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Abstract: This paper presents an optimal allocation methodology of photovoltaic distributed gen-
erations (PVDGs) with Volt/Var control based on Automatic Voltage Regulations (AVRs) in active
distribution networks considering the non-dispatchable mode of PVDG operation. In the proposed
methodology, an intelligent coordinated Var control is activated via controlling the AVR tap position
and the Var injection of PV inverters to achieve a compromise between reducing active and reactive
power losses and enhancing voltage quality in a distribution network. Also, the scheduled power
factor mode of operation is investigated for the PV inverters. Added to that, the proposed allocation
methodology is handled on the basis of hourly loading variation under simultaneous control modes
of PV inverters and AVR. Moreover, the impacts of the specified number of PVDGs are assessed on
the distribution system’s performance. A recent effective optimizer of the slim mold algorithm (SMA)
is dedicated to solving the proposed optimization framework. The simulation implementations are
executed on a practical distribution network of the Kafr Rabea area related to South Delta Electricity
Company in Egypt. Also, the application is conducted for a large-scale distribution network from
the metropolitan area of Caracas. The proposed methodology provides superior performance in
minimizing the active and reactive power losses and improving the voltage profile.

Keywords: automatic voltage regulators; distribution networks; photovoltaic energy resources;
photovoltaic uncertainties; power factor control of PV inverters; voltage profile

1. Introduction
1.1. Motivation

PV systems, or photovoltaic systems, can be examined through the lenses of sustain-
able, socioeconomic, scientific, and integrated methods because of their varied benefits
and potential for holistic solutions. Because of their potential to generate power from
renewable solar energy, PV systems are regarded as a sustainable energy solution. They
help to reduce greenhouse gas emissions and dependency on fossil fuels, thereby lessening
the effects of climate change. Approach from a socioeconomic standpoint: PV systems have
socioeconomic ramifications that go beyond environmental benefits and economic growth.
Furthermore, PV systems can provide access to energy in remote or disadvantaged loca-
tions, empowering communities and enhancing quality of life. Approach based on science:
PV systems are based on scientific principles and technological breakthroughs. The limited
reserve of conventional energy needs for environmentally clean energy sources to reduce
the emissions of carbon dioxide and the continuous increase in electrical energy demand
led to the search for alternative Renewable Energy Sources (RES) as they are continuous and
available worldwide. Among these sources, solar and wind systems are the most promising
due to their lower generation cost and their capability of maximum power point tracking
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over a wide range of wind speeds and solar irradiation. International reports estimated
that these sources will generate more than a third of the total electricity needed in the
medium term, becoming the main source of power generation by 2050 [1]. The importance
of this explains the present increase in RES penetration into power systems and the large
number of studies concerning issues relating to such integration [2]. These issues include
RES integration requirements [3], optimal allocation [4], and mitigating impacts due to the
static and stochastic nature of renewable energy sources [5]. These techniques, however,
examined the impacts mainly on the system’s steady-state performance. Therefore, despite
the worldwide interest and research activities, penetration issues of solar energy into utility
grids still require more investigations and views. This includes optimal allocation, optimal
penetration level, and impacts on the steady-state performance of power systems.

Integration of distributed generation (DG) resources with limited capacities are the
root cause of the rising tendency in electricity needs, the rising cost of establishing and
operating major power plants, and the demise of fossil fuels [6]. DGs have low installation
costs and short installation times, which may be quickly implemented because they are
situated at the distribution level of the network, along with the ultimate customers. The
DGs’ principal fuel is inexpensive or free, and their power output produces no pollutants [7].
The crucial challenge in using DGs is to position and size these sources in the best possible
way to benefit the distribution feeders. Their performance cannot be improved by the
DGs’ inefficient power generation and lack of suitable locations. Consequently, it can
negatively impact the voltage profile, the distribution system’s voltage stability, and the
line losses [8,9]. Numerous studies on the allocation of DGs, notably renewable DGs, have
been conducted in the past few decades. Several of them emphasized the target functions
and the application of various criteria, while others focused on the techniques that use a
novel optimization strategy [10].

1.2. Literature Survey

The power variation of PV DGs is a major contributor to distribution network voltage
oscillations, along with an increase in the penetration of PV sources in the network [11].
Voltage variations can seriously impair the voltage quality of the supply and the whole
operational reliability of the utility grid [12]. As more PV DGs connect to the distribution
grid, conventional voltage control systems may struggle to adjust to this emerging envi-
ronment. In [13–15], the impact of the voltage induced by the PV plant was evaluated in
the IEEE 33 standard distribution feeder and indicates that the voltage will grow more
disordered if additional PV plants connect to the distribution network. To address voltage
concerns brought on by power changes of PV and loads, as well as to increase the usage of
PV in distribution systems, novel optimization approaches for distribution networks are
urgently needed. Distribution networks have a fundamental issue with voltage regulation.
Therefore, Volt/VAR control, which coordinates the actions of devices including automatic
voltage regulators (AVRs), capacitor banks, static var compensators (SVC) [16,17], and
on-load tap changers (OLTCs), is crucial for improving the power quality, energy efficiency,
and operational reliability of electrical distribution feeders [18,19]. In addition to maintain-
ing distribution system voltages within ideal ranges, Volt/VAR control also lowers system
operation expenses, including those associated with network losses and equipment wear
and tear. The capacitor banks (CBs) were usually utilized for minimizing power losses
and improving voltage levels [20]. The optimal allocations of capacitor banks were either
utilized individually based on several metaheuristic techniques. In [21], a bacterial foraging
optimizer (BFO) has been developed to identify the best CB sizing to minimize the system
power losses as a single objective task. However, in [21], their locations were pre-specified
based on two indicators based on voltage stability and loss sensitivities. In [22], two op-
timization approaches of cuckoo search and bat algorithm have been used to maximize
the network savings and minimize real power loss. In addition to employing OLTCs and
CBs to control voltage, controlling the active and reactive power injection due to the PV
sources into the distribution system can help with voltage rise problems. Although this
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technique of regulation is efficient, it will lower the PV owner’s income [23]. By optimizing
the tap position of OLTCs and the VAR compensation offered by DGs, Ref. [24] suggested a
distributed voltage control strategy in distribution systems that can reduce node voltage
variations. Unfortunately, due to their limited lifespan and slow response times, OLTCs
and CBs can no longer efficiently regulate rapid voltage changes brought on by quick
variations in PV output power when installed capacity of PV in distribution systems in-
crease [24]. In [25], a technical and economic plan strategy for integrating the SVC devices
in power transmission networks has been established in order to reduce their installation
costs, power losses, and operational costs while meeting technological restrictions. The
locations for the installation of SVC devices in the research [25] were chosen first by finding
the weak buses using modal analysis, power flow analysis, and loss sensitivity analysis.
However, this pre-location of the installed SVC buses would reduce the searching space
and greatly impact the capability of soft computing techniques which might be trapped
in a local minimum. In addition, the CBs were incorporated with DGs [26], smart grid
reconfiguration [27], and AVRs to enhance the voltage profile in the system.

Various AVR voltage control strategies were demonstrated in [28] for electrical distri-
bution systems. An optimization for allocating AVRs in three-phase distribution systems
has been modeled [29]. The efficiency of the distribution network was improved in this
work using a binary PSO, and load flow operations were performed using the OpenDSS
program. Cascaded AVRs were investigated in accordance with CBs and PVDGs to control
the voltage levels in medium voltage distribution systems [30]. This study included a
variety of PVDG and load variation scenarios, and a linearized distribution system model
was built and addressed using a quadratic programming algorithm. Different AVR models
have been used in [31], with continuous and discrete tapping stages, taking into account the
network reconfiguration potential of the branching switching condition. To lower power
loss or manage bus voltages, a chordal relaxation mixed-integer programming algorithm
that takes into account the binary form of the control variables indicated and tap locations
has been employed.

1.3. Problem Statement

The slim mold algorithm (SMA) offers a distinctive computational strategy, excel-
lent performance, and straightforward code architecture. Positive and negative feedback
mechanisms of the slime mold propagation wave are simulated by the gradient-free SMA
approach. Due to its robustness and great global searching capabilities, it has been utilized
to handle a variety of genuine engineering optimization difficulties. such as optimal power
flow [32], emission economic dispatching [33], load estimation of water resources in ur-
ban areas [34], operation of cascaded hydro-power plants [35], and design optimization
issues [36].

To the knowledge of the authors, little interest has been dedicated to the Volt/VAR
control via the AVRs, especially in integration with PVDGs in power distribution systems.
This paper aims to present an optimal allocation methodology of PVDGs with Volt/Var
control based on AVRs in active distribution networks considering the non-dispatchable
mode of PVDG operation. A recent SMA is developed for the allocation of PVDGs and AVR
tap positions in comparison to several recent algorithms of artificial rabbits optimization
(ARO) [37], grey wolf optimizer (GWO) [38], and particle swarm optimization (PSO) [39].
The simulation implementations are executed on a practical distribution network of the
Kafr Rabea area related to South Delta Electricity Company in Egypt. Also, the application
is conducted for a large-scale distribution network from the metropolitan area of Caracas.

1.4. Paper Contribution

The key contributions of this paper are as follows:

• A compromise between reducing active and reactive power losses and enhancing
voltage quality in a distribution network is achieved.
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• An intelligent coordinated Var control is activated by controlling the AVR tap position
and the Var injection of PV inverters.

• Hourly loading variation is addressed under simultaneous control modes of PV
inverters and AVR while considering the PV uncertainty.

• Developed SMA provides superior performance over ARO, GWO, and PSO in mini-
mizing the active and reactive power losses and improving the voltage profile.

• Different scheduled power factor mode of operation is investigated for the PV inverters.
• The impacts of varying the installed PVDG number are assessed on the performance

of the distribution system.

1.5. Paper Organization

This paper is organized as follows: Section 2 presents the proposed allocation of
PVDGs with Volt/Var control based on AVR in active distribution networks. Section 3
demonstrates the developed SMA for handling the proposed methodology. Section 4
describes the simulation results on both real distribution networks while the concluding
remarks are given in Section 5.

2. Proposed Allocation of PVDGs with Volt/Var Control Based on AVR in Active
Distribution Network

In this section, the allocation of PVDGs with Volt/Var control based on AVR in active
distribution networks is presented. In the proposed methodology, hourly loading variation
is under both the simultaneous control of PV inverters and AVR. Based on that, the uncer-
tainties due to PVDGs are handled for each hour where the uncertainty of solar irradiance is
modeled by the Beta Probability Density Function (PDF). Also, AVR is adequately modeled
with an automatic tap-changing mechanism. Based on controlling the AVR tap position
and the Var injection of PV inverters, an adaptive Var control is addressed to achieve a
compromise between reducing active and reactive power losses and enhancing voltage
quality in a distribution network.

2.1. Modeling of Solar PV

The most popular renewable sources of energy are PVDGs. Due to its dependence
on solar irradiation, the generated power is regrettably intermittent, variable, and hourly
with high levels of uncertainty. Since the Beta Probability Density Function (PDF) models
the uncertainty of solar irradiation, it ought to be handled efficiently for every hour. As a
result, distinct solar irradiation conditions are taken into account to construct its Beta-PDF
on an hourly basis. The power output from the PV modules, Ppv0(s), could be stated for
every state of solar irradiations as follows [40–45].

FF =
VMPP × IMPP

VOC × ISC
(1)

Ppv0(s) = N × FF×Vy × Iy (2)

Vy = VOC − Kv × Tcy (3)

Iy = s
[
Isc + Ki × (Tcy − 25)

]
(4)

Tcy = TA + s (
NOT − 20

0.8
) (5)

fb(s) =

{
Γ(α+β)

Γ(α) Γ(β)
s(α−1) (1− s)(β−1) 0 ≤ s ≤ 1, α, β ≥ 0

0 otherwise

}
(6)

β = (1− µ)

(
µ (1 + µ)

σ2 −1
)

(7)
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α =
µ× β

1− µ
(8)

ρ(s) =
s2∫

s1

fb(s) ds (9)

Ppv(t) =
1∫

0

Ppv0 (s)ρ(s)ds (10)

where s refers to the solar irradiation value (kW/m2); N is the number of PV modules; Kv
and Ki represent the temperature coefficients for, accordingly, voltage (V/◦C) and current
(A/◦C); FF indicates the fill factor; NOT represents the nominal temperature to operate the
PV cell (◦C); TA and Tcy symbolize, respectively, ambient and cell temperatures (◦C); Isc and
Voc are accordingly the short circuit current and open circuit voltage; IMPP and VMPP refer
to, respectively, the current and voltage when operating at the point of maximum power;
fb(s) is the Beta-PDF for each state (s); β and α indicate the Beta-PDF parameters; σ and µ
are the standard deviation and mean related to each state (s), respectively; s1 and s2 are the
limits of solar irradiation related to each state (s); ρ(s) would be the probability that the
solar radiation state (s) will exist throughout each given hour.

2.2. Modeling of AVR

The AVR is a standard auto-transformer including an automatic tap-changing mecha-
nism [46,47]. It can regulate the voltage by 10% over 32 stages which are each about 5/8%.
It is made up of a secondary winding comprising taps linked in series with the circuit and
a primary winding through a parallel connection [48]. AVRs are regarded as a mechanism
for voltage regulation and loss reduction. Once an AVR is inserted at a distribution point,
its corresponding voltage immediately increases, as well as the voltage at the remaining
distribution nodes at the same lateral beyond that AVR-installed node [49]. The reduction
in power losses in the feeder lines beyond the site of the AVR is a direct result of the im-
provement in voltages. To keep the voltage inside the limitations and minimize line losses,
different AVR devices can be placed in suitable locations in the distribution network. In
this regard, two modes of operations could be activated which are local and remote control
where the AVR can automatically manage its tapping operations to control the voltage
either at its installed node or at a remote specified node with reliable communications
enabled by the smart grid [50,51].

Additionally, the current and voltage inputs are supplied to the AVR controller via
current and potential transformers, respectively, to facilitate its control mode. The source
current and voltage (IS and VS) and the load current and voltage (IL and VL) are related in
the following way.

Vs = aR ×VL, Is =
1

aR
× IL, (11)

aR =

{
1 + NR × Tap for raise taps
1− NR × Tap for lower taps

(12)

where Tap would be the tap place of the present point, and NR would be the per unit
regulating of a sequential step which is usually equal to 0.00625.

2.3. Control Variables

The proposed methodology aims at searching for the optimal allocation of PVDGs with
Volt/Var control based on AVR where hourly loading variations are considered. Therefore,
the control variables are represented by the candidate buses to install PVDGs, their sizes,
and the hourly tap settings. Thus, they can be mathematically described as follows:

X = [Xn1 . . . XnNPV Xs1 . . . XsNPV Tap1,1 . . . Tap1,24 Tap2,1 . . . Tap2,24 . . . TapNTap ,1 . . . TapNTap ,24] (13)
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where Xn indicates the candidate distribution nodes to install PVDGs; NPV refers to the
number of PVDGs to be installed; Xs indicates the sizes to install PVDGs; Tap is the tap
point to be adjusted hourly; NTap refers to the number of AVRs in the system.

Based on the above, the candidate buses to install PVDGs are handled in an integer
form which ranges from 1 to the total number of distribution nodes. The PV sizes are
considered in continuous nature with rounding to the nearest integer value. The hourly tap
settings are considered with 32 steps with ±16 where 16R (+16) is the higher position and
16L (−16) is the lower position. Thus, it is handled as an integer form.

2.4. Objective Function

For PV planning and operations, active power loss, reactive power loss, and voltage
deviation are crucial due to their major effects on utilities’ revenue, the quality of the power
they provide, and the stability and security of the system. They are used in this work to
describe the effects of PV on the distribution system with the inclusion of hourly Volt/Var
control based on the existing AVR. To augment the three indices, the following objective
function can be expressed:

OF = ω1

24

∑
t=1

ILPt + ω2

24

∑
t=1

ILQt + ω3

24

∑
t=1

IVDt (14)

where ω1, ω2, and ω3 are weighting factors, and their summation is unity; t refers to each
hour; ILPt, ILQt, and IVDt are active power loss index, reactive power loss index and
voltage deviation index, respectively, and they can be mathematically modeled as follows:

ILP =
PLPV
PLo

, ILQ =
QLPV
QLo

, IVD =
VDPV
VDo

(15)

where PLPV, QLPV, and VDPV refer to, respectively, the active power loss, reactive power
loss, and voltage deviation at all nodes in the distribution network with PVDG installation;
PLo, QLo, and VDo indicate their counterparts without PVDG installation.

2.5. System Constraints

To effectively maintain the technical limitations, different constraints have to be han-
dled for every hourly loading. Firstly, the active and reactive power balance constraints
can be formulated as follows:(

Ps +
NPV

∑
n=1

PPV,n

)
t

=

(
PL +

nbus

∑
k=1

Pdk

)
t

t = 1, 2, . . . 24 (16)

(
Qs +

NPV

∑
n=1

QPV,n

)
t

=

(
QL +

nbus

∑
k=1

Qdk

)
t

t = 1, 2, . . . 24 (17)

where Ps is the power supplied from the substation; PPV indicates the output power
from PVDGs after the estimate taking solar radiations into account; Pd is the active power
demand; Qs is the power supplied from the substation; QPV is the reactive power associated
with the PVDGs which is related to the scheduled power factor (PF) as follows:

QPV,t = PPV,t × tan−1(PF) (18)

Secondly, the output power for each PVDG must be less than the candidate size as
follows:

0≤ PPV,i,t ≤ PPV,max i = 1, 2, . . . NPV , t = 1, 2, . . . 24 (19)

where PPV,max is the maximum size to install PVDGs.
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Thirdly, the voltage magnitude of all buses in the network should be within the
permissible limit (Vmax):

Vj,min ≤ Vj,t ≤ Vj,max j = 1, 2, . . . nbus, t = 1, 2, . . . 24 (20)

Fourthly, the current flow through the branches (Ibr) should be lower than its thermal
capacity (Ibr,max):

Ibr,t ≤ Ibr,max br = 1, 2, . . . nbr, t = 1, 2, . . . 24 (21)

Finally, for stability limitations, the penetration level of the PVDG output power
should be under a specified level:{Npv

∑
i=1

Ppv,i

}
t

≤ KP

{
nbus

∑
n=1

Pload,n

}
t

, t = 1, 2, . . . 24 (22)

where KP is the specified penetration percentage of 60%.

3. Developed SMA for Handling the Proposed Methodology

The SMA is a unique optimization that is based on the oscillation patterns of slime
mold in the actual world. It features a unique computational architecture that utilizes
dynamic weight values to mimic the mechanisms that result in the positive and negative
reactions of the slime mold propagation wave to form the optimal path for linking food [52].
For each d-dimensional optimization problem, the starting SMA population consists of
n vectors of solutions. Every individual in the population is launched as a vector with d
elements by Equation (23) [53].

Zmk (0) = rand(0, 1)× [Zmmax − Zmmin] + Zmmin k = 1 : n (23)

where the solutions Zmmin and Zmmax correspond to the minimum and maximum values
of the control variables, respectively.

There are two phases to how food is approached and wrapped in conventional SMA.
Since slime mold may explore food depending on the scent in the environment, and since
this action could be described by the formula below, the first step is employed:

Zmk(It + 1) =
{

Zmb(It) + υ1 × (W × Zmr1(It)− Zmr2(It)) Pr > r
υ2 × Zmk(It) Pr ≤ r

k = 1 : n (24)

While Zmk indicates the slime mold location and Zmb would be the location with
the highest smell concentrations in the current iteration, It refers to the current iteration,
Zmr1 and Zmr2 represent two alternatives selected randomly from the population. Two
components, υ1 and υ2, which represent the slime mold selection tendency and are linearly
declining from 1 to 0, respectively, are repeated. W is the search agent’s weight, while r is
an arbitrary number within [0, 1]. The Pr model can be described as follows:

Pr = tanh(|OFbest − S(k)|) k = 1 : n (25)

where S(k) stands for the current person’s fitness score and OFbest for the best fitness score
overall across all iterations. The parameter (υ1) is described as follows:

υ1 = [−arctanh
(

1− 2× (maxIt)
−1
)

, arctanh
(

1− 2× (maxIt)
−1
)
] (26)

where maxIt is the highest number of iterations. The following is the weight W:

W(Indexsmell(k)) =

1 + r× log
(

1 + S(k)−BF
WF−BF

)
, condition

1− r× log
(

1 + S(k)−BF
WF−BF

)
, others

k = 1 : n (27)
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The population’s first half is indicated by condition, and r is a randomly chosen value
within [0, 1]. BF and WF stand for the best and worst values obtained in the current iteration,
respectively [54], and Indexsmell refers to the sorted series of fitness ratings:

Indexsmell = sort(S) (28)

The second part of the search mathematically mimics the slime mold venous tissue
arrangement’s contractions process. Depending on the grade of the food it consumes, the
slime mold may alter its searching habits. The precise model for positioning the slime mold
is as follows:

Zmk(It + 1) =


Zmmin + rand(0, 1)× [Zmmax − Zmmin]

Zmb(It) + υ1 × (W × Zmr1(It)− Zmr2(It))
υ2 × Zmk(It)

rand < z
Pr > r
Pr ≤ r

(29)

where r and rand are randomly generated numbers between 0 and 1. Different values of
the parameter z, which defines how well a balancing mechanism can explore and use data,
may be applied based on the circumstances.

To handle the proposed formulation described in the previous section, Figure 1 dis-
plays the developed SMA for the allocation of PVDGs with Volt/Var control based on AVR
in distribution networks.

As shown, each solution vector (Zm) is represented by the candidate buses to install
PVDGs, their sizes and the hourly tap settings as stated in Equation (13). The solution
vectors are randomly initialized using Equation (23) to compose the population. Then,
the fitness function of Equation (14) is evaluated where each hourly loading is simulated.
For each hour, Input the hourly solar irradiation mean and the standard deviation is
considered based on the historic data, and the PV output power is estimated considering
the associated uncertainties. Therefore, the load flow algorithm [50] for each hour and
the active and reactive power losses, and the system constraints of Equations (16)–(22) are
recorded while the voltage deviation summation for all buses is evaluated. After finishing
the simulation for all 24 h, the three indices of Equation (15) are estimated and therefore
the objective function of Equation (14) is accomplished. Based on the recorded constraints,
the violated constraints are penalized by adding penalty components to the objective
function. Across all solutions, the minimum objective value will be extracted as the best
one with (OFbest). After that, the SMA updating mechanism is working to generate the new
updated solutions using Equation (29). The new solution vectors are maintained within
their permissible ranges and the objective function will be evaluated as described before.
Then, the best solution with the minimum objective value will be updated (OFbest). This
process is repeated until the whole number of iterations is completed.
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4. Simulation Results and Discussions

In this study, two practical distribution networks are selected. The first is the Kafr
Rabea feeder in the Menoufia governorate which belongs to the South Delta Electricity
Company. The first system is a real Egyptian distribution system which consists of 50 nodes
with 49 lines and has 2.294 MW and 1.1 MVAr, and its rated voltage is 11 kV. The second
system consists of 141 nodes with 140 lines and has 12.19 MW and 6.289 MVAr and its
rated voltage is 12.47 kV. The line and load data of the first system are obtained from [50].
The second is related to the metropolitan area of Caracas. The single-line diagrams of both
networks are shown in Figure 2. The proposed methodology is coded using MATLAB
2020a and the simulation results are acquired via a DELL laptop with Intel R Processor
Core(TM) i7-10750H CPU @ 2.60 GHz with 16.0 GB of RAM.
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Taking solar radiation uncertainties into account, the PDF for 20 solar irradiance states
with an interval of 0.05 kW/m2 for hours 6–19 is generated and the hourly expected output of
the PVDGs is estimated as displayed in Figure 3. The solar irradiance varies with time and
weather; hence, it is obvious that different periods have varied PDFs. Each hour’s area under
the curve is one. The maximum expected output powers exist among hours 11–14. This is
due to the dependence of the PV output on the ambient temperature, solar irradiance, and
the PV module characteristics. The total expected output power per hour can be calculated
as the sum of all the expected output powers at that hour.
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4.1. Simulation Results for the First Practical System

The performance of the distribution system in terms of the active and reactive power
loss indices and system voltage deviation is assessed considering the uncertainties of
PV output power. In addition, the load profile per day is considered where hourly load
variations are addressed as [50]. For this system, an AVR having a 400 Ampere size
linked between buses 7–8 and two capacitors at nodes 7 and 8 with nominal sizes of
300 kVAr each are taken into consideration. The minimum limit of the voltage value to
be considered is 0.9 per unit (PU) [50]. Three case studies are considered to analyze the
impacts of allocation of PVDGs with Volt/Var control based on AVR management for their
tap positions as follows:

Case 1: Allocation of PVDGs and AVR tap positions considering unity power factors
operation for the PVDG.
Case 2: Analyzing the impacts of the variation of lag power factors operation for the PVDG
simultaneously with AVR control.
Case 3: Investigating the impacts of optimal allocation of different numbers of PVDGs with
two different power factors’ operation and AVR control.

4.1.1. Case 1

In the first case, the PVDG operation mode is running with unity power factors where
they are capable of injecting active power only. The proposed SMA algorithm is applied
for allocation of PVDGs and AVR tap positions while four PVDGs are to be installed.
To evaluate the computing effectiveness of the applied SMA, different recent algorithms
are used such as artificial rabbits optimization (ARO) (ARO) [37], grey wolf optimizer
(GWO) [38], and particle swarm optimization (PSO) [39]. They are applied with the same
circumstances: the population is 30; number of iterations is 80; and number of run times
is 20. Through all separate runs, the best obtained allocation option of PVDGs for each
algorithm is tabulated in Table 1 which records the sizes and nodes to install the PVDGs, the
three system indices and the objective value. Simultaneously, Figure 4 shows the associated
daily variation of AVR tap positions for each algorithm. From Table 1, the results of the
optimization process demonstrate the superior ability of the SMA in comparison with ARO,
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GWO, and PSO to achieve the best objective function value of 13.648 PU. The SMA selects
the nodes 30, 34, 15, and 32 to install 500, 10, 500, and 499 kW, respectively. Also, the AVR
tap position is controlled in each hour as displayed in Figure 4a where the SMA raises
the tap positions more than step 4 through the day. This figure indicates that the AVR
tap position varies each hour due to daily load variation to improve system bus voltages.
After that, PSO minimizes the considered objective to 13.8669 PU while ARO and GWO
obtain objectives of 14.3085 and 14.633 PU, respectively. The SMA is the best performance.
Considering the objective value, the SMA achieves improvement with 4.62, 6.73, and 1.58%,
respectively, compared to ARO, GWO, and PSO. On the level of the active power loss index,
the SMA achieves improvement with 1.5, 0.93, and 0.64%, respectively, compared to ARO,
GWO and PSO. For the reactive power loss index, the SMA achieves improvement with 0.7,
0.82 and 1.02%, respectively, compared to ARO, GWO, and PSO. Considering the minimum
objective value, the SMA achieves improvement with 20.05, 29.98, and 5.91%, respectively,
compared to ARO, GWO, and PSO.

Table 1. Best obtained results of each algorithm for the allocation of four PVDGs for the first system.

Applied Algorithm and the
Obtained Indices SMA ARO GWO PSO

PVDGs size in kW
(installed bus)

500 (30) 366 (41) 434 (39) 10 (50)

10 (34) 329 (40) 215 (27) 500 (35)

500 (15) 459 (32) 429 (31) 429 (31)

499 (32) 367 (17) 451 (35) 500 (50)

PIL (PU) 15.437 15.6718 15.582 15.5370

QIL (PU) 15.4928 15.6020 15.6207 15.6518

VDI (PU) 8.2252 10.2885 11.7475 8.7420

Objective (PU) 13.6480 14.3085 14.633 13.8669

Figure 5 displays the convergence characteristics and penalty curves of the different
applied algorithms in this case. As shown in Figure 5a, the SMA provides better evolution
towards the minimum objective and faster convergence than the other algorithms. Added
to that, from Figure 5b, the penalty values are decreasing and approaching zero for all the
applied techniques which indicates that the constraints are completely maintained. Also,
this figure proves the faster convergence of the SMA where the zero penalty is achieved at
only five iterations whereas GWO, PSO, and ARO achieve the zero penalty at iterations 16,
21, and 22, respectively.

Moreover, Figure 6 illustrates the hourly variations of the minimum bus voltage and
system voltage deviations. As shown, the minimum bus voltage is greatly improved
during all day hours with optimal integration of PVDGs into the system with AVR control
compared to the system base case. The proposed SMA algorithm is successfully improving
the minimum bus voltage compared to the others since it approximately achieves higher
voltage values throughout the day. Similarly, great reductions in the system voltage
deviation during all day hours compared to the system base case. The highest reduction in
the system voltage deviation is according to the proposed SMA algorithm compared to the
other algorithms.
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Figure 4. Optimal AVR tap position considering the hourly load variations for each algorithm.
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4.1.2. Case 2

In the second case, the impacts of scheduled power factor variation of PVDGs on
the optimal allocation of PVDGs and AVR control are investigated. Therefore, PVDGs
are capable to inject active power and reactive power which is determined based on the
scheduled power factor. The power factor varies from unity to 0.8 lagging by step 0.05. The
proposed SMA algorithm is applied for allocation of PVDGs and AVR tap positions while
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four PVDGs are to be installed and Table 2 indicates the impacts on the system’s active and
reactive power loss and voltage deviation indices. Also, the accompanied AVR tap position
in each hour is displayed in Figure 7.
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Table 2. SMA application for allocation of four PVDGs with AVR control with different scheduled
power factors.

PVDGs Power Factor (PF) and
the Obtained Indices PF = 1 PF = 0.95 PF = 0.9 PF = 0.85 PF = 0.8

PVDGs size in kW
(installed bus)

500 (30) 500 (17) 375 (15) 500 (29) 500 (15)

10 (34) 138 (8) 500 (30) 493 (30) 500 (35)

500 (15) 497 (39) 322 (31) 467 (10) 460 (39)

499 (32) 475 (31) 500 (34) 338 (32) 450 (32)

PIL (PU) 15.437 14.9190 14.9008 15.0880 15.1694

QIL (PU) 15.4928 15.0643 15.1052 15.2870 15.3991

VDI (PU) 8.2252 8.8239 8.44 7.5736 6.6766

Objective (PU) 13.6480 13.4315 13.3367 13.2591 13.1037

Percentage of reduction (%) - 1.58 2.28 2.85 3.99

From Table 2 and Figure 7, as the scheduled power factor is decreased, the system
performance indices are improved. Compared to the unity power factor operation mode,
the reduction percentage in the optimization objective is 1.58%, 2.28%, 2.85%, and 3.99%
according to 0.95, 0.9, 0.85, and 0.8 PVDGs power factors, respectively. In addition, Figure 7
shows the significant controllability of the AVR since its tap position drops when PVDG
output is abundant during the hours of sunshine from 7 to 18 o’clock approximately. During
these hours, there is a high increase in the produced reactive power from PVDGs, especially
with lower scheduled power factors, and consequently, the AVR tap position decreases to
improve the voltage profile in the whole system. This result is confirmed by Figure 8 which
indicates the hourly variation of system bus voltage and voltage deviation with scheduled
PVDG power factor variation based on SMA. From Figure 8, the minimum bus voltage and
the system voltage deviation are greatly improved during all day hours under different
scheduled power factors compared to the system base case.
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Figure 7. Hourly variation of AVR tap position with scheduled PVDG power factor variation based
on SMA.
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4.1.3. Case 3

The impacts of optimal allocation of PVDGs and AVR tap positions under different
numbers of PVDGs are investigated. For this purpose, three, four, and five PVDGs are
considered at two different scheduled power factors of 1 and 0.85. The proposed SMA
has been applied and the simulation results for the optimal location and size of PVDG are
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shown in Table 3 while Figure 9 displays the associated optimal hourly variations of AVR
tap position with different numbers of PVDGs.

Table 3. Results of SMA for optimal allocation of different numbers of PVDG units with different
power factors.

PF Variation PF = 1 PF = 0.85

No. of PV Units 3 4 5 3 4 5

PV size in kW
(installed unit bus)

499 (14)
500 (35)
500 (39)

500 (30)
10 (34)
500 (15)
499 (32)

500 (30)
231 (11)
217 (39)
79 (44)

500 (15)

499 (35)
500 (16)
500 (39)

500 (29)
493 (30)
467 (10)
338 (32)

498 (35)
271 (17)
220 (41)
355 (28)
454 (31)

PIL (PU) 15.5538 15.437 15.3141 15.7002 15.0880 14.8982

QIL (PU) 15.5946 15.4928 15.3925 15.9241 15.2870 15.1651

VDI (PU) 10.4042 8.2252 7.3928 8.5111 7.5736 6.8567

Objective (PU) 14.2766 13.6480 13.3534 13.9589 13.2591 12.9546
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The table results illustrate that:

• The active power loss index decreased by about 0.75% and 1.54% when using four and
five units compared with the case of three units at unity PF, while that index reduction
is 3.89% and 5.11% when using four and five units compared with the case of three
units at 0.85 PF lagging.

• Similarly, the reactive power loss index decreased by about 0.65% and 1.29% with
four and five units at unity PF, while that index reduction is 4% and 4.77% at 0.85 PF
lagging.

• Also, the voltage deviation index decreased by about 20.94% and 28.94% when using
four and five units at unity PF, while that index reduction is 11.01% and 19.44% when
using four and five units at 0.85 PF lagging.

• The improvement in the whole objective function is about 4.4% and 6.47% with four
and five installed PVDGs compared to three units at unity PF. The improvements are
5.01% and 7.19% at 0.85 PF lagging.

An additional capability of reactive power injection has a great impact on the losses
and the voltage profile where the system performance indices are improved at 0.85 PF
lagging than unity PF at the same integrating numbers of PVDGs into the studied system.
From Figure 9, the optimal tap positions are decreased during the period of sunshine from
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7 to 19 o’clock. By comparing the tap position in the two cases, namely unity PF and 0.85 PF
in these hours, the specified steps of the tap positions in the case of 0.85 PF are much less
than their counterparts in the case of unity PF. This decrease is due to the presence of an
abundance of solar cell output power, especially reactive power. Additionally, Figure 10
indicates a significant reduction in the minimum bus voltage and the system voltage
deviation at 0.85 PF lagging compared to the unity PF, respectively. Both scheduled power
factors derive higher improvement compared to the base case.

Sustainability 2023, 15, x FOR PEER REVIEW 19 of 25 
 

  
(a) Minimum bus voltage at unity PF (b) System voltage deviation at unity PF 

  
(c) Minimum bus voltage at 0.85 PF (d) System voltage deviation at 0.85 PF 

Figure 10. Hourly variation of the minimum bus voltage and system voltage deviation under dif-
ferent numbers of PVDGs units at unity PF based on SMA. 

4.1.4. Statistical Analysis of the Compared Algorithms for This System 
There is no guarantee for any optimization algorithm to obtain the global optimal 

solution but, these drawbacks can be addressed by implementing statistical results on 
each optimization technique. Each technique is executed for twenty different separate 
runs and the accuracy of each technique is carried out by obtaining minimum, maximum, 
mean value, and standard deviation. Figure 11 displays the box plot of the obtained power 
losses of the SMA, ARO, GWO, and PSO for the first system while their statistical com-
parisons are tabulated in Table 4. As shown, in comparison to all compared methods, the 
SMA demonstrates the lowest best, mean and worst of the obtained losses of 13.64801, 
14.2631 and 14.93856 kW, respectively. Based on the SMA technique, the closer the mean 
value is to the best and worst, and the standard deviation is the minimum, the more evi-
dence and indication of the strength of this method.  

Figure 10. Hourly variation of the minimum bus voltage and system voltage deviation under different
numbers of PVDGs units at unity PF based on SMA.

4.1.4. Statistical Analysis of the Compared Algorithms for This System

There is no guarantee for any optimization algorithm to obtain the global optimal
solution but, these drawbacks can be addressed by implementing statistical results on each
optimization technique. Each technique is executed for twenty different separate runs and
the accuracy of each technique is carried out by obtaining minimum, maximum, mean
value, and standard deviation. Figure 11 displays the box plot of the obtained power losses
of the SMA, ARO, GWO, and PSO for the first system while their statistical comparisons
are tabulated in Table 4. As shown, in comparison to all compared methods, the SMA
demonstrates the lowest best, mean and worst of the obtained losses of 13.64801, 14.2631
and 14.93856 kW, respectively. Based on the SMA technique, the closer the mean value is to
the best and worst, and the standard deviation is the minimum, the more evidence and
indication of the strength of this method.
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Table 4. Statistical metrics of the compared algorithms for the first system.

SMA ARO GWO PSO

Best 13.64801 14.30852 14.63304 13.86693

Mean 14.2631 14.95215 18.37052 14.81254

Worst 14.93856 15.56461 77.34286 15.29304

Standard deviation 0.371331 0.301384 13.53295 0.500231

4.2. Simulation Results for the Second Practical System

For the second practical system of the metropolitan area of Caracas, the proposed
SMA is applied to find the optimal allocation of PVDGs and AVR tap positions. For
hourly load variations, the optimal allocation of six PVDGs, as well as the optimal AVR
tap positions were found considering the change in the scheduled power factor of the
PVDGs as displayed in Table 5 and Figure 12. As shown, it is evident that the objective
function decreases with the increase in PVDG’s power factor, due to the increase in the
reactive power injections to the system. The reduction percentage in the objective function
reaches 1.39%, 2.28%, 2.44%, and 2.58% for 0.95, 0.9, 0.85, and 0.8 PF lagging, respectively,
compared with the case of unity PF. Also, the system variations in terms of the minimum
bus voltage and voltage deviation have been observed as shown in Figure 13. As shown,
significant improvement in the minimum bus voltage during all-day hours especially the
peak loading hours using PVDG units with any power factor value and using the AVR
control where its value is greater than 95% during all-day hours. Also, system voltage
deviation is decreased by a large value compared to the base case. The best performance of
the system is the state of 0.85 PF lagging in that it is the highest low voltage as well as the
lowest voltage deviation throughout the hours of the day.
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Table 5. Results of SMA for optimal allocation of six PVDG units with a different power factor
of PVDGs.

The PVDG Power Factor PF = 1 PF = 0.95 PF = 0.9 PF = 0.85 PF = 0.8

PV size in kW
(installed unit bus)

500 (21) 497 (50) 500 (51) 500 (141) 500 (49)

500 (48) 500 (80) 500 (50) 500 (126) 500 (51)

500 (47) 500 (49) 500 (85) 496 (52) 498 (140)

500 (126) 500 (85) 500 (71) 500 (65) 500 (85)

500 (50) 500 (81) 500 (66) 500 (49) 499 (79)

499 (17) 500 (141) 500 (82) 496 (51) 500 (65)

PIL (PU) 20.3505 19.7037 19.5654 19.7573 19.6529

QIL (PU) 20.4031 19.8418 19.7351 19.8495 19.7858

VDI (PU) 12.9988 13.8174 13.546 12.9281 13.0959

Objective (PU) 18.5257 18.2667 18.1030 18.073 18.0469

Percentage of reduction (%) - 1.39 2.28 2.44 2.58
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Additionally, the impacts of optimal allocation of PVDG units with different power
factors and optimal AVR tap positions are investigated on system active and reactive
power losses as in Figure 14. The reductions in system active and reactive power losses
are great compared with the base case, especially the loading peak hours. It also shows
that PVDG units with a unity power factor represent the least improvement in the system’s
performance.
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5. Conclusions

This study presents a developed methodology based on SMA for the optimal location
and size of the PVDG energy resources with simultaneous Volt/Var control via optimal
settings of the AVR tap positions. The study objectives are to minimize active and reactive
power losses and enhance the voltage quality in the studied networks. The PVDG uncer-
tainty and the hourly load variations have been taken into the optimization frame. The
simulation implementations are executed on two practical distribution networks which are
the Kafr Rabea area related to South Delta Electricity Company in Egypt and a large-scale
distribution network from the metropolitan area of Caracas. For solving the proposed
optimization framework, the developed SMA provides superior performance over ARO,
GWO, and PSO in minimizing the active and reactive power losses and improving the
voltage profile where it provides better evolution towards the minimum objective and
faster convergence than the other algorithms. Also, the AVR tap position varies each hour
due to the load variations to improve system bus voltages. The minimum bus voltage
and the system voltage deviation are greatly improved during all day hours with optimal
integration of PVDGs into the system with AVR control compared to the system base case
for the two studied networks. As the scheduled power factor of the PVDGs is decreased, the
system performance indices are improved. The significant controllability of the AVR since



Sustainability 2023, 15, 15634 21 of 23

its tap position drops when PVDG output is abundant during the hours of sunshine from 7
to 18 o’clock approximately. More enhancement in the system performance indices has been
achieved by increasing the number of PVDGs. There is some limitation to the proposed
methodology in that the studied systems are balanced and do not take the unbalanced
model so this is an extension to this work in the future.
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