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A significant portion of electrical energy in power grids is wasted in distribution systems.
Distribution systems typically have radially shaped feeders. Today, increased demand
resulted in the expansion of distribution systems and their dimensions, which in turn
causes greater voltage drop, increased losses, and consequently reduced stability,
decreased node voltage, and load imbalance. Nowadays, using modern methods and
employing power electronics devices such as flexible alternating current transmission
system (FACTS) devices can enhance the quality of electrical power. Additionally,
considering the global warming, most power generation companies are inclined towards
renewable energies such as photovoltaic panels. One of the suitable FACTS devices used
in the PV distribution system is P\V-DSTATCOM. These devices are based on reactive
power control and use a photovoltaic (PV) system to supply their required energy.
Therefore, they should be installed in a way that coordinates with capacitor banks
installed in the distribution network and improves power quality parameters, including
reduced network losses, improved network performance, deferred investment, increased
reliability, and enhanced power quality. In this paper, the problem of locating and sizing
of PV-DSTATCOM and shunt supercapacitors is solved based on a simultaneous multi-
objective manner, with the objectives focused on power and energy losses, voltage
profile, and voltage stability. To solve this multi-objective problem, the Fuzzy-ALPSO
algorithm is adopted and implemented on standard IEEE 33- and 69-bus systems.

Keywords: Parallel Supercapacitors; PV-DSTATCOM; Power Loss; Voltage Stability;
FUZZY-ALPSO Algorithm.
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1. Introduction

1-1. Statement of the Problem

Improving the stability and quality of electrical
power in distribution networks using compensating

utilities. Such equipment plays an important role in
voltage management, degrade power losses, and
boost the reliability of distribution networks. Also,
population growth has intensified the ever-
increasing need for energy in the world, where

equipment such as DSTATCOM, parallel fossil fuel cannot provide sufficient energy and
capacitors, and other power electronic devices has respond to consumers’ energy demand. They also
become amongst the challenging issues for most harm the earth's ecosystem by creating
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environmental pollutants. Therefore, today, the use
of wind, solar and geothermal alternative sources
has flourished in many countries of the first world
and is expanding day by day. Also, in distribution
systems, due to having radial feeders, high R/X
ratio, and considerable voltage drop, large losses
occur. With increasing demand and load, these
losses increase and lead to reduced stability,
voltage drop in nodes, and load imbalance. In this
regard, the use of FACTS such as DSTATCOM
has increased to deal with these challenges [1].

Compensating devices such as DSTATCOM
are very effective as one of the suitable FACTS
devices used in distribution systems due to several
properties like small power dissipation, low
harmonic generation, high adjustability, and
inexpensiveness. This equipment helps adjust and
balance the voltage by injecting a compensating
current that is adjusted according to bus voltages
and the amount of reactive power required when
the network faces sudden load changes or fault
conditions [2]. These devices can be effective in
improving the dynamic stability of networks and
reducing voltage fluctuations. In addition,
DSTATCOM has more advantages than its
counterparts due to its benefits, including the
absence of operating issues like resonance or
temporal coordination. The particle group
optimization algorithm for implementing and
allocating DSTATCOM was used considering the
presence of distributed generation sources, where
loss reduction remained as the main objective
function [3].

1-2. Literature Review

The use of combining DSTATCOM with energy
storage systems (ESS) is proposed as an effective
method for voltage management and improving the
stability of distribution networks. By using voltage
duration curves (VDCs) for voltage management,
this combination performs better than traditional
methods in conditions of sudden load and
generation changes [4]. In addition, the use of
combination of DSTATCOM and series
compensators such as static var compensator
(SVC) to improve the dynamic stability of
distribution networks is also considered. These
compounds can effectively reduce voltage
fluctuations and improve system stability in
different conditions [5].

Also, hybrid compensator configurations that
are a combination of series and parallel
compensators can simultaneously improve voltage
stability and reduce network harmonics. These
configurations show significant performance

improvements, especially in unbalanced conditions
and when asymmetrical loads are present [6].
Studies have shown that the development and
improvement of control methods for compensating
equipment such as DSTATCOM in order to
improve their efficiency in distribution networks
with variable loads has also been an important
topic in recent research. These control methods,
which are designed based on combining these
equipment's with other compensators and
optimizing the control parameters, can effectively
stabilize the network voltage and reduce its
fluctuations [7]. On the other hand, several
researches have investigated the effect of using
hybrid compensators. Hybrid compensator
configurations that combine series and parallel
compensators simultaneously provide improved
voltage stability and reduced grid harmonics.
These configurations show significant
performance  improvements,  especially in
unbalanced conditions and when asymmetrical
loads are present [6]. Also, new control methods,
which are designed based on the combination of
compensating equipment with other equipment and
optimization of control parameters, have shown
that they can effectively stabilize the grid voltage
and reduce its fluctuations, while optimizing
energy consumption at the same time [7].

Optimizing the site and size of compensating
equipment in distribution systems with the help of
optimization algorithms such as particle swarm
optimization (PSO) and genetic algorithm (GA)
has also attracted a lot of attention. Research results
have shown that the use of these algorithms can
significantly diminish power loss as well as
enhancing the stability of distribution networks [8].
Optimizing the parameters of fuzzy logic
controllers (FLC) using these algorithms also
effectively improves the performance of power
systems in unbalanced conditions and load
fluctuations [9]. Also, these methods have been
used in combination as a multi-objective approach
to optimization that can achieve better results than
using each of these algorithms alone [10].

Optimal placement of DSTATCOM is amongst
the cases to be discussed in this category of
research. To deal with this problem, using various
approaches such as fuzzy algorithms, ant colony,
and immune algorithms are proposed. In particular,
these methods help to improve losses, voltage
profile, and voltage level [2,11,12]. Reference [13]
has presented the optimal placement of
DSTATCOM to degrade power loss and harmonic
distortion, while improving the voltage level by
using the Firefly algorithm. In reference [14], Both
genetic and ant colony hybrid algorithms have been
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used for optimal location, and its modeling has
been done on IEEE 30-bus standard network.
Reorganization of distribution networks and
placement of DSTATCOM were investigated both
simultaneously and separately in order to reduce
losses [15].

Studies have shown that the use of hybrid
methods and advanced optimization can
significantly improve the stability and power
quality of distribution networks. Various
combinations of compensating equipment and
utilizing optimization approaches like PSO and GA
provide versatile approaches to voltage
management and power loss reduction that can
significantly improve the efficiency of distribution
networks [16]. These approaches not only improve
the system performance in different operating
conditions, but also can help reduce costs and
increase the reliability of distribution networks
[17].

Finally, the findings show that the use of
DSTATCOM can dramatically impact voltage
stability of distribution networks. This equipment
is capable of reducing voltage fluctuations and
improving system stability in the face of load
changes and fault conditions, which indicates the
importance of using DSTATCOM in improving
network stability and reducing the need for other
compensation measures in distribution systems
[18,19].

1-3. Innovation and Research Contributions

Many researches have investigated and optimized
the location of parallel capacitors and
DSTATCOM in distribution networks. However,
the current research seeks to provide a
comprehensive and multi-objective approach that
simultaneously locates and determines the optimal
capacity of both devices, that is, parallel capacitors
and DSTATCOM. This approach is designed in
such a way that optimal coordination between
injection and absorption of reactive power by
DSTATCOM and the task of constant injection of
reactive power of capacitor banks is provided to
achieve the best quality of electric power. In this
research, the main goals include reducing costs
related to power and energy loss, modifying the
network voltage profile, and boosting voltage
stability in different operating conditions. To
address this complex and multi-objective problem,
the optimization algorithm (FUZZY-ALPSO) has
been used as one of the efficient and powerful
methods in the field of optimization. The results of
simulations and implementations performed on the

standard IEEE 33- and 69-bus distribution

networks show the efficiency and effectiveness of

this method in enhancing the technical

performance of distribution networks. This

research, focusing on practical applications and

real results, can be used as a suitable solution to

boost the stability and power quality in modern

distribution networks. The most important

innovations of this article are as follows:

e Using a new optimization algorithm

e Combining meta-heuristic algorithm with fuzzy
logic

¢ Implementation of the multi-objective method
on different sample networks

2. Methodology

In this article, the problem of optimal allocation
and sizing of a PV-DSTATCOM and suitable
supercapacitor banks are considered, which has
equal and unequal constraints and is presented as
follows.

2-1. Objective Functions

Regarding the allocation and sizing of PV-
DSTATCOMs, this paper aims to enhance
technical operation of the network, which is
formulated as an improvement of power losses,
voltage regulation and enhanced stability. Thus,
the presented objective function is introduced as a
multi-objective function. In addition, the problem
includes equality, protection and performance
constraints introduced as Equation (1).
min F = [fy, f5, f3] 1)
Functions f;, f,, f; are obtained from Equations
(2) to (6) respectively:
fi= Pross 2)
Pioss represents the real power loss. Function
f, is related to the voltage deviation index as

follows:
Nn

f2 = Z(Vi - Vrated)z (3)
i=1

Function f; concerns the voltage stability index
in distribution networks, and it was presented to
evaluate all nodes of the distribution network in
[20], and the equations for evaluating this index,
which are formulated by the information obtained
from power flow, were provided in [21]. Fig. 1
shows a typical two-bus system.

SI(ny) = |Vi|* — 4[P,R; + Q. X11|V1| — 4[P2R,

+ Q2 X1]? @
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Fig. 1. A branch of the distribution system

And in Equation (4), ni: sending node, ng:
receiving node, I;: branch current,V;: voltage of
node 1, V2: voltage of node 2, P,: the sum of real
power of load fed into node 2, Q,: the total reactive
power of load fed into node 2, Ri: resistance of
branch 1, X;: reactance of branch 1.

f's =min(SI(nY)),i = 2,3,..., N, (5)
and finally, we define function f; as Equation (6).

1
fs=% (6)

f‘3l
2-2. Total Objective Function

The total objective function is obtained from
Equation (7) using the penalty factor method:
ObjFunc =wy.fi + wy. o +ws. f3 @)
In this Equation, w1, wz and ws are 0.5, 0.25 and
0.25, respectively.

2-3. Limitations of PV-DSTATCOM

The Installation of PV-DSTATCOM has
limitations that are expressed as Equations (8) to

(10).
09pu <V, < 1.1pu 8)
0< QD_Smtcom < 5000KVAR 9)
0<I,, <4004 (10)

Qo and Imax are the injected reactive power of
PV-DSTATCOM and the current of network
sections, respectively.

2-4. Constraints on the Number and Size of
Supercapacitors

Parallel supercapacitors are available discretely in
the industry. Parallel supercapacitors, according to
Equation (11), are obtained as an integer multiple
of the smallest available supercapacitor capacity.
Qci = L.Qo (11)

Qo: The smallest available supercapacitor
capacity

Moreover, due to economic problems and the
limitation on space, according to Equation (12), the
size of a single supercapacitor located on a bus
must meet a certain limit as follows:

Yoasza (12)

Q:: reactive power limit

In this article, the smallest supercapacitor size
is 150kvar and the allowed number of
supercapacitors for a single bus is 15.

3. Power Flow and PV-DSTATCOM Model

Distribution system power flow are expected to be
fast and provide high performance due to
widespread application in the optimization process.
In this article, the backward/forward swap method
has been adopted. If we consider the two-basin
system in Fig. 2, then we have Equation (13):

V;

X

P L;f+j E_)LT PLJI_FJ. QLJ'
Fig. 2. A sample two-bus system

Vica =Vi26 — Z1,£6 (13)
In this Equation, Vi, a, Vj, 8, Z, I and 6 are
respectively the voltage amplitude and angle of bus
j, voltage amplitude and angle of bus i, line
impedance, and amplitude and angle of the line
current.
After installing PV-DSTATCOM on branch j,
the equations and phasor diagram will be as
Equation (14).

A I ,
/ D-STATCOM —1 XTI

e ~

Vmew

Fig. 3. Phasor diagram after installing PV-
DSTATCOM

Vinew£0new = Vi’L(S’ - (R +]'X)1L'49' - (R

. T (14)
+ jX)Ipstatcom< (aNew + E)

As a result, the injected reactive power is
obtained from Equation (15).
jQDstatcom = I/}'newIDst:atcom* (15)
where Equations (16) and (17) are expressed as:
V}'new = V}'newLaNew (16)
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T

&lpy.psTaTcoM = 5 + Anewr Anew <0 17)
Equation (15) shows the injected reactive power
of bus j, voltage after compensation and injected
current by PV-DSTATCOM. In the above
equations, onew is the corrected angle of the
compensated bus. This parameter is obtained and
the elements obtained from the power flow in each

iteration.

4. Fuzzy-ALPSO Algorithm
4-1. Fuzzy Method Steps Allocation of
Supercapacitors and the PV-DSTATCOM

1. First, by means of sensitivity analysis using
Equations (18) to (20), the sensitivity of the
changes in active losses of the network to the
changes in reactive power is calculated for all
buses (Fig. 4) and this index is considered as the
first input of the fuzzy system.

0Piinetoss[M2] _ (2 * Q(m2) * R(j)))

2Q[m2] Vm2))? (9
R(jj) * (P?(m2) + Q*(m2

Plineloss [mZ] = (U) ( |V(2"(lm)2)| Q (m )) (19)
X(jj) * (P?(m2) + Q*(m2

Qlineloss [mZ] = (]]) ( |V(2‘r?m)2-)|-| Q (m )) (20)

where, Plineloss and Qiineloss are active and
reactive power losses of the transmission line,

respectively, and W is the coefficient

of active power loss sensitivity to the reactive
power.

2. Power flow on the studied network is done, the
voltage value of the buses is obtained, which is
considered as another indicator for the fuzzy
system input.

3. The input (voltages of the buses) as well as the
sensitivity analysis of the buses are normalized
between [0,1].

4. Five membership functions are considered for
each input: triangular sensitivity factor
membership functions for loss sensitivity factor
and triangular and trapezoidal voltage factor
membership functions for voltage factor.

5. Five triangular membership functions are
determined to obtain the fitness index (suitable
location) of the supercapacitor and PV-
DSTATCOM as the output of the fuzzy system
according to Figs. 5-7.

6. Determining fuzzy rules for decision making
The fuzzy rules governing the fuzzy inference

system (FIS), which is of Mamdani type, are in if-

then form, which after applying the inputs to FIS,
the output gives the proper location of the
supercapacitor and PV-DSTATCOM. The larger

the output, the better the location of the
supercapacitor and PV-DSTATCOM. Membership
functions for inputs and outputs are introduced
according to Table 1.

V(m)Z5 (my) V(m3)£5 (m3)
Zi=R;itjXj

MA_MMN

I
my m;

Sm2=Pm2'ij2
Fig. 4. Single-line schematic of the system
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Fig. 5. Input membership functions of loss
sensitivity factor
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Fig. 6. Input membership functions of bus voltage
value
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Fig. 7. Membership functions of supercapacitor
fitness index output and PV-DSTATCOM

Also, the table of fuzzy rules is in the form of
Table 2, which is determined and written according
to the conditions of the problem.



Abasi and et al.: Accurate Allocation of PV-DSTATCOM and Supercapacitors ... 82

Table 1. Membership functions

Voltage Loss and output Fuzz
membership membership y
. : value
functions functions
L L very little
LN LM less
N M good
HN HM alot
H H too much

Table 2. Fuzzy rules for DG allocation problem.
Voltage

L LN N HN
L LM LM L L

L LM M LM LM L

S M HM M LM L

F HM HM HM M LM
H H HM M LM

AND

EI_I_I_I_I

4-2. Steps of the ALPSO Algorithm for Optimal
Sizing of Supercapacitors and the PV-
DSTATCOM

To avoid getting trapped in the local optimum, this
algorithm rereads and improves the search process
in three steps so that it can reach the best solution.
In ALPSO, the TSDM has been used. In this
method, the algorithm adjusts the search path to
adaptively avoid getting trapped in local optima
and reduce the search space. In addition, a
candidate particle generation strategy based on
self-learning is used to produce the candidate
particle as a learning target from the group. This
step improves the search process in the response
space. Then, to guarantee the algorithm's precise
functionality, a potential prediction strategy has
been implemented to forecast the potential
capabilities of potential particles to lead the group
so that the best particle is selected and followed by
other particles as the best particle of the group [22].

4-2-1. TSDM

Usually, in the PSO algorithm, the particle group
may become ensnared in a local optimum while
exploring the problem space. In a certain
dimension, the evolutionary state is illustrated by
Fig. 8a, indicating that particles predominantly
explore one dimension, while the red curve
represents the variation of the fitness value inside
this dimension.

In Fig. 8a, Py is a local optimum. Each particle,
such as X; and X», search along the Py direction.
After several iterations, the group reaches the local
optimum. Assume that f(P;)' is the fitness value of
the best position of particle i in iteration t. The
current position of the particle i, that is X is equal
to Pi, where updates of P; and f(Pi)" are given in

each iteration. The situation where the best position
of the particles is not modified in one iteration is
justified according to Equation (21).

n

D PR fRY =0 (21)

where n shows the population size and t denotes the
number of iterations. Obviously, if Equation (21)
holds, it means that the algorithm is trapped in a
local optimum. According to Fig. 8b, Pg represents
the best particle of the group and is close to the
global optimum. X;' and X! particles in iteration t,
it may be along the Py direction to search but if the
best position of these particles is not improved in
iteration t+1, then Equation (21) is also valid.

Fitness

Fitness
/\ 77777 X, / \ b o /\
N Le# 1 < z
0 . 52 -
X, P, X2

(b)
Fig. 8. State of particles in the search space

Consequently, in every iteration the TSDM is
used in order to prevent the particles from being
caught in the local optimum. In this method, the
search path of the particle group can be adjusted
when Equation (21) is established. For this
purpose, a counter like T is considered, whose
initial value is zero, and increases by one unit every
time Equation (21) is established. The larger T for
a group, the greater the probability that the group
of particles is stuck in the local optimum, and this
probability is calculated exponentially from
Equation (22) [22].
exp(T)—1
exp(10) -1
here, Probagjust is updated after each iteration. If
Probagjust IS greater than a random number between
0 and 1, the learning algorithm from Py stops the
current one and sets its search path to a new
particle. The pseudocode of TSDM is as follows.

PTObadjust = (22)

Initialize T=0

if Xis1 f(P)" — f(P)*" = 0 then

T=T+1

end

Generate a random number rand () between [0,1]
if Probagjus=>rand () then

Stop the swarm from learning the current Py

end
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If all particles remain unimproved in
subsequent iterations, the value of T will
continuously increase, indicating a higher
likelihood of the group being trapped in a local
optimum. Consequently, the group modifies its
search trajectory by assimilating information from
a new particle, referred to as a candidate, with its
production details outlined in the “Self-learning
candidate generation strategy (SCGS)” section, as
follows.

4-2-2. Self-Learning Based Candidate Generation
Strategy (SCGS)

To create a candidate that saves the algorithm from
the local optimum, a candidate generation strategy
based on self-learning is proposed. This strategy
learns by using the best particles in all iterations to
guide itself towards the global optimum.
Obviously, the current fitness value of Py is still the
best and Py still preserves the preferred solution in
most dimensions of D; therefore, the solution of Py
is worth learning during candidate generation.
Furthermore, as the fitness value of a particle
depends on the particle structure in all of the
dimensions, a particle with a slightly worse fitness
value may have a good solution structure in some
specific dimensions. This has the condition
expressed as Equation (23).
f(Particle;) = f(x}, x2,...,xP) (23)
The pseudo-code mechanism (SCGS) is as
follows.

for each dimension d from 1 to D do
Generate a random number rand () between [0, 1]
if Probcandidae=>rand () then
Candidate = Py¢
else
randomly select two Px and Py, from the swarm
if f(Pi(k)) < f(Pi(m)) then
Candidate® = P,? + Gaussian (p“)
else
Candidate? = Pn® + Gaussian (p)
end
end
end

In the above pseudocode, Gaussian (¢9) is
determined according to Equations (24) and (25).
Also, Probcandidate 1S €xpressed based on Equation
(26).

n
1
Average® = ;z Pf (24)
=1

n

1
Gaussian (6%) = EZ(Pid — Average?)?  (25)

i=1

exp(iter) —1
PrObCandidate = % (26)
The global optimum and the candidate's search
path may be identified following an iterative
process. This approach guarantees that the
algorithm can utilize the optimal solution structure
of all particles and, at the same time, mitigates the

impact on the convergence rate.

4-2-3. Competitive Learning Based Prediction
Strategy (CLPS)

As discussed in the previous section, the candidate
generation process is almost random, so updating
Py without considering a validation criterion is
unreasonable to work. Therefore, to increase the
efficiency of the algorithm and use Py and the
current candidate, a competitive learning strategy
is proposed to forecast the candidate particle's
potential steering capability in the ALPSO.
The speed of these two particles is updated as
follows.
When particles learn from the current Py, the
velocity is updated by Equation (27):
v = wvd + ¢ RE(PE — xf) + c,RI(PE — x&) (27)
And, if the particles learn from the candidate Py,
the velocity is updated by Equation (28):
ve = wvf + ¢RI (P — x2)
+ c,R(Candadate® — x{)
After one iteration, a competitive relationship
appears between current and candidate Pgs, and the
algorithms selects the better particle as the new Py
for the next sequential iterations. To measure the
particle conduction capability of P4 and candidate
Py, Equation (29) is described as follows,
n

Competitiveness; = Zf(x,-)t“ — f(x)t (29)

(28)

=1
where L represents the swarm learning particle. If
Competitivenesspyg is greater than
CompetitivenesScandidzate, this means that the
optimality improves when the particles learn from
the current Pg, and vice versa. The pseudocode of
this strategy is given below.

for iteration fromttot + 1 do
for each particle i and i from 1 to n do

n
CompetitivenesScandidate = Z f(xi)Hl - f(xi)t
i=i
end
end
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for iteration fromttot+ 1 do
for each particle i and i from 1 to n do

Competitivenessp, = Z FODH = f(x)t
=1
end
end
if Competitivenesscgngigate > Competitivenesspg then
Update Py: P4 = Candidate
T=0
else
Py doesn’t change
T=T-1
end

The ALPSO algorithm framework can be
succinctly summarized as follows:
[22].

Initialize positions and velocities of the particles in
the search space
Initialize T = 0, Probagjust =0
Evaluate the fitness values of particles
Update P;' and Pg'
while (termination criteria in not met) do
Update X;* and V;* for all particles
Asses the fitness values
Update Pi' and Py
if Probagjust > rand () then
Terminate the swarm learning from
the current Py
Produce a candidate particle based on
the SCGS
Select a better particle as the new Py
from the current and candidate Py
using the CLPS
Update T and Probagjust using the
TSDM
end
end

In the following, the solution process and
method are described in Fig. 9.

5. Simulations

In this section, the results of implementing the
suggested approach for optimal allocation and
sizing of PV-DSTATCOM and parallel
supercapacitors standard in IEEE 33- and 69-bus

distribution systems [16,23] are presented and
analyzed. To measure the performance of the
method, Fuzzy-ALPSO was adopted to achieve the
best location and capacity of this equipment in the
investigated distribution networks. Simulations
results demonstrate the positive effect of optimal
installation of this equipment on technical
performance of the network, including minimizing
power losses, enhancing the voltage profile, and
augmenting voltage stability. Information about
this system was obtained from [23].

5-1. Results Related to the 33-base System

First, the suggested approach was implemented on
the IEEE 33-bus distribution system. In Table 3,
the results obtained from the optimal installation of
PV-DSTATCOM and parallel supercapacitors in
this system are presented. Optimizing the location
and capacity of the PV-DSTATCOM and
supercapacitors has led to a considerable
enhancement in node voltage and reduced network
losses. The optimal location for PV-DSTATCOM
installation is determined at bus 30 and for
supercapacitor banks at buses 7 and 14. The
optimal size has been calculated as 792kVar for
PV-DSTATCOM and 750 and 450kVar for
supercapacitors, respectively.

Table 4 compares the results before and after
installing the optimal equipment. According to this
table, the lowest network voltage in bus 18 has
increased from 0.9038 to 0.9392, which indicates a
meaningful boost in the network voltage profile.
Furthermore, the maximum network voltage has
also changed significantly and has reached from
0.9970 to 0.9978. In addition, the real power losses
of the network decreased from 210.99kW to
111kW, which is equivalent to a 47% reduction in
losses. Reactive power loss has also decreased
from 143.12kW to 84kW.

Fig. 10 illustrates the voltage profile of the 33-
bus network before and after installing the optimal
equipment. Fig. 11 illustrates the location of the
equipment. As can be seen, the installation of PV-
DSTATCOM and super-parallel capacitors has
significantly reduced the voltage fluctuations and
kept the grid voltage level within an acceptable
range. Also, the voltage stability index in critical
bus 18 has improved from 0.6671 to 0.7780, which
indicates an increase in network stability.

Table 3. PV-DSTATCOM installation results on the 33-bus system

Capacitor bank PV-DSTATCOM PV
Location (Bus) 7 and 14 30 30
Size 750 and 450k Var 792kVar 1000kW
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— The second stage of ALPSO capacity
allocation
= Get system load and line information Initialize all particles’ positions and velocities
* Run aload flow on the system within the search space
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the second input of the phase system Evaluate the fitness value of every particle
(2) | Update P; and Py'
= The input of bus voltage value as well as \?/ 4 C
sensitiv_ity apalysis of buses should be if Probagus > rand () then
normalized in the range of zero to one s stop the swarm learning from the current Py
{} \ 3 ) Use the SCGS to generate a Candidate
particle
= Determination of fuzzy membership functions for Use the CLPS to choose a better particle as
input and output new Py from the _
= Write a table of fuzzy rules current Py and the Candidate
= Identification of candidate buses for DG installation Use the TSDM to update T and Probagus
= Entering the genetic algorithm process ) end
A~ en N
4 < 5> 7
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Fig. 9. Flowchart of the fuzzy-ALPSO algorithm

Table 4. Comparison of system results before and after installation of PV-DSTATCOM and supercapacitor in
the 33-bus system
Before installing PV-DSTATCOM and After installing PV-DSTATCOM and
supercapacitor supercapacitor

33-Bus system

The lowest voltage (p.u.) Bus 18-0.9038 Bus 18-0.9392
The highest voltage (p.u.) Bus 2-0.9970 Bus 3-0.9978
power loss (kW) 210.99kW 111kW
power loss (kVar) 143.12kVar 84kVar
Minimum stability index (p.u.) 0.6671 related to Bus 18 0.7780 related to Bus 18

1.02
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Voltage (pu)

0.9
0.88
0.86

0.84
1 3 5§ 7 9 11 13 15 17 19 21 23 25 27 29 31 33

Bus Num
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Fig. 10. Comparing the voltage profile of the 33-bus network
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Fig. 11. Schematic of the 33-bus network after optimal installation of PV-DSTATCOM and supercapacitor

5-2. Results Related to the 69-base System

In the following, the suggested method was also
implemented on the IEEE 69-bus system. As pet
the results provided in Table 5, the optimal place
of PV-DSTATCOM is bus 61 and for parallel
supercapacitors is buses 18 and 50. The optimal
capacity of the PV-DSTATCOM and
supercapacitors is 1550kVar and 450kVar,
respectively, for each supercapacitor bank.

Table 6 compares the results of the 69-bus
system before and after installing the equipment.
The lowest network voltage in bus 65 has increased
from 0.9092 to 0.9392, which indicates a
significant boost of the voltage profile in this
critical bus. The maximum voltage has also
decreased from 1 to 0.9978, which indicates a
better voltage balance across the network. The real
power loss of the network has decreased from
224 9KW to 149.4kW, which is equivalent to a 33%
reduction in losses. The loss of reactive power has
also decreased from 102.1kW to 67.6kW.

Fig. 12 compares the voltage profile of the 69-
bus network before and after installing the optimal
equipment and Fig. 13 shows the location of the
equipment. As can be seen, the installation of PV-
DSTATCOM and parallel supercapacitors has
effectively reduced voltage fluctuations and
improved voltage stability in this system. The
voltage stability index in critical bus 65 has also
increased from 0.6833 to 0.7658.

In Table 7, the advantages and disadvantages of
optimization methods are presented along with
explanations and key references.

Table 5. PV-DSTATCOM installation results on the
69-bus system

Capacttor oy, pstaTCOM PV
bank
Location
sy 18and 50 61 61
. 450 and
Size oS 1550kVar  2000kW

Table 6. Comparing the results of the system before and after installing PV-DSTATCOM and supercapacitor in
the 69-bus system

Before installation of PV-DSTATCOM After installation of PV-DSTATCOM

33-Bus system

and supercapacitor

and supercapacitor

The lowest voltage (p.u.)

Bus 65-0.9092

Bus 65-0.9392

The highest voltage (p.u.) Bus 2-1 Bus 3-0.9978
Power loss (kW) 224 .9kW 149.4kW
power loss (kVar) 102.1kVar 67.6kVar

The minimum stability index (p.u.)

0.6833 related to Bus 65

0.7658 related to Bus 65

1.02

]
el
© 0.92
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Fig. 12. Comparing the voltage profile of the 69-bus network
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Table 7. Comparison of different optimization methods to improve the performance of compensating systems
and reduce power losses

Method Description Benefits Disadvantages Key references
Eirefl Used for optimal Effective for It may require high
Al oritzm placement of improving power computational [24]
g DSTATCOM quality effort
. Algorithm to optimize High speed and
Partl_cle_ va_arm placement of flexibility in solving may converge to
Optimization . A . [25]
(PSO) capacitors and multi-objective local optima
DSTATCOM problems
Combined Co_mbman_on of Combining the
. genetic algorithm and
algorithm of strengths of both Complex
. ant colony . . . [26]
genetics and imization algorithms for better implementation
colony of ants op_tlmlzatlon or results
optimal placement
Analytical Direct calculation Simplicity in ﬂlt may lack
. - exibility and [27]
method method for placement implementation -
adaptability

Particle swarm
optimization
with concurrent
optimization

Using Fuzzy-ALPSO
to locate and determine
the optimal size of PV-

DSTATCOM and
supercapacitors
simultaneously

The proposed method of
this article: simultaneous
optimization of PV-
DSTATCOM placement
and supercapacitors
using Fuzzy-ALPSO
algorithm

Reducing power
loss, improving
voltage profile and
increasing voltage
stability

It may require
more computing
time for larger
systems

6. Conclusion

the controllability of PV-DSTATCOM and its
ability to improve power quality parameters, the

The results indicate that the proper installation of
PV-DSTATCOM in distribution networks reduces
line losses, enhances voltage profiles, and
increases the voltage stability of bus lines. Given

issue of locating and sizing capacitor banks and
PV-DSTATCOM is of high importance. The
current study adopted a multi-objective particle
algorithm to solve the problem on standard 33- and
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69-bus distribution systems. As per the results and
analysis of all considered objectives, it
demonstrates the high efficiency and power of this
algorithm for solving multi-objective optimization
problems. The algorithm and method's rapid speed,
exceptional performance, and adaptability suggest
their suitability for optimal installation of PV-

DSTATCOM and other FACTS devices in real

distribution networks. The summary of the paper's

results is presented below:

Power Loss Reduction: With the optimal

installation of PV-DSTATCOM and

supercapacitors in IEEE 33- and 69-bus
distribution ~ systems, power losses have
significantly decreased.

e In the 33-bus system, active power losses
reduced from 210.99kW to 111kW, and
reactive power losses from 143.12kVar to
84kVar.

e In the 69-bus system, active power losses
reduced from 224.9kW to 149.4kW, and
reactive power losses from 102.1kVar to
67.6kVar.

Voltage Profile Improvement: The installation of

PV-DSTATCOM and supercapacitors has

improved the voltage profile in all buses of the

systems under study.

e The minimum per-unit voltage in the 33-bus
system increased from 0.9038 to 0.9392.

e The minimum per-unit voltage in the 69-bus
system increased from 0.9092 to 0.9392.

Voltage Stability Enhancement: The voltage

stability index in both 33- and 69-bus systems has

improved after the optimal installation of PV-

DSTATCOM and supercapacitors.

e In the 33-bus system, the minimum stability
index increased from 0.6671 to 0.7780.

e In the 69-bus system, the minimum stability
index increased from 0.6833 to 0.7658.

Efficiency of the Fuzzy-ALPSO Algorithm: The use

of the Fuzzy-ALPSO algorithm for simultaneous

optimal allocation and sizing of the PV-

DSTATCOM and supercapacitors has shown that

this method has effectively improved the optimal

performance and stability of distribution systems.
in the future, to continue the work, you can briefly
work on the following items:

o Problem solving in the presence of solar power
plant uncertainty

e Considering the presence of other resources
such as fuel cell and simultaneous planning
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