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Abstract: Distribution networks have entered a new era with the broad adoption of the distributed
generation (DG) allocation as a practical solution for addressing power losses, voltage variation, and
voltage stability. The primary goal is to enhance techno-economic and environmental characteristics
while meeting the limitations of the system. In order to allocate DGs in active distribution networks
(ADNs) efficiently, this study demonstrates two optimization methods inspired by nature: ant lion
optimization (ALO) and multiverse optimization (MVO). Various multi-criteria decision-making
(MCDM) methods are used to find the best possible solution among the different alternatives.
On the IEEE 33- and 69-bus active distribution networks, the proposed ALO was shown to be
effective and produces the highest loss reduction in the IEEE 33- and 69-bus systems at 94.43% and
97.16%, respectively, and the maximum voltage stability index (VSI) was 0.9805 p.u and 0.9937 p.u,
respectively; moreover, the minimum voltage deviation (VD) and annual energy loss cost for the
given test systems was 0.00019 p.u and 3353.3 PKR, which shows that the suggested method can
produce higher quality results as compared to other methods presented in the literature. Therefore,
the proposed ALO is a very efficient, effective, and appealing solution to the optimal allocation of the
distributed generation (OADG) problem.

Keywords: ant lion optimization; distributed generation; greenhouse gas (GHG) emissions;
multi-objective optimization; optimal allocation; optimal size

1. Introduction

The distribution system causes a significant voltage drop and a low voltage stability
due to its high R/X ratio [1]. Energy resources are a global concern and energy consump-
tion measures are society’s development. Industrial, economic, and social changes are
boosting load demand. The challenge is providing enough power efficiently and affordably.
Microgrids and multi-microgrids have been gaining traction all over the world due to the
increasing use of distributed energy resources (DERs) in the last decade. The modern grid
has several advantages over the traditional grid, but some shortcomings, such as power
losses, power quality, and voltage instability, need to be addressed to make the system
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reliable. The advantages of allocating DGs at the optimal locations into the distribution system
entail technical, economic, and environmental benefits. Power loss minimization, voltage
profile improvement, and system stability enhancement are considered technical benefits of
the optimal allocation of DGs (OADG). Economically, it helps in reducing power loss costs and
increases annual loss savings. Placing the renewable generations of optimal sizes at optimal
locations helps to reduce environmental effects, such as greenhouse gas (GHG) emissions.

DG units are either classified as conventional (diesel engines) or renewable (solar and
wind power). Their penetration has changed the structure of the radial distribution system
(RDS) from passive to active and the unidirectional flow of power to multi-directional [2].
In order to obtain the above-mentioned benefits from the integration of DGs, and to avoid
its negative impacts, such as reverse power flow, high power losses, and unfavorable
voltage levels [3], the optimal sizing and siting of DGs are of significant importance. The
OADG has been an exciting and challenging problem to focus on. Therefore, researchers
have taken various studies and developed different optimization techniques to address
this problem.

This research article proposed two efficient, nature-inspired metaheuristic optimiza-
tion techniques, known as ant lion optimization (ALO) [4] and multiverse optimization
(MVO) [5], to solve the optimal sizing and siting problems of distributed generation. The
ALO has been used in different optimization problems, such as the scheduling of generation,
flexible process planning, and structure design of the skeletal structure [6–8], respectively.
Similarly, the MVO has also shown its effectiveness in solving various optimization prob-
lems. Moreover, in this paper, the OADG problem is solved as a multi-objective optimiza-
tion problem considering techno-economic and environmental attributes. The objectives
include active and reactive power loss reduction, voltage deviation (VD) minimization,
voltage stability index (VSI) enhancement, annual energy loss cost (CAEL) reduction, and an-
nual energy loss cost saving (SAEL) subjected to voltage and power constraints. Figure 1
shows the framework of the proposed work. The main contribution of this research paper
can be summarized as follows.

(i) An efficient optimization approach is used to identify the appropriate allocation of
DG units in the active distribution system.

(ii) The main objectives are to minimize the total power losses and voltage devia-
tion and to maximize the VSI, thus lowering the yearly energy loss costs and
carbon emissions.

(iii) IEEE 33- and 69-bus ADNs are used to test the effectiveness of the proposed technique.
(iv) The suggested ALO’s efficacy is compared to MVO and other well-known opti-

mization approaches at various operating scenarios.
(v) The functioning of DG units at various power factors is investigated. It was

observed that when DGs run at optimal power factors, the total performance of an
ADN (techno-economic and environmental benefits) is greatly increased.

(vi) Several MCDM methodologies are employed to find the best trade-off among the
available alternatives.

The following is how this paper is structured: Section 2 highlights the relevant work
conducted by the researchers in recent years. Section 3 discusses the methodology, covering
the primary objective functions and MCDM approaches in-depth, as well as an overview
of the algorithms utilized. The numerical findings based on the test systems are reported in
Section 4. Finally, in Section 5, the conclusion is discussed.
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Figure 1. Development of proposed technique (adapted from [9]).

2. Literature Review

The algorithms for solving OADG problems can be classified into different categories,
such as analytical [10–12], numerical [13–15], and intelligent search-based methods [16–18].
The problem of the optimal sizing and siting of DGs has been solved by many researchers,
either by considering a single-objective optimization problem (SOOP) or a multi-objective opti-
mization problem (MOOP). Power loss reduction has been the primary objective in the SOOP,
whereas for the multi-objective one, power loss minimization, voltage stability enhancement,
voltage deviation reduction, and cost minimization are considered simultaneously.

In [19], the authors hybridized analytical and heuristic strategies to solve the OADG
and minimize power losses. The size of the DGs was computed analytically, and particle
swarm optimization (PSO) was used to find their optimal locations. The suggested method
was tested on IEEE 33- and 69-bus systems. The authors of [20] determined the optimal
location of DGs to reduce power losses by using analytical methods while considering both
radial and meshed distribution systems. The OADG problem in [15] was solved using
mixed-integer linear programming and the steady-state behavior of the RDS was modeled
using linear expressions at different load levels. Mixed-integer linear programming (MILP)
was used in [21] to reduce power losses in the radial distribution network (RDN). The
authors used single- and multi-objective improved Harris hawk optimization algorithms
(IHHO) to tackle the OADG problems at varied power factors [2]. The fundamental
objective of the incorporation of DG was to enhance voltage profiles and lower power
losses, which will ultimately lead to a rise in the overall efficiency of the power system [22].

The OADG technical, economic, and environmental concerns were solved using a
stochastic multi-objective model [23]. A modified version of grey wolf optimization (GWO)
was used in [24] to optimally place DGs, considered techno-economic benefits. Various
loads (commercial, industrial, residential, constant power, current, and impedance) were
considered at different loading levels, such as a full, light, and heavy load. A multi-
objective function was presented in [25] for the optimal placement of DGs to minimize
losses and improve reliability; a time-varying load was used to achieve the practical
outcomes, while the entire study and its requirements were based on a cost–benefit analysis.
The authors of [26] addressed power loss reduction, high voltage stability, and voltage
profile enhancement by combining PSO and GA while considering operational and security
constraints. The IEEE 33- and 69-bus systems were utilized to highlight the usefulness
of the suggested method. A new hybrid solution based on an evolutionary algorithm
and intelligent water drop (IWD) algorithm improved the voltage stability, reduced the
voltage deviation, and minimized the power loss for the IEEE 33- and 69-bus systems [27].
The author presented a novel method for determining the DG placement and size to reduce
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losses, operating costs, and voltage instability. The loss sensitivity factor (LSF) was used to
discover the most sensitive bus for a DG installation [28].

Ant colony optimization (ACO) and the artificial bee colony (ABC) were hybridized
to resolve the location and sizing problem of DGs in distribution networks. The cost, loss,
and GHG emission reductions were discussed [29]. Similarly, the optimal DG placement
and sizing problems were discussed in [30–33] by using various optimization algorithms.
GA was employed for siting while the optimal power flow was used for the DG sizing.
The proposed methodology was tested in the UK under the existing gem financial incentives
for DNOs and was effective in finding and sizing DG units [30]. In [31], evolutionary
programming was utilized to optimally arrange PV arrays and wind turbine generators
(WTG). Probabilistic techniques were used to deal with the load and renewable resource
uncertainty, and a 69-bus distribution test system was used to test the devised approach.
The authors of [32] addressed multiple objectives to give economical solutions to solve the
OADG problem by using GA and the ε-constrained method. To provide power system
stability, protection devices and distributed generators (DGs) in radial feeders must be
optimized. The authors proposed a technique to properly arrange DGs and protection
devices in an RDS to improve the system reliability [33].

The optimal allocation of wind and solar in terms of the objective function while
accounting for uncertainties was found using lightning attachment procedure optimization
(LAPO) in an RDN; the effectiveness of the proposed method was verified using a 118-
bus system, and the results validated the efficacy of the proposed algorithm [34]. In a
cost–benefit analysis, the elephant herding optimization (EHO) algorithm was applied and
evaluated on IEEE 15-bus, 33-bus, and 69-bus systems. The proposed algorithm with a type-
III DG unit operating at 0.9 pf produces better results [35]. To decrease the active power loss
and boost the voltage stability index while solving the OADG problem, a multi-objective
BAT algorithm (BA) was employed in [36]. The manta ray foraging optimization technique,
also known as MRFO, was applied in [37] to figure out the location and capacity of type-one
DGs for the purpose of cutting down on power losses in an RDN. The authors of [38] used
an improved raven roosting optimization (IRRO) method to boost the techno-economic
advantages of DG deployment in the radial distribution system (RDS), and the IEEE 33- and
69-bus systems were the test systems to check the effectiveness of the proposed technique.
In [39], the power losses were minimized under deterministic factors and the validity was
tested on IEEE 69- and 118-bus systems.

Researchers around the world have attempted to deal with the asset planning’s mul-
tiple distribution strategy restrictions. The methodologies identify a trade-off between
numerous competing objectives. These trade-off solutions could be techno-economic or
environmental, or both [40]. Several works based on MCDMs on the axis of grid-connected
ADNs, such as [41,42], have sought to fulfill the largely technical and economic objectives
while incorporating radiality constraints and spanning normal load situations without eval-
uating large-scale planning horizons. The technical, economical, and environmental-based
strategy is used simultaneously in [43] across typical loading scenarios at different power
factors associated with REGs in radially constructed ADNs.

According to this literature review, most of these population-based optimization
strategies have been effectively applied to estimate the size, location, and loss reduction
problem of DG in the active distribution system. However, many of them suffer from
local optimality and need a significant amount of computational power to simulate. This
motivates the authors to provide a new, simple, efficient, and rapid population-based
optimization approach for solving the optimum DG placement problem of the radial
distribution system. Another significant observation is that, for the multi-objective problem,
most of the studies only look at DGs with the unity power factor, and only a few studies
explore the applicability of the proposed method to large-scale networks, whereas in this
paper, many operating modes (the unity, fixed, and optimal power factors) for DGs are
considered. Many researchers have presented their work focusing on one of the components
of the objective functions (technical, economic, and environmental), while in this study,
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simultaneously the techno-economic and environmental attributes are taken into account
while solving the OADG problem.

3. Methodology

This section highlights the objective functions that are considered for addressing the
optimum allocation of DG problem, as well as the details of the methodologies used.

3.1. Objective Functions

The issue of DG allocation requires special attention to the formulation of the objective
function and specific limitations must be properly modeled. The primary goal of the
optimal allocation of DGs in the distribution system is to attain desired objectives by
satisfying equality and inequality constraints. The proposed objective functions are power
loss reduction, maximization of voltage stability index, voltage deviation minimization,
real power loss cost reduction, increasing real power loss savings, and CO2 emissions
reduction. Figure 2 shows a branch of an active distribution network having Pb and Qb as
active and reactive power at receiving end, respectively.

Figure 2. A representative branch of RDS (adapted from [44]).

3.1.1. Active Power Loss (PL)

As active power losses in distribution networks are significant due to their radial
topology, it is necessary to mitigate these losses to make the system stable and reliable.

OF1 = min(PL) (1)

Mathematically, (PL) is expressed in [44] as

PL =
Rab

VaVb
(

n

∑
a=1

n

∑
b=1

cos(δa − δb) ∗ (PaPb + QaQb)

+ sin(δa − δb) ∗ (QaPb −QbPa)

(2)

a and b are two different buses in which power loss is being calculated. Va, δa are voltage
magnitude and angle at bus a, respectively, similarly Vb, δb are voltage magnitude and
angle at bus b, respectively. Pa and Qa are real and reactive power at bus a; similarly, Pb
and Qb show real and reactive power at bus b. PL is calculated in [9] by following relation.

PL =
N

∑
b=1
|Ib|2Rb (3)

b is the number of the branch, whereas |Ib| and Rb show the absolute value of the current
and resistance of the branch, respectively. Another dimension of the above-mentioned
objective is to maximize the percentage reduction in power loss, which may be determined
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using (4) in which PLbc shows base-case (without DG) power loss and PLwdg represents
power loss with DGs.

%PL =

[
PLbc − PLwdg

PLbc

]
× 100 (4)

3.1.2. Reactive Power Loss (QL)

Minimization of reactive power losses (QL) is of great importance in OADG problem.

OF2 = min(QL) (5)

In [45], reactive power loss is calculated by

QL =
N

∑
b=1
|Ib|2Xb (6)

In (6), b is the number of branches, whereas |Ib| and Xb show the absolute value of the
current and reactance of the branch, respectively.

3.1.3. Voltage Stability Index (VSI)

VSI is the ability of the system to maintain the voltage within the satisfactory range.
The primary goal is to maximize the lowest VSI in the system [46].

OF3 = max(lowest(VSIb)) (7)

VSIb =V4
a − 4(PbRab + QbXab) ∗V2

a

− 4(PbXab −QbRab)
(8)

In (8), a is sending-end bus and b is receiving-end bus, Pb and Qb are active and
reactive power of receiving-end bus, respectively, whereas Rab and Xab show resistance
and reactance between two buses, respectively.

3.1.4. Voltage Deviation (VD)

OF4 = min(VD) (9)

Voltage deviation shows the deviation of voltage from its reference voltage (Vre f )
which is 1.0 p.u.

VD =
n

∑
a=1

(
Va −Vre f

)2
(10)

3.1.5. Annual Energy Loss Cost (CAEL)

CAEL demonstrates the validity of the proposed technique from a cost perspective.
The aim of this objective is to lower the annual cost of energy loss.

OF5 = min(CAEL) (11)

Equation (12) is used to calculate energy loss cost [47].

CAEL = PL ∗ µE ∗ t (12)

where
PL is the power loss;
µE is the rate of energy (PKR/kWh);
t is the time (8760 h).

As we are dealing with annual energy cost, “t” is 8760 h and µE is taken as 0.06 PKR/kWh.
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3.1.6. Annual Energy Loss Cost Saving (SAEL)

SAEL can be calculated by (13)

SAEL = CAEL−bc − CAEL−dg (13)

3.1.7. Greenhouse Gas Emissions (GHGE)

While considering environmental effects, several studies in the literature seek to
identify the determinants of carbon dioxide (CO2) emissions because of large increases
in CO2 emissions over the last few decades. So, the solution to the problem must meet
environmental demands, and the above-mentioned objective is to determine whether the
solution provided is environmentally feasible or not. Carbon emissions (CE) are calculated
in [48] by (14) and (15)

CEbc =
x

∑
a=1

(GE)a ∗ (µe)a (14)

CEwdg =
x

∑
a=1

(GE)a ∗ (µe)a +
y

∑
b=1

(DGE)b ∗ (µe)b (15)

CEbc and CEwdg show CO2 emissions in the base case (without DG) and with DG,
respectively. GE, DGE represent energy generated by grid and DG, respectively, whereas
µe shows CO2 emissions rate, and it is different for different sources [49].

3.2. Operational Constraints

The issue of DG allotment in the distribution framework ought to be exposed to two
following constraints.

1. Equality constraints.
2. Inequality constraints.

3.2.1. Equality Constraints
Power Balance Constraints

The principle of equilibrium upholds equality constraints. The power flow equations
that correspond to both the real and reactive power balance equations are mathematically
defined as follows [29]

Pa = Va

n

∑
b=1

VbYab Cos(θab − δa + δb) (16)

Qa = Va

n

∑
b=1

VbYab Sin(θab − δa + δb) (17)

where Pa and Qa are real and reactive power at bus a, Va and δa are voltage magnitude
and its angle at ath bus, respectively. The magnitude and angle of admittance between bus
a and b are shown by Yab and θab, respectively. Power flow should follow the following
equations to fulfill the equality constraint’s requirements.

PGen = Pload + Ploss (18)

QGen = Qload + Qloss (19)

3.2.2. Inequality Constraints
Voltage Limits

The total voltage generated is divided into two parts; some of the voltage appears
across the load and some part of it is dropped across the line/impedance. The higher the
impedance, the higher the voltage drop, but the voltage limit constraint states that the
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voltage across the bus must be within the acceptable range. This paper considers that range
to be 0.90 to 1.05.

Va−MIN ≤ Va ≤ Va−MAX (20)

a shows the bus number.
a = 1, 2, 3 . . . N

DG Capacity Limits

The size of DGs must be within their minimum and maximum allowable limits.

PDG
aMIN

≤ PDG
a ≤ PDG

aMAX
(21)

In (21), PDG
aMIN

and PDG
aMAX

show the minimum and maximum range of power output at
bus a, whereas PDG

a shows power output at ath bus.

3.3. Multi Criteria Decision Making (MCDM)

To solve decision-making problems that include a set of predetermined solutions,
multi-criteria decision-making (MCDM) techniques are applied. To assess energy planning
based on technical, economical, and environmental aspects, MCDM methods are utilized.
The evaluation procedure has become more complex and time-consuming as additional
criteria and options have been added. If it comes to incorporating significant or delicate
criteria, different strategies take different approaches, but when multiple situations, circum-
stances, and limits are taken into account, MCDM models are best suited to come up with a
good answer. This paper discusses several MCDM models, such as WSM, WPM, TOPSIS,
and VIKER, that can be used to address the key issues that must be addressed in order to
accomplish sustainability objectives.

3.3.1. Weighted Sum Method (WSM)

WSM is one of the most widely used strategies for computing rank, with the goal of
finding the best answer among numerous options in terms of the highest score. Equation (22)
chooses the solution with the highest score as the best among m alternatives based on
n criteria.

SWSM
j =

m

∑
k=1

N j
kWk (22)

where Sj
WSM indicates the weighted sum score, Nk

j is the normalized score of jth alterna-
tive/solution from the reference of kth criterion, and Wk is the weight associated with the
kth criterion. To rank the best, use the significant cardinal scores for each choice. The option
with the highest score is regarded as the best option.

3.3.2. Weighted Product Method (WPM)

The weighted product method is an MCDM method that is used to choose the best
alternative based on numerous criteria, and the optimal solution is found by using multipli-
cation rather than addition, with the goal of determining ranks of alternatives as illustrated
in WSM. In a pairwise comparison, the best answer is the one with the highest score,
as indicated in the equation below.

PWPM
j =

m

∏
k=1

(
N j

k

)Wk
(23)

where Pj
WPM indicates the weighted product score.

3.3.3. Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS)

This method is based on the idea of calculating the distance between two hypothetical
solutions: the negative ideal solution (NIS) and the positive ideal solution (PIS). The ideal
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option should be the one with the least geometric distance from the best solution and
the greatest geometric distance from the worst. This method can be summarized in the
following steps:

The normalized decision matrix can be calculated as:

N j
k =

Sjk√
∑n

j=1 S2
jk

(24)

The weighted normalized decision matrix Xjk is calculated as:

Yjk = N j
k ∗Wk (25)

Determine the best (PIS) and the worst (NIS) alternative by Equations (26) and (27),
respectively.

Yb
k =

{(
n

max
j=1

Yjk|k ∈ K
)

,
(

n
min
j=1

Yjk|k ∈ K′
)}

(26)

Yw
k =

{(
n

min
j=1

Yjk|k ∈ K
)

,
(

n
max
j=1

Yjk|k ∈ K′
)}

(27)

where K is the set of beneficial criteria and K′ is a set of non-beneficial criteria, and the
Euclidean distance from each alternative can be calculated as:

Eb
j =

(
m

∑
k=1

(Yjk −Yb
k )

2

)1/2

, j = 1, 2, 3, . . . , n (28)

Ew
j =

(
m

∑
k=1

(Yjk −Yw
k )2

)1/2

, j = 1, 2, 3, . . . , n (29)

For measuring the proximity of the available alternatives, the relative similarity of
each option to and from the ideal solutions is determined.

Pj =
Ew

j

Eb
j + Ew

j
, 0 ≤ Pj ≤ 1, j = 1, 2, 3, . . . n (30)

The best solution can be determined by (30).

3.3.4. VIKOR

The procedure of VIseKriterijumska Optimizacija I Kompromisno Resenje (VIKOR) is
indicated as follows.

For all beneficial and non-beneficial criterion functions, determine the best and
worst values.

Sb
k =

{(
n

max
j=1

Sjk|k ∈ K
)

,
(

n
min
j=1

Sjk|k ∈ K′
)}

(31)

Sw
k =

{(
n

min
j=1

Sjk|k ∈ K
)

,
(

n
max
j=1

Sjk|k ∈ K′
)}

(32)

where

K∈ is set of beneficial criteria;
K′ ∈ is set of non-beneficial criteria.

The normalized decision matrix Nk
j is calculated as:

Njk = (Sb
k − Sjk)/(Sb

k − Sw
k ) (33)
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Compute utility measure Sj and regret measure Rj by using the following equations.

Sj =
m

∑
k=1

(
Wk ∗ Njk

)
(34)

Rj =
m

max
k=1

(
Wk ∗ Njk

)
(35)

Now, calculate the VIKOR index by the equation given below

Qj = v
[ Sj − S∗

S− − S∗

]
+ (1− v)

[ Rj − R∗

R− − R∗

]
(36)

where

S* = min jSj;
S- = max jSj;
R* = min jRj;
R- = max jRj.

The weight for the greatest group utility strategy is v, which is commonly set to 0.5 for
a balanced approach. The best accessible solution is determined as the alternative with the
lowest VIKOR value.

3.4. Overview of Optimization Techniques

The following optimization techniques are used in this paper to solve the OADG problem:

1. Ant lion optimization (ALO).
2. Multiverse optimization (MVO).

3.4.1. Ant Lion Optimization

ALO is an efficient, nature-inspired, metaheuristic optimization Algorithm 1 presented
by Mir Jalili [4] in 2015. ALO imitates the natural hunting mechanism of ant lions, and it
can be used to solve different optimization problems because of its balancing capability
between exploration and exploitation. This method consists of a random walk exploration
followed by a random selection of agents, and the exploitation process is performed with
traps. By moving in a circular pattern and pushing sand out with its jaws, an ant lion larva
creates a cone-shaped trench in the sand [50]. The larva hides beneath the bottom of the
cone after digging the trap and waits for insects to be captured in the pit [51]. The pointed
edge of the cone allows insects to readily fall to the bottom of the trap. When the ant lion
discovers a prey in the trap, it strives to capture it. Then, it is sucked into the ground and
eaten. Ant lions prepare the pit again after eating the prey and tossing the remains outside
of the pit [52]. ALO follows five basic steps of ant lions for hunting.

1. Random walk of agents.
2. Trap building.
3. Trapping of ants.
4. Capturing prey.
5. Trap reconstruction.

The explanation of each step with its mathematical modeling is as follows.

Random Walk of Agents

While searching for prey, ants often move in a stochastic manner, and this randomness
can be modeled by (37)

X(t) = [0, csum(2r(t1)− 1), csum(2r(t2)−
1) . . . csum(2r(tn)− 1)]

(37)
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where csum means cumulative sum and r(t) can be defined as

r(t) =
{

0 if rand ≤ 0.5
1 if rand > 0.5

(38)

In (38), rand will generate a random number between 0 and 1. If this random number is
less than or equal to 0.5, then it will assign value 0 to r(t); otherwise, value 1 will be assigned
to r(t). Equation (37) shows that ants changed their position randomly, so to normalize
their position and to fulfill boundary constraints, following equation can be used.

Xt
i =

[(
Xt

i −Vi
)
×
(
Zt

i −Yt
i
)]

Wi −Vi
+ Yt

i (39)

Equation (39) is used to make sure that random walk must be in search space, so it can
be used in every iteration. Minimum and maximum walk of ith variable is shown by Vi and
Wi, respectively, whereas Yt

i and Zt
i show lower and upper extreme values of ith variable at

tth iteration.

Trap Building

A roulette wheel operator is used to simulate the hunting activity of ant lions. Dur-
ing the optimization phase, this operator is used to choose the ant lions based on their
fitness value. This strategy increases the chances of the ant lions catching the prey.

Algorithm 1: Pseudo Code of ALO
Initializing ALO parameters
Set initial values
Initialize ants and antlions positions
for i = 1 : 50 do

calculate initial fitness values for ants and antlions
end
sort best fitness value and set it as elite
while current_iter <max_iter + 1 do

for each ant do
find antlion using roulette wheel
update values of y and z by (42) and (43)
simulate and normalize a random walk by using (37) and (39)
update ant position

end
Bring antlions back if they go beyond boundaries
calculate fitness
replace antlion with corresponding fitter ant by using (44)
update the position of the elite if any antlion becomes fitter than it.

end

Trapping of Ants

Ant lions’ traps affect the random movements of ants in a search space. The following
equations mathematically illustrate the effect of ant lions’ traps on the random movement
of ants.

Yt
i = AntLt

j + Yt (40)

Zt
i = AntLt

j + Zt (41)

Yt and Zt are vectors that show the values of variables at tth iteration, and AntLt
j refers

to position of jth ant lion at tth iteration.
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Sliding Ants toward Ant Lions

Using the above-mentioned processes, the ant lions build the traps according to their
fitness value. Ant lions start throwing the sand outward from the center of the trap, once
randomly moving ants get trapped near the traps, and this eliminates the possibility of
ants escaping. The radius of random ant walks in the hypersphere is adaptively decreased.
Equations (42) and (43) can be used to mathematically reflect this process.

yt =
yt

I
(42)

zt =
zt

I
(43)

yt and zt are vectors that show max and min values of variables at tth iteration and
I = 10W t/T where t denotes the current iteration, T shows a total number of iterations,
and W depends upon the current iteration.

Capturing Prey and Trap Building

In this step, the focus is catching prey by ant lions (predators) and rebuilding traps
for catching new prey (ants). To depict this mechanism, it is assumed that prey can only
be grabbed when ants become fitter than ant lions. The mathematical form of this step is
shown below.

AntL t
j = Antt

i if f
(

Ant t
i
)
> f

(
AntL t

j

)
(44)

Variables in (44) show position of ith ant and jth ant lion at tth iteration.

Elitism

The best ant lion solution is regarded as elite in each iteration of the ALO algorithm.
As the elite is the finest ant lion, it should be able to dominate the whole movements of
the other ants throughout the iterations. The following mathematical equation is used to
illustrate the elitism process.

Ant t
i =

(
Rt

a + Rt
e
)

2
(45)

In Equation (45), Rt
a and Rt

e show random walk of ants around ant lions and elite,
respectively. Pseudo code for ALO is given and Figure 3 shows the flow chart for proposed
ant lion optimization.

3.4.2. Multiverse optimization

A proposed multiverse optimizer is a unique stochastic population-based Algorithm 2
presented in 2015 [5]. MVO is based on the multiverse theory of physics and MVO can be
presented mathematically by using three major ideas from this theory:

1. White hole.
2. Black hole.
3. Worm hole.

The multiverse theory states that objects are traded between worlds via black, white,
and wormholes. Things are sent through white holes in universes having greater inflation
rates, whereas universes with low inflation rates are used to receive objects through black
holes. The following is the mathematical model for white and black hole tunnels and item
transfer across universes.

Vi =
[

y1
i y2

i y3
i . . . yn

i
]

(46)

Vi in (46) shows ith universe, total number of decision variables are represented by n,
and yi shows ith candidate’s decision variable. To locate the universe containing the white
hole, utilize the roulette wheel approach as follows.
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Figure 3. Flow chart of proposed ALO.

yj
i =

{
yj

s rand < norinf(Vi)

yj
i rand ≥ norinf(Vi)

(47)

rand in (47) shows random number between [0,1] and norin f shows normal inflation rate,
whereas yj

s shows jth variable of sth universe. The above equation shows that universes with
higher inflation rates are more likely to have a white hole, whereas universes with lower
inflation rates are more likely to contain a black hole. By this strategy, we can improve
the exploration phase, whereas for the improvement in exploitation phase, objects are
exchanged among universes through worm holes. The mathematical expression for this
step is shown in (48). rand2 and rand3 show a random number between 0 and 1, whereas
the lower bound and upper bound are denoted in (48) by lb and ub, respectively. Values of
TDR and WEP can be calculated by using (49) and (50), respectively.

yj
i =




yj

c + TDR[(ubi − lbi) rand + lbi]

rand 1 < 0.5 i f rand2 < WEP

yj
c + TDR[(ubi − lbi) rand + lbi]

rand 1 ≥ 0.5

yj
i i f rand2 ≥WEP

(48)

TDR = 1−
(

iter
1
P

iter−max

)
(49)

WEP = WEPMIN +
iter(WEPMAX −WEPMIN)

iter_max
(50)

iter_max is the maximum number of iterations and iter is the current iteration, whereas
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WEPMAX, WEPMIN , and P are constants. Pseudo code of MVO is given, and Figure 4
shows a flow chart of multiverse optimization.

Figure 4. Flow chart of MVO.

Algorithm 2: Pseudo Code of MVO
Input: iter_max and size of population
Output: finest universe and inflation rate
Set initial parameters
Initialize universes, WEP and TDR
while curr_iter ≤ max_iter do

Calculate fitness value for universes
for i = 1 : universe_size do

Update WEP and TDR
for (every object) do

if rand1 < NSI rates (i) then
White_hole_index= RWS (- NSI rates)
Universes (BHI, j)=SU (WHI, j)
if rand2 < WEP then

if rand3 < 0.5 then
Universes(i,j)=BU(1,j)+TDR*((ub-lb)*rand+lb)

else
Universes (i, j) =BU(1, j)-TDR*((ub-lb)*rand+lb)

end
end

end
end

end
end

4. Results and Discussion

In this section, the validity and effectiveness of the proposed method have been tested
on the IEEE 33-bus and IEEE 69-bus systems. The proposed method is simulated in a
MATLAB 2020a environment on an HP PAVILION AMD RYZEN 4000 series 5, with 8
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GB RAM. This research article addresses multiple objectives that include the power loss
reduction, voltage deviation (VD) minimization, maximization of the voltage stability index,
and energy loss cost reduction improves the energy loss cost savings and CO2 emissions.
The following cases are considered in this system to evaluate the results:

1. Without the DG (base case);
2. Three DGs at unity power factor;
3. Three DGs at 0.95 power factor;
4. Three DGs at optimal power factor.

4.1. TEE Parameters Evaluation

Table 1 shows the evaluation of the technical, economical, and environmental (TEE)
indices of the IEEE 33- and 69-bus systems using the proposed ALO. The active power loss,
reactive power loss, voltage deviation, and voltage stability index are considered as the
technical parameters. The annual energy loss cost and the annual energy loss cost savings
fall in the category of economical indices, whereas in the environmental parameters, the
carbon emissions are considered.

It can be noted that the results of the technical parameters are significantly improved
as compared to the base case at each power factor considered. In the optimal power factor,
PL (in kW) reduces to 11.74 from 210.9, QL (in kVAR) reduces to 11.2571 from 142.4355,
and VSI (in p.u) increases from 0.6672 to 0.9805, which are better than the results at other
p.fs, but VD comes out to be 0.000278 p.u at 0.95 p.f which is better among other cases.
Similarly in the IEEE 69-bus system, the PL, QL, and VSI give better results at the OPF
which are 6.38 kW, 7.0149 kVAR, and 0.9937 p.u, respectively. The voltage deviation reduces
to 0.00024 p.u at 0.95 p.f which is better than 0.001291 p.u at unity and 0.000329 p.u at the
optimal power factor.

Table 1. Evaluation of technical, economical, and environmental indices.

Cases PF

Technical Economical Environmental

PL QL VSI VD CAEL SAEL CE
(kW) (kVAR) (p.u) (p.u) (103 PKR) (%) (106 kg)

IEEE 33

Base case 210.9 142.4355 0.6672 0.13271 110.849 - 22.3540

Unity 70.64 50.6117 0.8937 0.006463 37.1283 66.51 4.6286

0.95 27.84 22.2150 0.9579 0.000278 14.6327 86.80 4.0362

Optimal 11.74 11.2571 0.9805 0.000461 6.1705 94.43 5.6150

IEEE 69

Base case 224.6 101.9914 0.6832 0.09765 118.0498 - 22.9285

Unity 68.68 35.1813 0.9678 0.001291 36.0982 69.42 7.1208

0.95 21.67 14.1087 0.9885 0.00024 11.3898 90.35 6.6275

Optimal 6.38 7.0149 0.9937 0.000329 3.3533 97.16 8.6501

CAEL and SAEL are considered to show the effectiveness of the proposed technique from
the economical aspect, for the IEEE 33-bus system CAEL (in 103 PKR) reduces from 110.849
to 37.1283, 14.6327, and 6.1705 at unity, 0.95, and optimal p.f, respectively. By using the
proposed technique, the energy loss cost savings can be increased up to 94.43% annually for
the 33-bus test system. Similarly for the 69-bus test system, the CAEL (in 103 PKR) reduces
from 118.0498 to 36.0982, 11.3898, and 3.3533 at unity, 0.95, and optimal p.f, respectively,
and SAEL can be increased up to 97.16% annually. Equations (14) and (15) can be used to
calculate the carbon emissions for the base case (without DG) and other cases (with DGs),
respectively. The following assumptions are made to calculate the emissions from in the
base case, where we are using an oil-fired plant whose µe is 0.65 kg CO2/kWh [49], and the
PV is being used at unity p.f, so µe is taken as 0.058 kg CO2/kWh [49]. For the other cases,
the bio-mass is considered as the generation source so µe is taken as 0.093 kg CO2/kWh [49].
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It can be seen from Table 1 that the carbon emissions are reduced to a significant value by
using the proposed method in both the 33- and 69-bus test systems. The best results for
CE (in 106kg) are 4.0362 and 6.6275 obtained at 0.95 p.f for both test systems (33 and 69),
respectively.

4.2. IEEE 33-Bus System

This test system is used to test the validity of the proposed techniques. The IEEE
33-bus system has 33 buses and 32 branches. Its active and reactive power demands are
3.71 MW and 2.30 MVAr, respectively. This system has a rated voltage of 12.66 kV and a
100 MVA base. According to the power flow solution, the active and reactive power losses
in the system are 210.99 kW and 143.13 kVAr, respectively. The base-case results (without
the DG installation) are shown in Table 1, and Figure 5 shows a single-line diagram of the
33-bus active distribution network. The number of iterations are fixed to 150 for each case.

Figure 5. SLD of IEEE 33-bus system.

4.2.1. CASE 1: Three DGs at Unity P.F

The results obtained by the proposed techniques at unity power factor and their
comparison with other techniques are shown in Table 2. The proposed ALO and MVO
have yielded a total active power loss of 70.64 kW which is less than that of 72.785 kW
from SFSA [44], 72.7869 kW from QOCSOS [53], 82.03 kW from LSFSA [54], 72.8 kW
from QOSIMBO-Q [55], 75.540 kW from TLBO [56], 74.101 kW from QOTLBO [56], and
75.412 kW from KHA [57]. The annual energy loss cost (CAEL) comes out to be PKR
37128.384 from the ALO and MVO which is also lower as compared to the others, such as
the SFSA [44], QOCSOS [53], LSFSA [54], QOSIMBO-Q [55], TLBO [56], QOTLBO [56], and
KHA [57] that optimized the cost to PKR 38255.796, PKR 38256.794, PKR 43114.968, PKR
38263.68, PKR 39703.824, PKR 38899.656, and PKR 39636.547, respectively. Similarly, the
reactive power loss obtained by the ALO and MVO are 50.6117 kVAR and 50.639 3 kVAR,
respectively, which are then optimized to 50.6724 kVAR from KHA [57], 50.9507 kVAR
from TLBO [56], and 57.0394 kVAR from LSFSA [54]. Whereas the QL obtained from
the proposed methods are slightly higher than that of QOTLBO [56], QOSIMO-Q [55],
SFSA [44], and QOCSOS [53]. In addition to the active and reactive power loss, this paper
has considered the voltage stability index (VSI) improvement and voltage deviation (VD)
reduction as objective functions to resolve the OADG problem. The VSI obtained from
the MVO and ALO is 0.8939 p.u. and 0.8937 p.u., respectively, and Table 2 shows that the
obtained values are better than 0.8805 p.u. from SFSA [44] and QOCSOS [53], 0.8768 p.u.
from LSFSA [54], 0.8738p.u. from SIMBO-Q [55], 0.8804 p.u. from QOSIMBO-Q [55],
0.8365 p.u. from TLBO [56], 0.8656 p.u. from QOTLBO [56], and 0.8528 p.u. from KHA [57].
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Similarly, the values obtained for the VD (in p.u.) through the proposed techniques are
0.00633 and 0.006463 which are lower than the values obtained by the QOTLBO [56],
TLBO [56], QOSIMBO-Q [55], SIMBO-Q [55], QOCSOS [53], and SFSA [44] methods which
are 0.0160, 0.0222, 0.0151, 0.0151, 0.0150998, and 0.015099, respectively.

Table 2. Result comparison for the IEEE 33-bus system at unity power factor.

Method DG Size/Bus PL (kW) QL VD VSI CAEL
(MW) (%PL) (kVAR) (PKR)

SFSA [44]
0.8020/13 72.785 49.2932 0.015099 0.8805 38255.796
1.0920/24 (65.50%)
1.0537/30

QOCSOS [53]
0.8017/13 72.7869 49.2930 0.0150998 0.8805 38256.794
1.0913/24 (65.50%)
1.0537/30

LSFSA [54]
1.1124/6 82.03 57.0394 - 0.8768 43114.968

0.4874/18 (61.12%)
0.8679/30

SIMBO-Q [55]
0.7638/14 73.4 49.9138 0.0151 0.8738 38579.04
1.0415/24 (65.21%)
1.1352/29

QOSIMBO-Q [55]
0.7708/14 72.8 49.2900 0.0151 0.8804 38263.68
1.0965/24 (65.50%)
1.0655/30

TLBO [56]
0.8246/10 75.540 50.9507 0.0222 0.8365 39703.824
1.0311/24 (64.20%)
0.8862/31

QOTLBO [56]
0.8808/12 74.101 50.3906 0.0160 0.8656 38899.656
1.0592/24 (64.88%)
1.0714/29

KHA [57]
0.8107/13 75.412 50.6724 - 0.8528 39636.547
0.8368/25 (64.26%)
0.8410/30

MVO
0.875/14 70.64 50.6393 0.00633 0.8939 37128.384
1.170/24 (66.50%)
1.212/30

ALO
0.864/14 70.64 50.6117 0.006463 0.8937 37128.384
1.183/24 (66.50%)
1.217/30

4.2.2. CASE 2: Three DGs at 0.95 P.F

The optimal location and sizes of the DGs at 0.95 p.f are shown in Table 3. The MVO
has placed three DGs at the 14th, 24th, and 30th bus, whereas the ALO gives the 13th, 24th,
and 30th bus as the optimal locations to place the DGs. The active and reactive power
losses by using the MVO are 27.84 kW and 22.4833 kVAR, respectively, and from the ant
lion optimization, the PL and QL come out to be 27.84 kW and 22.2150 kVAR, respectively.
It may be noted from Table 3 that the proposed techniques provide better results in terms
of the power loss reduction as compared to 28.5 kW from QOSIMBO-Q [55], 29 kW from
SIMBO-Q [55], and 28.53 kW from SFSA [44], QOCSOS [53], and SOS [53]. The annual
energy loss cost is also a minimum while using the proposed techniques as compared
to the others shown in Table 3. The proposed techniques reduce the loss cost to PKR
14632.704, whereas QOSIMBO-Q [55] reduces it to PKR 14979.6, SIMBO-Q [55]to PKR
15242.4, SFSA [44] to PKR 14995.368, and QOCSOS [53] to PKR 14997.470.
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The voltage deviation (in p.u.) and voltage stability index (in p.u.) are 0.000278 and
0.9579 from the proposed ALO, 0.0021 and 0.9530 from QOSIMBO-Q [55], 0.00098 and
0.9646 from SIMBO-Q [55], 0.002073 and 0.95298 from SFSA [44], and 0.002078 and 0.9530
from QOCSOS [53], respectively. The VD and VSI obtained by the proposed technique
are optimized than all the other techniques in Table 3, except SIMBO-Q [55] which gives
slightly better results.

Table 3. Result comparison for the IEEE 33-bus system at 0.95 power factor.

Method DG Size/Bus PL (kW) QL VD VSI CAEL
(MW) (%PL) (kVAR) (PKR)

QOSIMBO-Q [55]
0.8740/13 28.5 20.7560 0.0021 0.9530 14979.6
1.1830/24 (86.49%)
1.3050/30

SIMBO-Q [55]
0.9340/13 29 21.0457 0.00098 0.9646 15242.4
1.1424/24 (86.26%)
1.3781/30

SFSA [44]
0.8740/13 28.53 20.7580 0.002073 0.95298 14995.368
1.1849/24 (86.48%)
1.3048/30

QOCSOS [53]
0.8738/13 28.534 20.7567 0.002078 0.9530 14997.470
1.1838/24 (86.48%)
1.3048/30

SOS [53]
0.8738/13 28.534 20.7567 0.002078 0.9530 14997.470
1.1838/24 (86.48%)
1.3048/30

MVO
0.9340/14 27.84 22.4833 0.000329 0.9577 14632.704
1.2896/24 (86.80%)
1.4831/30

ALO
0.9673/13 27.84 22.2150 0.000278 0.9579 14632.704
1.3050/24 (86.80%)
1.4546/30

4.2.3. Case 3: Three DGs at Optimal P.F

Respecting the base case, the DGs operating at an optimal power factor reduce the
active power loss by almost 94.4%, which is better than the results obtained by using other
techniques, such as the SFSA [44], QOCSOS [53], and ICA/GA [58] that reduce the power
losses by 94.42%, 94.43%, and 94.35%, respectively, as shown in Table 4. Similarly, using the
proposed techniques at the OPF shows a significant improvement in the voltage deviation
and voltage stability index results. The VD (in p.u.) from the ALO and MVO is 0.000461
and 0.000519, respectively, whereas the VSI (in p.u.) comes out to be 0.9805 from the ALO
and 0.9797 from the MVO. The VD is 0.000619 from SFSA [44], 0.000633 from QOCSOS [53],
and 0.0006 from ICA/GA [58], and similarly the VSI from SFSA [44] is 0.9691, 0.9688 from
QOCSOS [53], and 0.9690 from ICA/GA [58]. The annual energy loss cost is reduced to
PKR 6170.54 by the ALO, PKR 6175.8 by the MVO, PKR 6254.64 by the ICA/GA [58], and
PKR 6182.107 by the SFSA [44].

Figure 6 shows the convergence curves of the proposed techniques at the unity power
factor. The proposed ALO can produce a quick and steady convergence which makes it
better than the MVO which shows a relatively slow convergence and takes more numbers
of iterations to reach the optimal point. Figure 7 depicts the effect of the DG installation on
the voltage profile of the distribution system with a different p.f. and the graph shows that
integrating multiple DGs with an optimal p.f. results in a significant voltage improvement.

To decide the best case among the three cases discussed above (the unity p.f, fixed p.f,
and optimal p.f), multi-criteria decision-making (MCDM) techniques such as the WSM,
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WPM, TOPSIS, and VIKOR are used. Figure 8 shows that on the basis of the evaluations by
each MCDM technique, case 3 (DGs operating at optimal power factors) stands out from
the other cases. The active power loss at each bus for all of the cases can be seen in Figure 9,
and it is clear that PL reduces at every power factor considered with reference to the base
case, but the most reduction can be noted in case 3.

Table 4. Result comparison for the IEEE 33-bus system at optimal power factor.

Method DG Size/pf Location PL (kW) QL VD VSI CAEL
(MVA) (%PL) (kVAR) (PKR)

SFSA [44]
0.8768/0.904 13 11.762 9.9842 0.000619 0.9691 6182.107
1.1553/0.892 24 (94.42%)
1.4549/0.716 30

QOCSOS [53]
0.8773/0.905 13 11.741 9.7548 0.000633 0.9688 6171.069
1.1884/0.900 24 (94.43%)
1.4434/0.713 30

ICA/GA [58]
0.8794/0.90 13 11.9 9.7611 0.0006 0.9690 6254.64
1.1879/0.90 24 (94.35%)
1.4496/0.71 30

MVO
0.9868/0.88 13 11.75 11.4238 0.000519 0.9797 6175.8
1.3175/0.91 24 (94.42%)
1.6093/0.71 30

ALO
0.9735/0.90 13 11.74 11.2571 0.000461 0.9805 6170.544
1.3232/0.90 24 (94.43%)
1.5932/0.71 30

Figure 6. Convergence curve of ALO and MVO at unity p.f for IEEE 33-bus system.

Table 5 illustrates the statistical analysis across ten runs to demonstrate the efficacy of the
proposed ant lion optimization (ALO) and multiverse optimization (MVO) based on the best,
average, and worst values for the power losses, and the best value obtained by the proposed
ALO is 70.64, 27.84, and 11.74 at the unity, 0.95, and optimal power factor, respectively.
The average values obtained by the ALO are 70.70, 29.60, and 16.84 at the respective p.f.
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which are better than the MVO which gives 72.87, 30.25, and 16.21, respectively. Figure 10
shows the graphical aspect of the statistical analysis discussed in Table 5, and it can be clearly
seen that the ALO performs statistically better as compared to the MVO.

Figure 7. Voltage profile at various p.f for 33-bus system.

Figure 8. Cases evaluation for IEEE 33-bus system using various MCDM techniques.
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Figure 9. Active power loss at each bus considering various p.fs for IEEE 33-bus system.

Table 5. Statistical analysis for ALO and MVO for IEEE 33-bus system.

Cases CBest CAverage CWorst

Unity p.f
ALO 70.64 70.70 71.17

MVO 70.64 72.87 76.21

0.95 p.f
ALO 27.84 29.60 35.74

MVO 27.84 30.25 36.68

Optimal p.f
ALO 11.74 16.84 23.80

MVO 11.75 16.21 25.14

Figure 10. Graphical representation of statistical analysis for IEEE 33-bus system.

4.3. IEEE 69-Bus System

The second test system used to test the validity of the proposed techniques is the IEEE
69-bus system that has 69 buses and 68 branches. Its active and reactive power demands
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are 3.80 MW and 2.69 MVAr, respectively. The number of DGs are assumed to be three,
and the maximum iteration is 150 for each case. The base-case results (without the DG
installation) are shown in Table 1, whereas Figure 11 shows a single-line diagram of the
69-bus test system.

Figure 11. SLD of IEEE 69-bus system.

4.3.1. Case 1: Three DGs at Unity P.F

A multi-objective function is examined for the simultaneous minimization of the real
power loss, enhancement of the voltage profile, and voltage stability index to highlight the
efficacy of the presented methodologies. The findings of the ALO and MVO simulations
at the unity power factor are compared to the other approaches in Table 6. The real
power reduction achieved by the ALO (68.68 kW) and MVO (68.88 kW) is optimized as
compared to the SFSA [44] (69.428 kW), QOCSOS [53] (69.428 kW), KHA [57] (69.563 kW),
QOSIMBO-Q [55] (71 kW), MINLP [1] (69.67 kW), and QOTLBO [56] (71.625 kW). Similarly,
in terms of the proposed voltage deviation and voltage stability index techniques, the ALO
(0.001291 p.u. and 0.9678 p.u.) and MVO (0.001277 p.u. and 0.9676 p.u.) provide better
results than the SFSA [44] (0.005185 p.u. and 0.9186 p.u.), QOCSOS [53] (0.005195 p.u. and
0.9186 p.u.), QOSIMBO-Q [55] (0.0071p.u. and 0.8984 p.u.), and QOTLBO [56] (0.0062 p.u.
and 0.9196 p.u). The annual energy loss cost is reduced to PKR 36098.208 which is better
than PKR 36491.359 by SFSA [44], PKR 36491.356 by QOCSOS [53], PKR 36562.312 by
KHA [57], and PKR 36618.552 by MINLP [1].

Table 6. Result comparison for the IEEE 69-bus system at unity power factor.

Method DG Size/Bus PL (kW) QL VD VSI CAEL
(MW) (%PL) (kVAR) (PKR)

SFSA [44]
0.5273/11 69.428 34.6278 0.005185 0.9186 36491.356
0.3805/18 (69.14%)
1.7198/61

QOCSOS [53]
0.5269/11 69.428 34.6283 0.005195 0.9186 36491.356
0.3803/18 (69.14%)
1.7190/61

KHA [57]
0.4962/12 69.563 34.6515 - 0.9185 36562.312
0.3113/22 (69.08%)
1.7354/61

QOSIMBO-Q [55]
0.8336/9 71 35.4736 0.0071 0.8984 37317.6

0.4511/18 (68.44%)
1.5000/61
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Table 6. Cont.

Method DG Size/Bus PL (kW) QL VD VSI CAEL
(MW) (%PL) (kVAR) (PKR)

MINLP [1]
1.7200/61 69.67 34.6286 - - 36618.552
0.3800/17 (69.07%)
0.5300/11

QOTLBO [56]
0.5334/18 71.625 35.3462 0.0062 0.9196 37646.1
1.1986/61 (68.17%)
0.5672/63

MVO
1.9400/61 68.88 35.2731 0.001277 0.9676 36302.328
0.4610/66 (69.33%)
0.447/17

ALO
1.925/61 68.68 35.1813 0.001291 0.9678 36098.208
0.427/17 (66.50%)
0.525/11

4.3.2. Case 2: Three DGs at 0.95 P.F

Table 7 presents a comparison of the findings of the IEEE 69-bus test system at 0.95 p.f.
It can be seen that the power losses are reduced to 90.33% and 90.35% by using the proposed
MVO and ALO, respectively, which are better than 89.87% from QOSIMBO-Q [55] and
89.73% from SIMBO-Q [55]. Similarly, the VD (in p.u.) and VSI (in p.u.) obtained by the
MVO (0.00019 and 0.9870) and ALO (0.00024 and 0.9885) are better than the QOSIMBO-
Q [55] (0.00069 and 0.9741) and SIMBO-Q [55] (0.00075 and 0.9727). It may be noted from
Table 7 that the proposed techniques provide preferable results in terms of the reactive
power loss (QL) and annual energy loss cost (CAEL) as compared to other techniques.
The QL is reduced to 14.1087kVAR by ALO, 11405.52kVAR by MVO, 12141.36kVAR by
SIMBO-Q [55], and 11983.68kVAR by QOSIMBO-Q [55].

Table 7. Result comparison for the IEEE 69-bus system at 0.95 power factor.

Method DG Size/Bus PL (kW) QL VD VSI CAEL
(MW) (%PL) (kVAR) (PKR)

QOSIMBO-Q [55]
0.4497/64 22.8 14.6602 0.00069 0.9741 11983.68
0.6135/17 (89.87%)
1.5789/61

SIMBO-Q [55]
0.5954/19 23.1 14.7630 0.00075 0.9727 12141.36
1.5789/61 (89.73%)
0.4442/64

MVO
2.000/61 21.70 13.9685 0.00019 0.9870 11405.52
0.6674/11 (90.33%)
0.4947/19

ALO
0.8358/11 21.67 14.1087 0.00024 0.9885 11389.752
0.4316/21 (90.35%)
2.000/61

4.3.3. Case 3: Three DGs at Optimal P.F

In this scenario, the real power losses are reduced to 97.16% and 97.15% as compared
to the base case, whereas the QL is reduced to 6.9941 kVAR and 7.0149 kVAR by using the
MVO and ALO, respectively. Table 8 shows a comparison of the real and reactive power
loss reduction with other techniques from the literature, such as the HHO [2] and SFSA [44],
and the efficacy of the proposed techniques is very clear. The voltage deviation (in p.u.) and
voltage stability index (in p.u.) are also improved by using the proposed ALO (0.000329
and 0.9937) and MVO (0.000319 and 0.9929). Table 8 shows a comparison of the results from
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the proposed methods with the HHO [2] and SFSA [44]. In comparison to the HHO [2],
which reduces the active power loss to 6.58 kW, the reactive power loss to 7.5492 kVAR,
and the yearly energy loss cost to 3458.448 PKR, the proposed solutions give a better loss
reduction and cost reduction. Alternatively, the SFSA [44] has a better PL reduction of
4.298 kW and QL a reduction of 6.7597 kVAR as compared to the suggested techniques, but
the VSI is 0.9773 p.u which is lower than the ALO (0.9937 p.u) and MVO (0.9929 p.u).

Figure 12 shows the convergence curve of the proposed techniques at unity power
factors for IEEE 69-bus system. The proposed ALO can produce a quick and steady
convergence. The multi-criteria decision-making (MCDM) techniques such as the WSM,
WPM, TOPSIS, and VIKOR are used to choose the best case among the different power
factors (the unity p.f, fixed p.f, and optimal p.f) by treating all the objectives equally and
assigning equal weights to them. Figure 13 depicts the effect of the DG installation on the
voltage profile of the distribution system with a different p.f. and the graph shows that
integrating multiple DGs with the optimal p.f. results in a significant voltage improvement.

Figure 14 illustrates that, based on the evaluations by each MCDM technique, case 3
(DGs operating at optimal power factor) stands out from the others. The active power loss
at each bus for all of the cases can be seen in Figure 15, and it is clear that PL reduces at
every power factor considered with reference to the base case, but the most reduction can
be noted in case 3. Table 9 illustrates the statistical analysis across ten runs to demonstrate
the efficacy of the proposed ant lion optimization (ALO) and multiverse optimization
(MVO) based on the best, average, and worst values for the power losses. The best value
obtained by the proposed ALO is 68.68, 21.67, and 6.38 at the unity, 0.95, and optimal power
factor, respectively. The average values obtained by the ALO are 70.17, 24.62, and 11.02
at the respective p.f. which are better than the MVO which gives 71.06, 24.88, and 11.93,
respectively. Figure 16 shows the graphical aspect of the statistical analysis discussed in
Table 9, and it can be clearly seen that the ALO performs statistically better as compared to
the MVO.

Figure 12. Convergence curve of ALO and MVO at unity p.f for IEEE 69-bus system.
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Figure 13. Voltage profile at various p.f for 69-bus system.

Figure 14. Cases evaluation for IEEE 69-bus system using various MCDM techniques.

Table 8. Result comparison for the IEEE 69-bus system at optimal power factor.

Method DG Size/pf Location PL (kW) QL VD VSI CAEL
(MVA) (%PL) (kVAR) (PKR)

HHO [2]
0.4711/0.57 17 6.58 7.5492 - - 3458.448
2.0169/0.76 61 (97.07%)
0.7191/0.97 66

SFSA [44]
0.4711/0.819 11 4.298 6.7597 0.000116 0.9773 2259.028
2.0169/0.833 21 (98.09%)
0.7191/0.818 61

MVO
0.5231/0.82 17 6.36 6.9941 0.000319 0.9929 3342.816
0.8275/0.80 11 (97.16%)
2.0123/0.81 61

ALO
0.4672/0.82 21 6.38 7.0149 0.000329 0.9937 3353.328
1.9998/0.80 61 (97.15%)
0.8609/0.80 11
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Figure 15. Active power loss at each bus considering various p.fs for IEEE 33-bus system.

Table 9. Statistical analysis for ALO and MVO for IEEE 69-bus system.

Cases CBest CAverage CWorst

Unity p.f
ALO 68.68 70.17 73.04

MVO 68.88 71.06 73.36

0.95 p.f
ALO 21.67 24.62 28.44

MVO 21.70 24.88 27.61

Optimal p.f
ALO 6.38 11.02 16.02

MVO 6.36 11.93 18.11

Figure 16. Graphical representation of statistical analysis for IEEE 69-bus system.

5. Conclusions

In this study, the proposed ALO and MVO were adopted to reduce the power loss, volt-
age profile, VSI, energy loss cost, and carbon emissions in ADNs. The MCDM techniques
such as the WSM, WPM, TOPSIS, and VIKOR were used to solve the multi-objective issue
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and choose the optimum scenario. The suggested ALO was compared to the MVO based on
a statistical analysis and a convergence curve. The results showed that the ALO has a better
and faster convergence than the MVO and is superior in attaining the optimal DG allocation
in the ADN. The techniques suggested have been tested on standard IEEE 33- and 69-bus
systems at different p.f. levels of operation. The results obtained by the proposed algorithm
revealed that the highest loss reduction in the IEEE 33- and 69-bus systems was 94.43% and
97.16%, respectively, and the maximum VSI was 0.9805 p.u and 0.9937 p.u, respectively;
moreover, the minimum VD for the given test systems was 0.00019 p.u. For both test
systems, CAEL gives the highest reduction in case 3 as 6170.5 PKR and 3353.3 PKR from
110849 PKR and 118049.8 PKR, respectively, whereas the carbon emissions also show a
significant reduction. Among the many DG operation modes, the scenario of the DGs
operating at the optimal power factor has been shown to significantly improve the results.

Future research should investigate the proper distribution of DGs from the perspective
of varying levels of DG penetration at dynamic loading. In addition, the effects of the inter-
mittent nature of a renewable DG could be mitigated by the use of uncertainty modeling.
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Abbreviations
The following abbreviations were used in this paper.

DG Distributed generation
p.f Power factor
ADN Active distribution network
MCDM Multi-criteria decision making
OADG Optimal allocation of distributed generation
PL Active power loss
QL Reactive power loss
VD Voltage deviation
VSI Voltage stability index
CE Carbon emissions
GHG Greenhouse gas
CAEL Annual energy loss cost
SAEL Annual energy loss cost savings
p.u Per unit
PLC Power loss cost
PLS Power loss savings
WSM Weighted sum method
MILP Mixed-integer linear programming
WPM Weighted product method
ALO Ant lion optimization



Sustainability 2023, 15, 4306 28 of 30

MVO Multiverse optimization
SOOP Single-objective optimization problem
MOOP Multi objective optimization problem
Vre f Reference voltage (1.0 p.u)
µe Emissions rate
Ib Branch current
Xb Branch reactence
PGen Active power generation
QGen Reactive power generation
LSF Load sensitivity factor
DERs Distributed energy resources
GE Energy generated by grid
DGE Energy generated by DG
µE Rate of energy ($/kWh)
Iter_max Maximum number of iterations
rand Random number
norinf Normal inflation
curr_iter Current iteration
OPF Optimal power factor
UPF Unity power factor
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