 4 and formulae (16) and (17) show that the parameter ¢ limits the value of @2 (i.e., ELmax). This
parameter changes gradually from min to max value of ¢2. and Point C as shown in Fig. 4 is an example of an
optimal solution derived by solving the objective problem (i.e. (16) and (17)) for any value of ¢.
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Pareto front

Figure 4. e-constraint method description
3. RESULT AND DISCUSSION

The IEEE 30-bus test system has 41 individual nodes for testing purposes, including 6 generators, 4
transformers, and 30 test buses. Initial values for the tap settings of the transformers and the voltage amplitude
of the generators are derived from [34]. In addition, generators' active and reactionary power outputs are
calibrated to [35]. Linear and load statistics can be found in [36]. In this scenario, it is believed that there is no
VAR cause. The load buses' lower and maximum value of voltage are from 0.95 p.u. to 1.05 p.u. respectively.
With a step value of 0.025, the transformer tapping can be adjusted between 0.9 and 1.1 p.

First, the L-index for load buses needs to be established allocation of VAR compensation mechanisms properly.
VAR compensation devices are then likely to be installed on load buses with large L-index values. After using
the suggested methodology, it has been found that the loads on buses 24, 25, 26, 29, and 30 have greater L-index
values than other load buses. This leads to the identification of the VAR compensator cars. The VAR
compensators capacities are intended to be able to be set to zero after VAR adjustment devices have been
assigned.

The findings of MO- RPP in the test system are displayed in Table 2. It is expected that the load will last for
8760 hours under maximum load conditions and with no changes to the load level. In accordance with Table 2,
the g-constraint method yields 12 Pareto optimal solutions. Following that, the fifth answer (bold) is selected as
BCS by the min-max method. The BCS experiences active electricity losses of 4.8723 MW.

Table 2.Pareto optimal solutions for MO-RPP

X F F (FLF)
1 0 1 0

2 0.4012 0.9412 0.4012
3 0.5725 0.8125 0.5725
4 0.6954 0.7754 0.6954
5 0.7852 0.7023 0.7023
6 0.8123 0.5645 0.5645
7 0.8917 0.495 0.495
8 0.9315 0.3954 0.3954
9 0.9505 0.2914 0.2914
10 0.9735 0.2214 0.2214
11 0.9895 0.1324 0.1324
12 1 0 0

Active power losses reduction of 9.29% over the Base Case demonstrates the pre-eminence of the g-constraint
technique. Table 3 shows that the standard voltage stability index technique is superior to the suggested
approach, though.
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Table 3. e-constraint method for the BCS

BCS Base Case  Reduction (%)
Poss (MW) 5.012 5477 9.29
f 0.1072 0.1318 22.981

Monitoring voltage levels at the load lines are typically given high precedence by power system operators as a
means of avoiding voltage collapse. As a result, each loading scenario's voltage profile for the load buses is
displayed for BCS, as seen in Figure 5.

A MO-RPP is carried out after creating wind speed possibilities using Weibull probability distribution
and power curve. In this instance, [37,38] is used to modify using the IEEE 30-bus testing system.
Consequently, bus 22 gets a 40 MW wind farm attached to it. Six number of scenarios for the wind farm's
output power are produced in order to assess its effects. It is believed that the load will last for 1460 hours
without changing its level.
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Figure 5. Voltage profile for MO-RPP considering the uncertainty of load demand

Figure 6 displays the voltage curve for the BCS's load buses. As can be seen, under all wind situations, the
voltage of load buses is kept between 0.95 to 1.05 p.u. Thus, it can be inferred that power supply bus load
voltage is constrained with specific limits based on an appropriate RPP and having a sufficient reactive power
reserve.
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Figure 6. Voltage profile for MO-RPP considering the uncertainty of wind power generation

For each load-wind combination, the voltage profile of the load networks is shown in Figure 7 so that the effect
of VAR planning on bus voltage magnitude can be studied across a variety of load-wind combinations. The
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voltage of load lines is shown in Fig. 7 to be constrained to 0.95 to 1.05 p.u. in all cases. This ensures that the
load networks' voltage levels remain within their specifications.

1 6 7 9 10 12 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30

Bus Number

Figure 7. Voltage profile for each load-wind combination
4. CONCLUSIONS

This paper presents a multi-objective RPP structure for electricity grids with high proportions of wind power
taking into account wind power generation and load demand uncertainties to minimise active power losses and
enhance voltage stability level. The MO- RPP is resolved using g-constraint method. The first step of this
process involves locating the VAR compensation buses using the L-index. Then, it is looked into how exactly
VAR planning studies vary from one another. Testing is performed using the IEEE 30-bus technology to
evaluate the suggested method's effectiveness. According to the simulation findings, the multi-objective RPP is
effective at enhancing the system’s voltage stability by taking into account the uncertainties of both load
demand and wind power generation. it has been explained. Future research can examine the effects of various
green energy sources using additional dynamic stability indices and FACTS types.
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