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It has been substantiated that Reactive Power Injections (RPI) at
optimal locations reduce power losses (Pis & Qus) and enrichment in
node voltage profile, thereby enhancing efficacy. Most researchers
considered the reduction in real power loss (Pis) and capacitor
purchase costs as objectives to get Financial Savings (FS). However,
this work focuses on maximizing FS by opfimal allocation and
capacity determination of capacitors in Electric Power Distribution
Systems (EPDS), considering the reduction in power losses and
capacitor purchase and its associated costs as objective subject to
satisfaction of equality and inequality constraints. Cheetah Optimizer
(CO) has been considered to solve the Financial Based Objective
Function (FBOF) to obtain an improved solution in this work.
Researchers normally adopt a Sensitivity Based Index (SBI) to identify
potential node RPIs by ranking. Nevertheless, the CO fechnique will
do both opfimal placement and sizing of capacitors. The efficacy of
the projected CO has been validated using three real EPDS. The
outcomes of CO have been compared with other optimization
techniques available in the literature. Simulated results reveal that CO
effectively minimizes power losses with considerable improvement in
FS compared to other techniques.
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1.0 INTRODUCTION

The main challenges of modern Electric Power
Distribution Systems (EPDS) are keeping the power
losses at a bare minimum, and all the node voltages
must be within the permissible limits. Though the
Power Losses (Pis & Qus) affect the entire power
system, the EPDS accounts for most of it because of
its high R/X ratio and radiality by nature. The increase
in power losses and poor voltage profiles are due to
a sharp increase in power demand over fime.
Several studies have reported that IR loss at EPDS
accountfs for roughly 13% of the overall energy
output. [1]. Similarly, to reduce T&D losses in India, the
electric power sector reforms were implemented
after the year 2000, due to which the total Pis
dropped from 37% to 24.6% in 2001-02 [2].
Improvement in EPDS performance necessitates
appropriate planning to increase the ufility efficiency
(i.,e.) how effectively the Pis gets minimized is the
responsibility of the distribution utilities, thereby
reducing financial loss.

Integration of capacitors with proper sizing at
optimal locations will result in improved voltage
regulation, reduced power/energy loss, increased
feeder capacity release, improved sub-station power
factor, drop in kVA demand, improved power
quality, decreased payment for the energy, etc. Due
to the integration of capacitors, reactive power
demand on the main primary source gets reduced.
Thus, more real power oufput is possible [3]. The
optimal capacitor allocation problem has been
analyzed since 1960s by many researchers. Classical,
mathematical, numerical, and heuristic methods are
some of the traditional opfimization tools used to
evaluate the objective function. It has been
understood from [4,5,6] that classical, gradient, and
conventional optimization techniques have not been
successful in getting optimum solutions. To obtain
global opfimal solutions, researchers have used
Metaheuristic Optimization Techniques (MOT) based
search for the past three decades. The merits of MOT
are that it may escape local optima during
optimization due to the stochastic patterns; it has a
high level of accuracy in identifying the global
optimal solution, robustness, simplicity, reduced
computational time, and efficient handling of
discrete, complicated, non-linear, and large
dimensional opfimization problems [6].

1.1 Related Past Works

Pis reduction cost with capacitor investment cost
minimization as objective, optimal allocation and
sizing of capacitors using Ant Colony Optimization
Algorithm (ACOA) has been proposed in [7]. This
work adopts a two-phase procedure to solve the
objective function. In the first phase, two loss
sensitivity indices have been utilized to identify the
most decisive nodes for reactive power optimization
and optimal capacity has been done by ACOA. In
the second phase, both the selection of optimal

nodes and capacity determination have been done
by ACOA. This work considers both fixed and
switched capacitors under three different cases.
Minimizing energy loss with capacitor purchase cost
as an objective, optimal allocation of capacitors
using the Crow Search Algorithm (CSA) has been
proposed in [8]. This paper considers all nodes as
potential nodes to insert them and enhance the
search space. Apart from the objective, this paper
also evaluates fransformer capacity (MVA) release,
line loading capacity, and node voltage
improvement before and after reactive power
compensation. A combined optimization approach
(based on COA, SSA, and loss sensitivity analysis) as
an optimization tool, opfimal placement, and
capacity determination of capacitors in EPDS to
minimize power and energy losses have been
performed in [?]. Two loss sensitivity factors, VLSF and
QLSF (voltage-based and reactive power-based),
have been utilized to select the most critical nodes
for capacitor placement. SSA / COA optimizes the
appropriate sizing for each node after normalization.

Pis and Eis reduction as objectives, optimal
location, and appropriate sizing of capacitors in two
EPDS have been presented in [10]. In this paper, a
two-stage optimization approach has been utilized.
To reduce the search space of the optimization tool,
normalized LSF and voltage magnitude with fuzzy
logic control have been engaged to determine the
most  potential nodes for reactive power
compensation in the first stage of the opfimization
process. During the second stage, SSA has been
engaged fo determine the most appropriate
capacitor size for each candidate node.

Similar to [10], this paper [11] also focused on Pis
and Eis minimization using analytical (using LSF with
fuzzy logic controller) and hybrid optimization
techniques (hybrid SSA_SCA) in EPDS. LSF has done
optimal node selection for capacitors with fuzzy logic
controller and the necessary sizing has been done by
the respective optimization techniques.

Pis and total voltage deviation minimization as
objective, opfimal allocation, and sizing of
capacitors using the Firefly Algorithm (FA) have been
developed in [12]. In this work, the Voltage Stability
Index (VSI) has been applied to find the optimal
nodes for reactive power compensation and optimal
capacitor sizing has been carried out by FA.

Optimal placement and sizing of capacitors using
the Cuckoo Search Algorithm (CSA) with weight-
based objective function comprises of Pis, Qus, and
VSI has been analyzed in [13]. Similar to the above-
discussed papers, this paper also adopts normalized
LSF to identify the most appropriate nodes for optimal
location and CSA has performed the necessary
sizing.

PLs minimization, economic-based penetration of
shunt capacitors, and VSI as objective, opfimal
allocation, and sizing of capacitors in EPDS using the
Cuckoo Search Algorithm (CSA) have been reported
in [14]. In this work, a penalty factor for voltage
violation has been considered. This work investigates
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the capacitor allocation starting from single to three
optimal nodes.

Many of the authors adopt the Sensitivity Index
(SBI) to select appropriate nodes for reactive power
compensation [7, 9-13]. Though SBI helps in reducing
the search space during optimization, it may not
always disclose the appropriate node for RPI or there
is no guarantee that the selected node by SBl is the
best node for compensation [15]. Also, identifying the
most sensitive nodes using SBI will underutilize the
MOT.

It is understood from the literature that though
modern MOTs attract researchers, some of the MOTs
have major problems such as suffering from local
optimality, requiring large fime for simulation,
premature or slow convergence in the refined search
stage, partial optimism, scattering problem, weak
local search ability, and possible entrapment in local
minima, etc. [16,17]. Hence, it is advisable to use a
fast, simple, and efficient MOT to solve reactive
power compensation problems in complex EPDS fo
overcome the problems menfioned above, which
are obligatory.

1.2 Proposed Work

A new, best, durable, and proficient Meta-Heuristic
Optimization Technique (MOT) named Cheetah
optimizer (CQO) [18] utilizihg the concept of hunting
strategies of cheetahs has been applied in this work
for optimal allocation and capacity determination of
RPI. CO has been identified as a powerful MOT in
solving many optimization problems to surmount the
above-mentioned difficulties. The principal objective
of this work is to achieve maximum FS by
contemporary optimization of Pis and Qs reduction
cost with capacitor investment cost. This optimization
approach (CO) has been tested and validated on
three practical EPDS (under four different load
variations): a 30-node EDDN-UEN, a 34-node south-
west Nigerian Distribution system, and a real 84-node
EPDS. The performance of the proposed MOT has
been concluded based on the simulation results and
comparison studies.

1.3 Purpose and Contribution

With the above-discussed features, the contributions
of this work include (i) Suggesting a best and robust
MOT called CO to solve the Financial-based
objective function (FBOF) (i) Cost-based assessment
of Pis and Qusreduction with capacitor purchase cost
considering four load variations and (i) For the first
time, optimal placement and sizing of capacitors
considering four different load variations such as 50%,
75%, 100%, and 125% to solve practical EPDS
mentioned above.

The entire paper has been arranged in five
sections. Section 2 deals with the problem statement,
objective function, and EPDS load flow. Section 3
presents the overview of the solution methodology
with the ability to solve RPIs. Section 4 discusses the

details of the test system, simulation, and the results
obtained with the comparison, and finally, section 5
concludes the work carried out followed by
references.

2.0 PROBLEM DEFINITION

This research work intends to achieve maximum FS by
allocation and capacity determination of shunt
capacitors in three real radial EPDS with the condition
fo safisfy both network equality and inequality
constraints. Before discussing the objective function,
it is better to discuss the EPDS Load Flow (EPDSLF)
used in this research work.

2.1 Electric Power Distribution System Load Flow
(EPDSLF)

To appraise the efficiency of the EPDS under normal
operating conditions, a Load Flow (LF) has been
performed frequently to identify the requirement of
additional power supply necessary to satisfy during
the seasonal periods, adequate reactive power
support and to ensure the bus voltage profiles within
the acceptable limits. The renowned matrix-based PF
studies such as Gauss-Seidel, Newton-Raphson, and
Fast-Decoupled have proved to be vain in solving
EPDS because of the high R/X ratio and radial
character [19,20]. In this paper, the quick, robust,
capable, and flexible method of EPDSLF developed
in 2003[21], which is designed based on the recursive
function and a linked-list data structure has been
employed to solve the reactive power optimization
problem effectively. Total PLS and QLS (summing up
all the branches including laterals and sub-laterals) of
the entire EPDS may be expressed as given below:

TN
Ps=2 PLoss(b)
b=1
(1)
TN
Ors = bz_ll Ol ossb)

(2)
Where,

PZ 2

By + Olpry and
Plioss(p)y = > X Ry pey
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By + Ok X
Qioss()) =157 X b+
@

where Pis and Qus are the sum of real and reactive
power losses of all the branches of the EPDS. Pp+1 and
Qo+1 represent real and reactive power flow of the
(b+1)t branch in kW, kVAR respectively. Ro and Xp
are the resistance and inductance of the branch
connecting ‘b’ and ‘b+1"in Q. TN is the total number
of branches in the EPDS.
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2.2 Problem of Statement - FBOF

Maximize: FS = OF, — OF, 3)
OF; + OF,

where,
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Where Kﬁsond KSS refers to cost factor related to

real and reactive power from the Primary Source
(PS). 'r', AQC, D(T), Qc, NN, and V indicate the load
level, affer reactive power compensation, total
demand, capacity of the capacitor, fotal number of
compensation nodes and node voltage respectively.

3.0 PROPOSED OPTIMIZATION METHOD (CO)
3.1 Introduction to Meta-Heuristics Technique

The superior advantage of the meta-heuristic
optimization technique is it enables the efficient
exploration of a large search space by testing a
subdivision contfaining elucidations that could
ordinarily be excessively sizeable to be wholly
recapitulated or explored. Almost in all such
metaheuristics, we employ a fithess function to
evaluate the candidate solutions. This is to sample
the best solutions so far to focus on exploitation.
Further, we use certain aspects of the search strategy
to bring randomness and emphasize exploration. This
is unique fo every search strategy and hence quite
difficult to represent using a general formulation. We
can use these metaheuristics fo solve multi-
dimensional real-value functions without relying on
their gradient [22,23].

3.2 Overview of the Proposed Meta-heuristic
Optimization Technique (CO)

A novel, best, and most robust Meta-heuristic
Optimization Technique (MOT) named cheetah

Optimizer (CO) inspired by the hunting behavior of
cheetahs was developed by Mohammad Amin
Akbari in 2022. Cheetahs are known for their
incredible speed and agility, making them one of the
fastest wild animals. Cheetahs have sharp eyesight,
which they use to scan the surroundings for potential
prey. They often perch on elevated vantage points
like termite mounds, rocks, or tree branches to better
view their surroundings (the prey). Once a cheetah
spots a potential prey, it starts stalking slowly and
cautiously to get closer without being detected. Their
spotted coat helps them blend with the grass and
vegetation. Cheetahs get as close to their prey as
possible before initiating a high-speed chase. They
usually fry to attack within 50 meters (164 feet) or less
of their target. When the distance is right, the
cheetah bursts into action, sprinting after its prey.
During a chase, a cheetah can reach up to 60 to 70
miles per hour (97 to 113 kilometers per hour) for short
distances, covering around 500 meters (1,640 feet).
These sprints are intense but brief, lasting typically less
than a minute. Once the cheetah catches up its
prey, it uses its sharp, retractable claws to frip the
prey by swiping at its hind legs. This action disrupts the
prey's balance and causes it to stumble or fall. Once
the prey is down, the cheetah quickly moves in to
deliver a precise and powerful bite on its throat,
suffocating the prey and ensuring a quick kill. After
successfully bringing down its prey, the cheetah may
drag it to a more secluded spot to avoid scavengers.

The Cheetah Optimizer (CO) has been utilized in
this study because of its demonstrated effectiveness
in resolving challenging optimization issues, especially
when a balance between exploration and
exploitation is needed. It is a good fit for the
reduction in real and reactive power loss in radial
power distribution systems because of its quick
convergence, ease of use, and capacity to manage
non-linear and multi-modal problems. The work's
success compared fo fraditional methods s
demonstrated by the notable reductions in power
losses and enhanced financial savings achieved by
applying CO.

3.3 Mathematical Modeling

The huntfing behavior of cheetahs serves as a clever
inspiration for developing the Cheetah Opfimizer
(CO) algorithm, effectively channeling their natural
strategies info a computational framework. The
tactics are structured into three phases: search, sit-
and-wait, and attack.

3.3.1 Search Strategy

Cheetahs employ a dual approach in their prey
search. They either meticulously scan their
surroundings from a seated or standing position or
actively engage in patrolling the search area. The
decision to employ the scanning mode is optimal
when the prey is densely clustered and grazing on
open plains. Conversely, opting for the active mode,
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which demands greater energy expenditure, is more
advantageous when the prey is scaftered and
actively moving. The choice of search mode is
contingent upon the prevailing circumstances for the
cheetah, the state of the prey, and the extent of the
area under scrutiny. Within  the mathematical
framework, the present position of cheetah "i" (where
i ranges from 1 to n) within arrangement "' (ranging
from 1 to D) holds significance. Here, "n" denotes the
count of cheetahs, and "D" signifies the dimension of
the optimization challenge. Each cheetah navigates
distinct circumstances stemming from its prior
interactions with prey. These prey, embodying
decision variables, encapsulate opfimal solutions. As
such, the states of the cheetahs collectively
compose a population, mirroring the dynamics of this
ecosystem.

Xi=X] AR o

J .7 (8)

1 X
Where “°%/ and ~ %/ represents current and past
positions of the cheetah ‘i’ in an arrangement j

1+1

respectively. Here “" %/ indicates  the new

Al
arrangement of cheetah ‘i’ at hunting time ‘1.’ T
signifies a randomized variable, which takes on
values drawn from a standard normal distribution,
characterized by its mean of 0 and standard
t

deviation of 1. % represents the step length,
typically a positive value which is expressed (leader)
as,

¢ t

af =O.001><[FJX(UBJ- —LB,) o
where UBj and LBj are the upper and lower limits of
the variable ‘j'. ‘T’ represents the maximum hunting
time and ‘t’ specifies the current hunting period. For
other members of a group of cheetahs, the random
step length is expressed based on the distance of the
cheetah ‘i’ and arbitrarily selected cheetah 'k’ in a
group as follows [18]:

al =0.0le[%jx(Xi’j ~x.) 19

In response to encounters with other hunters,
cheetahs swiftly change direction and evade. This
behavior coupled with near/far destination modes is
emulated using the random variable for each
cheetah across hunting periods. Adaptations in "a;"
might involve cheetah proximity or leadership. The
leader's position is updated by setting it to 0.001 times
"t/T" multiplied by the maximal step size based on
variable limits. For others, depends on the distance to
a random cheetah. The leader adjusts to the prey's
position by modifying some variables. Over fime,
leader and prey closeness evolves unless hunting
ends, yielding updated leadership. Cheetah step size
randomness in CO effectively solves opfimizations
using randomized parameters and steps.

3.3.2 Sit-and-Wait Strategy

In the search phase, the prey might enter a
cheetah's field of view. In such instances, the slightest
movement by the cheetah could alert the prey,
prompting its escape. To circumvent this, the
cheetah might lay low (on the ground or within
foliage) to approach the prey discreetly.
Consequently, the cheetah remains stationary in this
mode, awaiting the prey's proximity. This behavior
can be depicted as follows:

t+1 t
Xig =Xiy (an

This approach necessitates the CO algorithm to
refrain from altering all cheetahs simultaneously
within each group. This strategic decision enhances
hunting success (achieving improved solutions) and
effectively helps prevent premature convergence.

3.3.3 Attack Strategy

Cheetahs employ speed and flexibility to aftack
prey. Upon initiating an aftack, cheetahs rush
towards the prey, adapting direction based on their
movement. They aim fo intercept prey by positioning
themselves strategically. Cheetahs adjust positions
based on fleeing prey, leader, or neighbors in group
hunting. Mathematically, attack tactics are
represented as:

r+1 t - t
Xij =XB,j+1j-Pij (12)

Here, X;j mirrors the prey's best position, ’71',' and
ﬁfj are turning and interaction factors for cheetah

;are random variables

i,

"I in arrangement ", and r.

reflecting sharp turns.

exp(ri’j/Z)

n=h; sinQ2ar; ;) (13)

r _ t t
Bij =X ;—Xij 1

3.3.4 lLeaving-prey-and-returning-home Phase

After an unsuccessful attack, cheetahs retreat to
their den to replenish their energy before setting out
on a fresh hunting expedition. During this time, the
cheetah's location is adjusted to match the current
position of their prey.

Xg. = X;j (15)

The leader's position is reset to the location of the
best solution. In addition to this, the hunting time "t"
and the positions of the remaining cheetahs are also
reset. In CO, the optimization process prioritizes
replacing the worst objective solution values with the
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best ones discovered. When multiple solutions share
the same objective values, random solutions are
infroduced to replace them. This approach
combines selecting top solutions and adding
randomness to improve the overall optimization
results.

3.4 Implementation of CO for RPI Problem

The proposed CO has been implemented to find the
optimal allocation and capacity determination of
capacitors in three real EPDS that minimize both Pys
and Qs with enrichment in bus voltage. The CO has
been carried out which depends on the following
steps:

Step 1: Initialize the variable boundary limits such as
the optimal location for capacitor allocation
and its sizing, and select the max. number of
iterations and population. Generate the initial
solution vectors of a size considering all the
constraints (4) - (7).

Step 2: Calculate the network parameters such as Pus,
Qus and voltages of all the nodes using the
EPDSLF discussed in [21] for each solution vector
(SV) generated.

Step 3: Compute the fitness of each cheetah and
elect the leader.

Step 4: Based on variables r1, r2, r3, r4, and H, select a
suitable strategy and compute the cheetah's
new position.

Step 5: Amend the Cheetah based on the upper and
lower boundary conditions. Compute the best
value for the given fitness function (3)

Step 6: If fitness is not achieved, implement leaving
the prey and go back home strategy.

Step 7: The iteration process stops after the successful
completion of the final iteration. Final value of
the objective function (FS in $) with the
capacitor variable values will be displayed.
Otherwise, steps 2 to 7 will be repeated ftill the
minimum value of the objective function is
obtained. Art. 3.4 displays the pseudo-code for
the proposed reactive power optimization
problem using CO.

3.5 Pseudo Code for RPI Problem - CO

Define 7> 11, Maxlt

Generate the initial population of cheetahs Xi ( 1, 2,

...n) and evaluate the fitness of each cheetah

Initialize the population’s home, leader, and prey

solutions #z <—1

While it < Maxlt o

Select M 2<m<n)members of cheetahs randomly

Foreach memberlem do

Define the neighbor agent of the member i

For each arbitrary arrangement je {1,2,3... D} do

Calculate 7745, and H

Apply the strategy selection mechanism to

generate a new arrangement according to (8),
(11) or (12)

End

Update the solutions of member i and the leader

End

Apply leave the prey and go back home strategy
it<it+1

Update the prey (global best) solution

End

4.0 CASE STUDY DETAILS, SIMULATION
RESULTS AND DISCUSSIONS

To substantiate the effectiveness of the developed
MOT (CO) in optimizing the financial-based objective
function (discussed in section 2), three practical EPDS
have been taken, and simulations have been carried
out for four different load variations.

To reflect a wide variety of operating situations
commonly found in radial power distribution systems,
load variations of 50%, 75%, 100%, and 125% were
selected. This range ensures that the suggested
capacitor allocation approach is reliable and
efficient in a variety of real-world scenarios by
considering low-demand scenarios (50%), moderate
demand (75%), peak demand (100%), and
overloaded conditions (125%). These variances aid in
assessing the system's performance in both typical
and exireme scenarios, offering valuable information
about its dependability and practicality. The details
of the three EPDS are discussed in Art. 4.1

4.1 Case Study Details

The first practical EPDS is a real 2-feeder, 30-node
EDDN-UEN. The single-line diagram of the 30-bus
EDDN-UEN is shown in Figure 1. It has 30 nodes and 29
branches with a looping branch. This network is an
11KV network with a ftfotal connected load of
27383.367 kVA at 0.84893 Power Factor [7],
considering 100% load.

The second illustration taken for evaluation is
Ayepe 11 KV, 34-node feeder of the Ibadan
Electricity Distribution Company (IBEDC), Ibadan,
Nigeria, supplying from 33/11 KV, 15 MVA transformer
located at Osogbo, South-West Nigeria.

090000 0 090
14 15 15 17 18 19 20 2L 2

Figure 1 Single line diagram of 30 nodes EDDN-UEN
EPDS
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The EPDS has 34 nodes and 33 branches without any
looping branches. The total connected load of the
EPDS is 5351.161 kVA at 0.911885 PF [12] considering
100% load. The One-line diagram of the Ayepe 11 KV
feeder network is shown in Figure 2.

29 28 27 4

1 1 |
I 3|O—_|_|

34
8 9 10 11 12 13 14 15|
L | ] | | ]

Ii‘l [ I 1T =l
16

18T 20T 31

6 ——
17 19— 21— 32
S n—— 1 33

T

Figure 2 Single line diagram of 34 nodes Nigerian
Ayepe feeder

25 24 23

The final system considered here is a real EPDS of
TPC [24]. The operating voltage of the EPDS is 11.4
KV. It has 11 feeders, 84 nodes, and 83 branches with
13 looping branches. The connected load of the

EPDS is 36351.6757 kVA at 0.794516 PF. The single-line
diagram of 84-bus EPDS is shown in Figure 3 [25].

I Il I ] A M —|m
I I I I I | I
1 12| 13| 14l 15| —|11
I | | 1 Zlﬁ'
16| 17l 18| 19| 2OI 21' 2 |24 |25
| I | I I 1 I I |
26| 27| 28| 29| 3D|
| | I | 1
31)] 32) 33| 34)] 35] 36 37] 38| 39] a0 a1
1 I I | I | I |
44| 45] 46' 471 43 a2
I I | 1
4 4 1
BI BI EDI S I 52} 53= 54} 55} 56=
57: 58: 59: 60: 61: 62: GSI G4= 65:
GGI 67[ 68' 69' 70l 71| 72l 73'
1 | | | I 1 I |
74| 75| 76| ?7|
7B| 79| SCJI Bll 82| 83| 84]

1 I I | I I 1

Figure 3 Single-line diagram of a real 84-node TPS EPDS

The line and bus data have been taken from [24].
The details on total apparent power loss, minimum
node voltage, and economic loss considering all the
four load variations under Before Optimization (BO) of
the EPDS for all the above-discussed EPDSs are
tabulated in Table 1.

Table 1 Parameter details of EPDS under 4 different load variations — BO

Load Load demand (P +j Q) (kVA) / . Vmin Cost of
variation Power Factor Pis +j Qus (kVA) (p.v.) (Pis+ Qus)
30 node EDDN-UEN system
50% (11414.326 +] 7155.6254) / 0.84727 (193.326+] 74.5254) 0.9751  $9293.95
75% (17274.807 +j 10792.981) / 0.84808 (443.807 +j 170.981) 0.9629  $21334.11
100% (23246.6112 +) 14472.1753) / 0.84893  (805.6112 +j310.1753) 0.9501  $38723.5264
125% (29338.4 +] 18197.9484) / 0.8498 (1286.4 +] 494.9484) 0.9222  $61828.91
Nigerian AYEPE 34 node EPDS
50% (2215.8132 +j 1055.1914) / 0.902854 (157.3132 + 30.1914) 0.9229  $7130.26
75% (3474.3847 +j 1611.693) / 0.90715 (386.5847 +j 74.193) 0.8789  $17522.05
100% (4879.6417 +]2196.3652) / 0.911885 (762.6417 +j 146.3652) 0.8295  $34566.92
125% (6501.3 +j 2822.5666) / 0.91728 (1355.1 +)260.0666) 0.7721  $61420.206

Real 84-node EPDS

50%  (14302.2119 + 10678.5309) / 0.80129
75%  (21555.5018 +j 16280.516) / 0.797972
100%  (28881.9945 +] 22074.3) / 0.79451618

125% (36289.487 +j 28075) / 0.7909356

(127.2119 +j 328.5309) 0.9657  $10084.366

(292.5018 +] 755.516) 0.9475  $23188.9
(531.9945 +] 1374.3) 0.9285  $42178.03
(851.487 +] 2200) 0.9085  $67513.346

Node number 1 has been taken as a slack bus /
sub-station bus for all the practical EPDS. Other than
node no. 1, all other nodes are considered as load
nodes. For the slack bus, the node voltage has been
fixed as 1 p.u. Reactive power compensation has
been done on any potfential nodes from node
number 2 to the end node of the EPDS. In this work,
reactive power compensation has been done on 4
nodes for a 30-node EDDN-UEN, 3 nodes for a 34-
node Nigerian Ayepe feeder, and 5 nodes for an 84-
node practical EPDS.

The proposed algorithm with EPDSPF has been
developed and carried out in MATLAB software and
runs on an i5 Intel processor with 8 GB RAM. The
Solution Vector (SV) size and number of iterations
have been selected as 800 and 100, respectively. For
each node of reactive power compensation, two
variables are assigned (optimal node and optfimal
sizing).

The parameter setting for CO has been
considered as given in [18]. The real power cost
(K,’,’ES) has been considered as $42.6 / kW [26]. From
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[27]. it is understood that the cost of the reactive

PES
power (KQ ) is considered to be one-third of the real

power cost. The purchase cost of the capacitor has
been taken as $0.5 / kVAR [28]. Capacitor-
associated costs such as installation, operation, and
maintenance costs (I, O & M) have been taken as
$43.6 / node [29]. Base KV for the first two EPDSs are
taken as 11 KV and for the third EPDS, it is 11.4 KV. For
all the EPDS, the base MVA has been considered as
100 MVA. To investigate the supremacy of the CO in
suppressing real and reactive power loss and
capacitor investment cost, all the three real EPDSs
underwent simulatfions to identify the effect of cost
savings under four different load variations.

4.2 Results and Discussions — 30-Node EPDS-Nigerian
Ayepe Feeder

First, the suggested MOT has been applied for 30-
node EDDN-UEN for 50% to 125% load variations in
steps of 25%. The parameter details on all the four

load variations under BO are shown in Table 1. The
results achieved by CO are tabulated in Table 2. It is
evident from Table 2 that, the real and reactive
power loss reductions between 25.8% and 27.64% are
observed with the reactive power penetrations
between 60% and 69.3%. The minimum node voltage
differences between BO and AO under all four load
variations are 0.005 p.u., 0.0085 p.u., 0.0134 p.u., and
0.0142 p.u. respectively. There is a gradual increase in
FS noticed for all the load variations. From Table 3, it is
obvious that a minimum and a maximum P
reduction difference of 0.013% to 15.103% are
observed. However, AO, the Vmin is less than other
optimization methods. From Table 3, it is also
apparent that the Pis reduction increases with
increased reactive power penetration. The Vmin
achieved by the proposed method is less compared
to other methods. Figure 4 shows the node voltage of
30-node EDDN-UEN under BO and AQ for all four load
variations.

Table 2 Performance of CO - All the four load variations — 30-node EDDN-UEN

Parameters 50% Load 75% Load 100% Load 125% Load
142.7 322.8955 583.96 / 931311/
Pis—AO /BO (kW) 193.326 443.807 805.6112 1286.4
124.9109 / 2257223 / 360.0754 /
Qus—AO / BO (KVAR) 55.305 / 74.5254 o 20722 .
% Pisreduction 26.186 27.244 27.523 27.64
% Qusreduction 25.7904 26.9445 27.2275 27.25
V““/ (Po) & ((BUS ')“g"(B‘U’S*O 0.9751(29.30) /  0.963(29.30) /  0.953 (29,30)  0.9364 (29,30)
w0 Pyl 09701 (29.30)  0.9545 (29.30)  0.9386 (29.30)  0.9222 (29.30)
1249 (7) 2245 (7) 3068 (7) 3516 (7)
Capacitor rating (kVAR) & 988 (16) 2022 (16) 2644 (16) 3275 (16)
(Node) 1497 (20) 2358 (20) 3057 (20) 3648 (20)
560 (25) 854 (25) 1226 (25) 1430 (25)
% Capacitor penefration 60.0085 69.297 69.0623 65.2222
AP cost ($) - (A) 2156.668 5150.83 944234 15126.79
AQus cost ($) - (B) 272.93 654.1954 1199233 1915.1966
COpOC'Tor(gV(%S;mem cost 2321 4 39139 51719 6108.9
FS ($) [(A+B) - (C)] 108.198 1891.1254 5469.673 10933.1

Table 3 Comparison of 30 node EDDN-UEN — 100% load variation

Pis (kW) % Pisreduction  Vmin (p.u.) & Capacitor % Capacitor
Parameters (AO / BO) (Bus No.) rating (kVAR) Penetration
& (Node)
ACO Case 1 648.148 / 19.56 0.9539 (29,30) 1147(18) 33
(201¢6) [7] 805.73 1180 (20)
1167 (21)
1180 (25)
646.383 / 19.78 0.9529 (29,30) 1200 (9) 33.8935
Case 2 805.73 1200 (18)
1200 (21)
1200 (25)
705.673 / 12.42 600 (21) 18
805.7368 600 (22)
CSA (2017)[8y T e 600 (24)
750 (26
COA P.s reduction 622.0176 / 22.8 0.9568 (30) 2100 (18) 51.9
(2018) & s 805.73 2100 (19)
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Pis (kW) % Pisreduction  Vmin (p.u.) & Capacitor % Capacitor
Parameters (AO /BO) (Bus No.) rating (kVAR) Penetration
& (Node)
SSA [9] 2100 (21)
1050 (25
629.41314 / 14.16 0.9551 (30) 2100 (18) 42.367
Eis Cost 805.73 1650 (19)
minimization 1350 (22)
900 (25)
64602/ 1200 (18) 33.8935
Ps reduction 805.737 19.822 1200 (20)
1200 (21)
SSA
(2019) 1200 (295)
[10] Eis Cost 692.56 / 14.0464 e 725 (20) 19.4182
minimization 805.737 500 (21)
800 (23)
725 (26)
SSA_SCA  Pisreduction 584.05/ 27.51 0.956 (30) 2500 (7) 70.6115
(2020) 805.735 2500 (195)
[11] 2500 (18)
2500 (23)
Eis cost 595.50 / 805.73 26.09 0.9554 (30) 1960 (7) 58.26155
reduction 2189 (17)
2992 (20)
1110 (25)
co 583.96 / 27.523 0.953 (29,30) 3068 (7) 69.0623
805.6112 2644 (16)
3057 (20)
1226 (295)

4.3 Results and Discussions - 34-node Nigerian
Ayepe Feeder

The next real EPDS taken for evaluation is a 34-node
Nigerian Ayepe feeder. The parameter details of this
EPDS have already been discussed in Art. 4.1. This real
EPDS also simulated for four different load variations
and the results are recorded in Table 4. From Table 4,
it is understood that the reduction of Pis and Qs
under all the load variations is almost the same. The
difference between the Pis and Qus reduction across
all the load variations is found to be 3.646%. Around a
1% difference in both the loss reductions between
each load variation is noticed. Similarly, the increase

in the penetration of reactive power considering all
four load variations is found fo be minuscule. The Vmin
difference between BO and AO under four different
load variations are 0.0071 p.u., 0.012 p.u., 0.0185 p.u.
and 0.0272 p.u. respectively. The FS increases with
load variations. Table 5 shows the comparison of the
results obtained by CO with the other methods
available in the literature. The proposed method
achieves a better performance than Firefly [12], a
two-stage method [13], and CSA [14]. However,
there is no difference in Vmin between CO and
[13,14]. Figure 5 shows the node voltage profile for
the 34-node Nigerian Ayepe feeder under BO and
AO for all four load variations.

Table 4 Performance of CO All the four load variations: 43 node Nigerian Ayepe feeder

Parameters 50% Load

Pis— AO/BO (kW)
Qis— AO/BO (kVAR)

124.3561 / 157.3132
23.8663 /30.1914

% Pis reduction 20.95
% Qus reduction 20.95
Vmin (pP.U.) & (Bus No.)-AO
0.93 (25) /
/ Vmin (p.U.) & (Bus No.) —
BO 0.9229 (25)
Capacitor rating (kVAR) & 429]85((1942)
(Node) 191 (31)
% Capacitor penetration 88.195
APis cost ($) - (A) 1403.9725
AQus cost ($) - (B) 89.8164
Capacitor inv. cost ($)(C) 582.8
FS ($) [(A+B) — (C)] 910.9889

75% Load 100% Load 125% Load
302.4241 / 386.5847 587.801 /762.6417  1021.8/1355.1
196.1035 /
58.0409 / 74.1929 112.8115 /146.3652 260.0666
21.7703 22.9246 24.596
21.7703 22.9246 24.595
0.8909 (25) / 0.8789 0.8481 (25) / 0.7993 (25) /
(25) 0.8295 (25) 0.7721 (25)
291 (9) 462 (9) 507 (9)
818 (14) 1087 (14) 1296 (14)
252 (31) 289 (31) 512 (31)
88.52 89.6585 90.3415
3585.2416 74478773 14198.58
229.358 476.4625 908.276
811.3 1049.8 1288.3
3003.3 6874.54 13818.556
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Table 5§ Comparison of 43 node Nigerian Ayepe feeder EPDS — 100% load variation

Parameters Firefly [12] Two-stage method [13] CSA [14] co
Pis (kW) - AO 597.7486 588.09 588.09 587.801
Pis (kW) -=BO 762.6419 762.64 762.64 762.6417
Qs (kVAR)-AO 112.87 112.87 112.8115
Qs (kVAR)-BO 146.37 146.37 146.3652
% Pisreduction 21.62 22.8876 22.8876 22.9246
% Quisreduction - 22.8872 22.8872 22.9246
Viin (p.U.)& (Bus No.) 0.8456 (25) 0.8481 (25) 0.8481 (25) 0.8481 (25)
) ) 400 (23) 800 (10) 800 (10) 462 (9)
g‘?gggsr rating (KVAR) 400 (24) 550 (21) 550 (21) 1087 (14)
500 (32) 500 (31) 500 (34) 289 (31)
% Capacitor penetration 73.171 90.244 90.244 89.6585
reductions in P and Q.

4.4 Results and Discussions — Real TPC EPDS [19]

The final discussion is based on the real EPDS of TPC.
For the sake of simplicity, tie-switches are not shown
in the diagram. The results obtained by CO for all the
load variations are tabulated in Table é. It is observed
from Table 6 that, similar to the 34-node Nigerian
Ayepe feeder this TPC EPDS also yields almost equal

NODE VOLTAGE (p.u.)

Figure 4 Node Voltage Profile— 30 node EDDN- All load variations

30 BUS EASTERN DELTA DISTRIBUTION NETWORK

NODE VOLTAGE (pan,)

10 1= 20
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The capacitor's

penetrations are found to be between 36% and 39%.

0.0381

3

4
<
T

p.U.,

0.88
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e
k3

34 BUS NIGERIAN DISTRIBUTION NETWORK

The Vmin differences between BO and AO under four
different load variations are 0.0179 p.u., 0.0273 p.u.,

and 0.0493 p.u. respectively. It is
evidenced that the FS is found to be increasing.
Figure 6 shows the node voltage profile for 84 node

EPDS of TPC under four different load variations.
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Figure 5 Node Voltage Profile- 34 node Ayepe feeder
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Table é Performance of CO — All the four load variations — Real 84 node EPDS of TPC

Parameters 50% Load 75% Load 100% Load 125% Load
Pis—AO /BO (kW) ?277 ‘;’;]]9/ 206.4045 /292.5018  407.8507 / 531.9945  646.2137 / 851.487
Qis—AO /BO (KVAR) ] 5825168755161 1049.3 /13743 1666.6 / 2200
% Pis reduction 22,3743 22.59723 23.3355 24.10763
% Qusreduction 22.71543 22.8982 23.6484 24.24545
Vain (D.U.) & (BusNO.)=AO /  0.9836(56)/  0.9748 (72,73) / 0.9666 (56) / 0.9578 (56) /
Vein (p.U.) & (BUs No.) = BO 0.9657(10) 0.9475 (10) 0.9285 (10) 0.9085 (10)
965 (8) 1437 (8) 1948 (8) 2513 (8)
661 (21) 922 (21) 1158 (21) 1354 (21)
Capacitor rafing (kVAR) & (Node) 736 (35) 1011 (35) 1223 (35) 1787 (35)
682 (69) 924 (69) 1443 (69) 1698 (69)
982 (82) 1403 (82) 1726 (82) 1953 (82)
% Capacitor penetration 38.8985 36.6956 36.2222 35.9613
AP cost ($) - (A) 1212.5153 2815.745 5288.5256 8744.6426
AQus cost ($) - (B) 1059.7062 2456.59 4615 7574.28
%poc'for investment cost (§) - 2231 3066.5 3967 4870.5
FS ($) [(A+B)-(C)] 41.2215 2205.835 5936.5256 11448.423

5.0 CONCLUSIONS

This work adopts a powerful MOT named Cheetah
Optimizer (CO) to know the optimal variations in
penetration of capacitors to achieve maximum real
and reactive power loss minimization with a
reduction in capacitor investment cost, thereby more
FSs. The merits of adopting CO for this problem have
already been discussed. The developed
methodology has been validated using three real
EPDS: a 30-node EDDN-UEN, a 34-node Nigerian
Ayepe feeder, and an 84-node EPDS of TPC.

From the above discussions, it is clear that no
sensitivity factor-based index has been adopted in
this paper to select optimal nodes for reactive power
compensation. CO has to identify the most potential
nodes and the appropriate reactive power capacity
of the capacitor. Considering the 30-node EDDN-
UEN, around 27% of PLS and QLS reductions have
been noticed, considering all four load variations
with an FS between $108 and $10933 is evidenced.
Regarding the 34-node Nigerian Ayepe feeder, the
reduction in real and reactive power losses are found
to be between 21% and 24.5%, with a reactive power
penefration of around 90%. Thus, the FS increases
steadily from $910 to $13818 for 50% to 125% load
variations. Taking into consideration the 84-node
EPDS of TPC, the reductions in both the losses are
found to be between 22% and 24%, with the reactive
power penefration of around 38% is evidenced. The
FS under all four load variations are found to be
between $41 and $11448.

Considering the 30-node EDDN-UEN and 34-node
Nigerian Ayepe feeder, the performances have
been compared to the recent methods presented in
the literature. The difference in PLS and QLS reduction
achieved by CO are found to be better and
significant. From the simulation results and the above
discussions, it is clear that CO vyields better
performance than other methods in terms of PLS and

QLS reduction. Hence, CO has been recommended
to be another strong and efficient method for solving
reactive power opfimization.
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