
Ain Shams Engineering Journal 10 (2019) 745–754
Contents lists available at ScienceDirect

Ain Shams Engineering Journal

journal homepage: www.sciencedirect .com
Electrical Engineering
Pareto optimal approach in Multi-Objective Chaotic Mutation Immune
Evolutionary Programming (MOCMIEP) for optimal Distributed
Generation Photovoltaic (DGPV) integration in power system
https://doi.org/10.1016/j.asej.2019.04.006
2090-4479/� 2019 The Authors. Published by Elsevier B.V. on behalf of Faculty of Engineering, Ain Shams University.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Peer review under responsibility of Ain Shams University.

Production and hosting by Elsevier

E-mail addresses: sharifahazma@uniten.edu.my (S.A. Syed Mustaffa),
ismailbm@salam.uitm.edu.my (I. Musirin), 2016205746@isiswa.uitm.edu.my
(M.K. Mohamad Zamani), m_murtadha@salam.uitm.edu.my (M.M. Othman)
S.A. Syed Mustaffa a, I. Musirin b, M.K. Mohamad Zamani b, M.M. Othman b

aCollege of Engineering, Universiti Tenaga Nasional, 43000 Kajang, Malaysia
b Faculty of Electrical Engineering, Universiti Teknologi MARA, 40450 Shah Alam, Malaysia
a r t i c l e i n f o a b s t r a c t
Article history:
Received 11 July 2018
Revised 30 December 2018
Accepted 12 April 2019
Available online 24 May 2019

Keywords:
Multi-objective
Pareto optimal
Fast Voltage Stability Index (FVSI)
Optimal
Distributed Generation Photovoltaic (DGPV)
The latest advancement in the technology, including the integration of the renewable energy resources,
has become a recent trend in the power system infrastructure. Although, this can bring many benefits,
excessive integration without proper planning may lead to unwanted circumstances such as voltage
instability and higher power losses. This paper proposes a new Pareto optimality based technique
namely: Multi-objective Chaotic Mutation Immune Evolutionary Programming. The technique was devel-
oped to determines the optimal location and sizing of Distributed Generated Photovoltaic (DGPV) and
minimizing the multiple objective functions, namely, the active power losses and Fast Voltage Stability
Index (FVSI), simultaneously. The method was tested on the IEEE test system. The results revealed that
the proposed technique had the ability to acquire a set of Pareto solutions. Furthermore, this paper also
confirmed that Multi-objective Chaotic Mutation Immune Evolutionary Programming (MOCMIEP) out-
performed the Multi-objective Evolutionary Programming and Multi-objective Artificial Immune
System in most cases.
� 2019 The Authors. Published by Elsevier B.V. on behalf of Faculty of Engineering, Ain Shams University.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-

nd/4.0/).
1. Introduction

In the last decade, the power generation by renewable energy
resources has become a new trend to cater the rise of energy
demand and provide less greenhouse emission with cleaner energy
production. The renewable energy, in terms of its distributed gen-
eration (DG), is widely integrated in the distribution network,
which is closer to the customer’s side and can directly provide
the energy to consumers. Therefore, it is capable of providing effi-
cient energy usage and improving the performance of the distribu-
tion system network [1,2].
Besides that, the increment of load demand due to the exponen-
tial growth in economics also contributes to the growth of interest
in the DG installation. There are many types of distributed gener-
ations such as hydro, wind turbine, biomass, and solar photo-
voltaic. Currently, Asian countries including Malaysia, are
foreseeing the distributed generation photovoltaic (DGPV) as the
emerging trend within the next few years. Referring to the Low
Carbon Society Blueprint for Iskandar Malaysia 2025, the DGPV
system was one of the recommendations for sustainable and clean
energy production technologies in power system [3]. Other than
the distribution network, the possibility of connecting DGPV into
the large transmission network had also been considered due the
space limitation of new transmission line expansion, enhancement
of power reliability and awareness of the environmental pollution
related to fossil fuels. In addition, through the employment of
DGPV, the transmission congestion can be reduced significantly
[4,5]. Despite all the benefits provided by the DGPV integration,
appropriate location and sizing of the DGPV units are crucial to
maintain a stable and secured power system operation. Therefore,
voltage stability is one of the concerns in maintaining the system
security. Voltage stability is defined as the ability of the power sys-
tem to maintain the normal condition of voltage profile after being
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Nomenclature

Z line impedance
X line reactance
Q reactive power
V voltage
d voltage angle
n Total number of buses

PG generated power
PDG DGPV size
P active power
u normalised factor
M non-dominated solution
N Number of objective function
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subjected to disturbances. It can be classified into static and
dynamic approaches. Static voltage stability assessment is suitable
for power system planning problems. In this work, Fast Voltage
Stability Index (FVSI) is used as one of the objective functions to
determine the voltage stability of the system.

In obtaining the optimal location and sizing of integrated DGPV
units, the objective function of the problem must be properly
defined. The problem can be interpreted either as a single objective
or multi-objectives problem. For simplicity, many studies are deal-
ing with a single objective for solving the optimal allocation of DG
in the power system [6,7]. Ananthapadmanabha. T et al. [6] pro-
posed a forward-backward sweep algorithm for DG sizing and
location that considers the minimization of voltage stability index
(SI) in IEEE 33-bus distribution system. The hybrid particle swarm
optimization algorithmwas used for DG allocation in a distribution
network for power loss minimization [7]. However, in the actual
implementation of this technology, the problem often deals with
several contracting objectives that have to be optimized
simultaneously.

Recently, various metaheuristic techniques have been imple-
mented to solve for multi-objectives optimal location and sizing
of DGs in the distribution system [8–11]. B. Poornazaryan (2018)
has proposed an Imperialistic Competitive Algorithm (ICA) in
[12] for optimal location and sizing of DGs for loss minimization
and voltage stability improvement. The finding of the research sup-
ported that the DG integration in the power system provides a
measure for active power loss minimization. In [13], a multi-
objective technique was used to combine the losses and voltage
stability index using PSO to find the weakest bus for DG placement.
In [14], multi-objective Shuffled Frog Leaping Algorithm (SFLA)
technique was utilized for DG placement and sizing with three
objective functions for minimizing losses, energy cost and total
population. S. Biswas (2014) in [15] had developed a multi-
objective Artificial Bee Colony (ABC) algorithm to determine the
optimal location and sizing of multi-DGs in the distribution of
radial network. Improvements of the multi-objective particle
swarm optimization (PSO) were presented in [16,17] to determine
the best locations for DG in the distribution network with mini-
mization of power losses and cost. However, the main weakness
of this technique is that their performance declines as the search
space increases, and it may be stuck in local optima [18].

Taking power losses, voltage profile, and voltage stability indi-
cator into consideration, the optimal location and size for different
DG units is presented in [19] by using the weighted sum multi-
objective ant lion optimization (ALO). In [20], once again, the
weighted sum multi-objective was applied for the evaluation of
optimal location and sizing of DG. In addition, in this research,
the weighting factors are heuristically chosen and used to combine
multiple criteria into one objective function. However, the draw-
backs of this method are the inappropriate value of the weighted
factor that often leads to imprecise solutions [21].

The Pareto-based multi-objective technique is applied in [22–
24] for finding optimal location and size of DGPV in the distribu-
tion network. In this multi-objective technique, instead of one
solution, a set of solutions known as Pareto optimal solutions
was determined. In order to select the best solution, an intelligent
fuzzy programming is introduced in the algorithm [25]. From the
literature review conducted in the study, most researches were
focused on the impact of DG placement in the radial network dis-
tribution power system. However, by considering the current situ-
ation of the transmission and generation demand expansion, this
paper presents the study to be applied to the transmission power
system.

In this paper, the application of a multi-objective algorithm for
DGPV location and sizing having two contradicting objectives was
presented. The objective functions are to minimize the power losses
and voltage stability index. A newly developed technique, namely,
MOCMIEP has been developed for optimal location and sizing of
two units DGPV in the transmission system. The proposed algorithm
was based on the Pareto optimality to solve the problem. The pro-
posed algorithm is proposed to solve for two DGPV units in IEEE
57-bus system. The results from MOCMIEP are then compared with
the multi-objective Evolutionary Programming (MOEP) and multi-
objective Artificial Immune System (MOAIS). The results obtained
show that the proposed method outperformed other algorithms in
finding the precise solution. The findings from this research is valu-
able for the utility companies in power system’s future planning.

This paper is organized as follows: in Section 2, problem formu-
lation is introduced; Section 3 presents the constraints of the prob-
lem formulations, Section 4 provides the concept of Pareto
optimally in multi-objective problems; Section 5 derives the formu-
lation of the best compromise index. Section 6 explains the step-by-
step implementation of MOCMIEP for optimal location and size of
DGPV problem. Section 7 discusses the results; and finally, Section 8
concludes the findings and contributions of the paper.

2. Problem formulation

The proposed MOCMIEP is applied to a test system, which is
IEEE 57-bus RTS. The experiments are implemented in MATLAB�

R2016b. The experiment is simulated for 20 runs and the best com-
promise solution is then recorded. The optimal location and sizing
of two units of DGPV are simulated with the objective function of
the minimization of active power losses and voltage stability index,
FVSI.

2.1. Objective functions

The issue of dealing with multi-objective optimization is to
optimize two contradicting objective functions. In this study, the
aim is to minimize both objective functions simultaneously.

2.1.1. Minimization of Fast voltage stability index (FVSI)
The first objective, f1 is to minimize the highest value of Fast

Voltage Stability Index (FVSI), which was developed by I. Musirin
in [26], as shown in Eq. (1):

f 1 ¼ min FVSImaxð Þ ¼ min max
4Z2Qj

V2
i X

 ! !
ð1Þ



S.A. Syed Mustaffa et al. / Ain Shams Engineering Journal 10 (2019) 745–754 747
where, ith and jth are the sending and receiving end, respectively.

2.1.2. Minimization of active power losses
The total active power losses in the system, Ploss is the second

objective function, f2 for the problem. The losses can be expressed
by Eq.(2):

f 2 ¼ Ploss

Ploss ¼
PN
i¼1

PN
j¼1

aij PiPj þ QiQj

� �þ bij Q iPj � PiQj

� �� �
aij ¼ rij

Vij j Vjj j cos di þ dj
� �

;bij ¼ rij
Vij j Vjj j sin di þ dj

� � ð2Þ

Vij j\di is complex voltage at bus, ith
rij þ jxij ¼ Zij is the ijth element of Zbus½ � the impedance matrix
Pi and Pj are active power injections at bus ith and jth,

respectively
Qi and Qj are reactive power injections at bus ith and jth,

respectively
For multi-objective problem with two objective functions,

namely, FVSI and active power losses, they are to be minimized
simultaneously while satisfying all of the inequality constraints.
This problem is formulated as a multi-objective optimization prob-
lem with non-linear constrained optimization, as shown in Eq. (3):

min F ¼ f 1; f 2½ � ð3Þ
3. Constraints

In solving a multi-objective problem, there are the equality and
inequality constraints that need to be satisfied. In this section,
these constraints are presented in details.

3.1. Inequality constraint

Inequality constraints refer to equations that are not compul-
sory to be fulfilled. Normally, the inequality equation is defined
by the minimum and maximum range. Therefore, the solution
may be located in between the range said.

3.1.1. DGPV capacity
The first inequality constraint is the DGPV generating capacity.

The sizing varies and is based on the renewable energy policies of
countries and the solar irradiance [27]. It can be expressed as:

Pmin
DG;i 6 PDG;i 6 Pmax

DG;i8i 2 n ð4Þ

where, Pmin
DG;i is the minimum output and Pmax

DG;i is the maximum out-
put of DGPV at the ith bus with DGPV unit.

3.1.2. Position of DGPV
The position of DGPV is based on the number of units that need

to be installed, and is given by:

1 6 DGposition 6 nbuses ð5Þ

PDG;1–PDG;2–PDG;3 ð6Þ
3.1.3. Bus voltage
In order to avoid voltage instability, the voltage of each bus, i in

the system, Vi, should be the limit between its minimum and max-
imum values, and is expressed as:

vmin 6 v i 6 vmax 8i 2 n ð7Þ
where, vmin is the minimum value and vmax is the maximum value of
the bus voltage limit.
3.2.4. Voltage stability
The voltage stability of the power system can be monitored

using a pre-developed index. Generally, to be in a stable condition,
the index must be in between the minimum and maximum limit,
and is defined as follows:

0 < FVSI 6 0:95 ð8Þ

3.2. Equality constraints

Equality constraints refer to the constraint that is compulsory to
be imposed. In the power system, the real power balance equations
in the systemmust be constantly fulfilled within a specific tolerance.

3.2.1. Power balance
The total power generation by both the generator and DGPV

should be equal to the total consumption. The power balance con-
straint is shown in Eq. (9):

XG
i¼1

PG;i � PD;i þ
Xk
i¼1

PDG;i � Ploss ¼ 08i 2 n ð9Þ

where, PG,i, PD,i, PDG,i, and Ploss are the active power generated by
generator, total demand, active power generated by DGPV and
active power losses for ith bus, respectively. G is the total number
of generation units and k is the total number of DGPV units.

4. Pareto optimal solutions

The concept of Pareto optimality is based on the evaluation of
the non-dominated solution, also known as a set of best compro-
mise solutions. In other words, other solutions do not dominate
any individual in this set. Based on Fig. 1, the concept of dominance
and Pareto optimality are explained. In domination concept for
minimization of two objective functions, a solution x1 dominates
solution x2 if the objective function for x1, which is f(x1) is better
than the objective function for x2, f(x2) and x1 is no worse than x2
in at least one objective [28]. Therefore, x1 is known as a non-
dominated solution. In optimization, the test will be applied for
all individuals in the population to come out with a set of solutions
that are non-dominated in the entire search space, known as the
Pareto optimal solution or optimal front. The mathematical expres-
sion of this is shown in Eq.(10):

x1 � x2if

8i : f i x1ð Þ 6 f i x2ð Þ ^ 9j : f j x1ð Þ < f j x2ð Þ ð10Þ

where, j = 1,2,. . .M, which is the number of objective functions.

5. Best compromise solution (BCS)

In multi-objective optimization with non-dominance approach,
the algorithm generated a set of best solutions known as the Pareto
optimal front. The linear membership uk

i is introduced for every
solution in ith Pareto-front, which represents the proper goal of
kth objective function. In reality, the best solution among these
solutions is defined based on the decision maker’s experience
and intuitive knowledge. On the other hand, a decision can also
be made by using the formulation of the best compromise index
[29], as shown in Eq. (11), to choose only one best solution.

ui ¼
PN

k¼1u
k
fiPM

i¼1

PN
k¼1u

k
fi

ð11Þ

The variation of uk
i is determined by the following equations:

uk
fi
¼ 1 if f ki < f kmin

� �
ð12Þ



Dominated solutions
Non-Dominated solutions

x1

Pareto Front

x2

Fig. 1. Pareto optimal front for multi-objective optimization.
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uk
fi
¼ f kmax � f ki

f kmax � f kmin

if f kmin < f i < f kmax

� �
ð13Þ

uk
fi
¼ 0 if f ki > f kmax

� �
ð14Þ

where, f kmin andf kmax are the minimum and maximum values of kth
objective function in kth non-dominated solution, respectively. uk

fi

is the fitness value for all ith non-dominated solutions for all kth
objective functions.

6. Implementation of Multi-Objective chaotic mutation
Immune evolutionary programming (MOCMIEP) for DGPV
sizing and location

Original evolutionary programming (EP) algorithm has a prob-
lem in finding appropriate solutions in some cases and would
always fall into local optima. To improve the search ability and
convergence of this algorithm, some modifications are applied at
the mutation process. The newly proposed algorithm, known as
MOCMIEP, is implemented for solving optimal location and sizing
of the DGPV in the transmission system. The flowchart of this tech-
nique is depicted in Fig. 2.

The steps of the location and size of DGPV problem using MOC-
MIEP algorithm are as follows:

Step 1: Initialization of data, constraints and control variables.
Step 2: Randomize the number of individuals in 1x N vector

[x1, x2, x3, x4, . . ., xN] that represents random DGPV (x1, x2)
position and DGPV sizes (x3, x4)

Step 3: Calculate the fitness functions for kth fitness function
[f1(x), f2(x),f3(x), . . ., fK(x)]

Step 4: Check whether the fitness function satisfies all of the
constraints or otherwise. If yes, proceed to Step 5. If not, go
back to Step 2.

Step 5: Fill in the individuals in the parent population, Np set.
Step 6: Check whether the population is full. If yes, go to Step
7. If not, go back to Step 2.

Step 7: Cloning all the individuals in the population.
Step 8: Classification of population based on non-dominated

sorting.
Step 9: Calculation of Fitness 1.
Step 10: Mutation of population by using the chaotic

mutation to produce offsprings, Nf.
Step 11: Calculation of Fitness 2.
Step 12: Combination of parents, Np and offspring, Nf.
Step 13: Identification of the non-dominated solutions.
for i = 1:2 * N
Determine the number of individuals that is dominated by ‘‘i”

in the combination set
end
Sort based on the non-dominated value (highest to lowest)
Select the top N individuals as the new generation.
Step 14: Check the stopping criteria
if the iteration number >maximum iteration, then
show the non-dominated solutions or Pareto front
else, continue to Step 7
End.
7. Results and analysis

In this work, the placement and sizing of multi-DGPV, as dis-
cussed previously, are considered for the analysis. Optimization
techniques and best compromise calculation were performed to
select the sizing of DGPV and to ensure its optimal location that
can enhance the voltage stability and to reduce the active power
loss. The reactive power loading is performed on bus 19, which is
a load bus. There are two cases considered in this study, namely,
single DGPV and two units DGPV installation. In order to validate
the performance of the proposed method, the results are compared
with classical multi-objective evolutionary programming (MOEP)
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and multi-objective artificial immune system (MOAIS). Table 1 tab-
ulates the pre-DGPV installation data for the test system with reac-
tive power loading variations. It can be seen that the increase in
losses as the loading increases is mainly due to an increase in the
thermal heat in the transmission line. Furthermore, the FVSI of
the system increases tremendously with the increase of the load-
ing from 0.4058 to 0.8294 for 10 MVAR and 30 MVAR loads,
respectively. It implies that the increment of reactive power load-
ing at the chosen load will cause voltage drop which leads to cur-
rent increment and FVSI value increment in the system. Any
Table 1
Pre-DGPV Installation Data.

Reactive Power
Loading, Qd19 (MVAR)

FVSI Losses (MW)

Pre-Installation 10 0.4058 27.85
20 0.5357 29.73
30 0.8294 32.88
attempt to increase reactive power loading higher than 30 MVAR
can possibly force the system to reach FVSI value close to unity
which indicates unstable condition to the whole system. The losses
value increases from 27.85 MW at 10 MVAR to 32.88 MW at 30
MVAR when load was connected to bus 19. Increment of reactive
power loading has big impact to the losses in the system. This phe-
nomenon was due to the increase of current that flows through the
transmission lines, which causes I2R value to increase. The incre-
ment of losses in the system can also cause temperature rise on
the transmission cable. This needs to be avoided so that the system
can still operate within the acceptable limit.
7.1. Case 1: Single unit DGPV installation

Table 2 tabulates the results of location and sizing for single-
unit DGPV installation in IEEE 57-Bus RTS. At reactive power load-
ing of 10 MVAR, MOCMIEP gives bus 49 as the optimal location to
install 59.66 MW for the sizing of DGPV. On the other hand, MOEP
gives bus 38 with DGPV sizing of 45.62 MWwhile MOAIS gives bus



Table 2
Location and Size of Single-Unit DGPV Installation.

Reactive Power
Loading, Qd19 (MVAR)

Techniques Location (Bus) Size (MW)

10 MOCMIEP 49 59.66
MOEP 38 45.62
MOAIS 49 55.22

20 MOCMIEP 38 59.39
MOEP 23 53.63
MOAIS 38 51.67

30 MOCMIEP 38 57.14
MOEP 38 52.70
MOAIS 38 52.70
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39 for the optimal location to install 52.22 MW. At reactive power
loading of 20 MVAR, MOCMIEP gives bus 38, MOEP gives bus 23
and MOAIS gives bus 38 for the optimal location. The sizing of
the DGPV can be referred to the same table. For 30 MVAR reactive
power loading connected to bus 19, all the three techniques exhibit
bus 38 as the optimal locations with 27.14 MW for the MOCMIEP,
52.70 MW for both MOEP and MOAIS. It reflects that all the three
optimization techniques agree each other in term of identifying
the optimal locations. Thus, we can choose any reactive power
loading to perform compensation scheme using DGPV as the com-
pensating device. Apparently, bus 38 is the most suitable location
for performing the DGPV installation in this system for reactive
power loading of 20 MVAR or 30 MVAR.

The percentage of improvement of FVSI and power loss for sin-
gle unit DGPV installation can be referred to Table 3. In general, the
implementation of DGPV installation to the system has signifi-
cantly reduced the FVSI value for all reactive power loadings. This
phenomenon has also agreed with the finding reported by B. Singh
and S.A.A Kazmi in [30] and [31], respectively.. The proposed
multi-objective optimization technique has also reduced the losses
in the system at all the reactive power loadings. The values for FVSI
and losses prior to the DGPV installation can be referred to Table 1.
For instance, at 10 MVAR reactive power loading; MOCMIEP man-
aged to reduce FVSI value to 0.3881 with the DGPV installation for
its original value of 0.4058 as shown in Table 1. This leads to 4.36%
reduction, implying improvement of voltage stability. The losses
have been significantly reduced to 17.69 MW from its original
value (without DGPV installation in Table 1). This implies a loss
reduction of 21.19%. Apparently, the proposed MOCMIEP outper-
formedMOEP and MOAIS in terms of reduction in FVSI and loss val-
ues. At higher reactive power loading worth 30 MVAR, the FVSI
value has been reduced from 0.8294 (in Table 1) to 0.8168. This
phenomenon leads to 1.52% FVSI reduction. On the other hand,
the losses have been reduced to 25.54 MW which gives 22.32%
reduction. From the table, MOCMIEP shows its superiority in terms
of percentage of loss reduction for all reactive power loading as
compared to MOEP and MOAIS.
Table 3
Percentage of Improvement of FVSI and power loss for Single-Unit DGPV Installation.

Reactive Power Loading, Qd19 (MVAR) Techniques FVSI

10 MOCMIEP 0.3950
MOEP 0.4033
MOAIS 0.3955

20 MOCMIEP 0.5229
MOEP 0.5235
MOAIS 0.5287

30 MOCMIEP 0.8168
MOEP 0.8173
MOAIS 0.8173
7.2. Case 2: Two units DGPV installation

In Case 2, two units of DGPV installation have been conducted
to the system. The main reason for this case is to make a compar-
ison of performance with the single-unit DGPV installation. At
reactive power loading of 10 MVAR, MOCMIEP exhibits buses 49
and 51 as the optimal locations for DGPV installation with the siz-
ing of 59.41 MW and 53.94 MW, respectively. This leads to total
sizing of 113.35 MW. On the other hand, MOEP gives buses 50
and 23 for the two units DGPV installation with the sizing of
59.49 MW and 44.62 MW, respectively. This gives total DGPV siz-
ing of 104.11 MW. For MOAIS, buses 50 and 49 are the optimized
locations. The sizing for the two units DGPV are 536.58 MW and
53.62 MW, respectively. This gives total DGPV sizing of
90.20 MW. At higher reactive power loading, i.e. 20 MVAR, both
MOCMIEP and MOEP give buses 49 and 18 for the optimal loca-
tions, while MOAIS exhibits buses 57 and 18. The values for the siz-
ing for all the techniques can be referred to the table. Apparently,
both techniques are comparable. Results for reactive power loading
of 30 MVAR can be referred to the same table. Results from this
table can be beneficial to the power system operator at the Plan-
ning Department of the utility for the offline studies and future
remedial action.

Further detail for Case 2 in terms of percentage of improvement
of FVSI and power loss for two units DGPVs installation are tabu-
lated in Table 5. This table gives the performance of FVSI and loss
reductions. In general, the proposed MOCMIEP outperformed
MOEP and MOAIS in terms of giving the highest reduction of FVSI
and loss. At 30 MVAR reactive power loading, the FVSI value has
been reduced from 0.8294 without DGPV installation (in Table 1)
to 0.7365 with two units DGPV installation to the system, with
the location indicated in Table 4. MOCMIEP is outstanding as com-
pared to MOEP and MOAIS with the percentage of FVSI reduction
worth 11.20%; MOEP only managed to achieve 2.09%, while MOAIS
capable to achieve 1.00%. Percentage of reduction for losses value
using MOCMIEP is 27.18%, while MOEP and MOAIS give 28.98%
and 34.54%, respectively. It is observed that MOEP and MOAIS out-
performed MOCMIEP. Nevertheless, the difference between MOC-
MIEP and MOEP is not significant. Percentage of loss reduction
for 10 MVAR and 20 MVAR reactive power loading are higher for
the optimization process using MOCMIEP as compared to MOEP
and MOAIS. This result indicates MOCMIEP is considered perform-
ing well in most reactive power loadings. In term of percentage of
FVSI reduction, the proposed MOCMIEP has consistently exhibited
the best technique.

7.3. Comparative studies

Comparative studies have been performed to highlight the
effect of single and multi-unit DGPV installation. In this study,
multi-unit refers to two units of DGPV. The results for comparative
studies for single DGPV and two units DGPV are tabulated in
Losses (MW) FVSI Improvement(%) Loss Reduction(%)

21.95 2.65 21.19
22.29 0.61 19.98
22.20 2.53 20.31

23.62 2.39 20.56
23.92 2.27 19.55
23.11 1.31 22.27

25.54 1.52 22.32
25.86 1.46 21.34
25.86 1.46 21.34



Table 6
Comparison of single-unit and Two-Unit DGPV installation for MOCMIEP.

Reactive Power Loading, Qd19 (MVAR) Single DGPV Two DGPVs

% FVSI % Loss % FVSI % Loss

10 2.65 21.19 4.36 36.48
20 2.39 20.56 10.97 30.30
30 1.52 22.32 11.20 34.54

Table 4
Location and Size of Two-Unit DGPV Installation.

Reactive Power Loading, Qd19 (MVAR) Techniques Location (Bus) Sizing (MW) Total Size (MW)

10 MOCMIEP 49 51 59.41 53.94 113.35
MOEP 50 23 59.49 44.62 104.11
MOAIS 50 49 36.58 53.62 90.20

20 MOCMIEP 49 18 55.96 43.39 99.36
MOEP 49 18 49.41 14.88 64.29
MOAIS 57 18 37.03 15.80 52.83

30 MOCMIEP 18 47 52.64 56.80 109.44
MOEP 38 56 54.34 19.81 74.15
MOAIS 16 38 50.54 51.57 102.11

Table 5
Percentage of Improvement of FVSI and power loss for Two-Unit DGPVs installation.

Reactive Power Loading, Qd19 (MVAR) Techniques FVSI Losses (MW) FVSI Improvement (%) Loss Reduction (%)

10 MOCMIEP 0.3881 17.69 4.36 36.48
MOEP 0.3952 18.46 2.60 33.73
MOAIS 0.3895 19.15 4.02 31.19

20 MOCMIEP 0.3947 17.89 10.97 30.30
MOEP 0.4833 21.49 9.78 27.72
MOAIS 0.4770 24.15 10.97 18.77

30 MOCMIEP 0.7365 23.94 11.20 27.18
MOEP 0.8121 23.35 2.09 28.98
MOAIS 0.8211 21.52 1.00 34.54
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Table 6. In general, the percentage of FVSI and loss reductions are
higher with two units DGPV installations as compared to single
DGPV installation for all reactive power loading. For instance, at
10 MVAR reactive power loading value, the percentage of FVSI
reduction is only 2.65% for single DGPV installation; while, with
two units DGPV installations MOCMIEP manage to achieve a signif-
icantly high percentage of FVSI reduction worth 4.36%. Apparently,
two units DGPV installation has shown a profound impact in terms
of voltage stability improvement indicated by a reduction in FVSI
value. The percentage of reduction in losses experienced by the
system through the installation of two units DGPV is also very
promising as can be referred to the same table. With two units
DGPV installation, the percentage of loss reduction is 36.48%;
while, single DGPV can only manage to achieve 21.19%. Apparently,
two units DGPV installation has shown 15.29% higher in terms of
loss reduction as compared to single unit DGPV installation. The
results can be taken as a benchmark by the power system operator
to manage DGPV installation scheme in this system. The same sce-
nario can be observed for other reactive power loading i.e. 20
MVAR and 30 MVAR. For two DGPVs installation at 30 MVAR reac-
tive power loading has shown outstanding results. The reduction of
FVSI is only 1.52% for single DGPV while 11.20% of FVSI reduction
has been achieved with two units DGPV installation. From the
results it is worth to mention that two DGPVs installation scheme
has given good impact to the system in terms of percentage of FVSI
and loss reductions. That means, voltage stability has been
improved while losses have been reduced which lead to tempera-
ture rise avoidance.
The results for Pareto optimal solutions for single unit DGPV
installation with 10 MVAR reactive power loading subjected to
bus 19 in IEEE 57-Bus RTS, performed using MOCMIEP, MOEP
and MOAIS are illustrated in Fig. 3 to Fig. 5. The results are given
in terms of solutions, known as the non-dominated or Pareto opti-
mal solutions, and marked as the red circle. In Fig. 3, MOCMIEP is
capable to achieve the highest number of non-dominated solutions
worth 175. The best compromise solution is chosen based on Eq.
(11) and given as 0.3950 for FVSI and 21.95 MW for losses. How-
ever, some of the solutions are overlapping each other. The Pareto
solutions for MOCMIEP are well distributed to form a trade-off
curve. The best compromise value for FVSI and loss is 0.3950 and
21.95 MW, respectively. On the other hand, Fig. 4 and Fig. 5 show
the results for the non-dominated solutions performed using
MOEP and MOAIS. MOEP managed to achieved 80 non-
dominated solutions while MOAIS exhibits 58 solutions. The best
compromise solution for MOEP is 0.4033 and 22.29 MW for FVSI
and loss, respectively. The best compromise solution MOAIS is
0.3955 and 22.20 MW for FVSI and loss, respectively.

Similarly, Fig. 6 to Fig. 8 demonstrated the Pareto optimal solu-
tions for two units DGPV installation with 10 MVAR reactive power
loading at bus 19 in the same system using MOCMIEP, MOEP and
MOAIS, respectively. In Fig. 6, the non-dominated solutions
achieved by MOCMIEP is 150 with the best compromise solution
of 0.3881 and 17.69 MW for FVSI and loss, respectively. Meanwhile,
Fig. 7 and Fig. 8 illustrated the results for non-dominated solutions
achieved by MOEP and MOAIS, respectively. MOEP managed to
attain 70 non-dominated solutions while MOAIS exhibits 80 solu-



Fig. 3. Pareto fronts for Single-unit DGPV Installation obtained using MOCMIEP.

Fig. 4. Pareto fronts for Single-unit DGPV Installation obtained using MOEP.

Fig. 5. Pareto fronts for Single-unit DGPV Installation obtained using MOAIS.

Fig. 6. Pareto fronts for Two units DGPV Installation obtained using MOCMIEP.

Fig. 7. Pareto fronts for Two units DGPV Installation obtained using MOEP.

Fig. 8. Pareto fronts for Two units DGPV Installation obtained using MOAIS.
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tions. The best compromise solution for MOEP is 0.3952 and
18.46 MW for FVSI and loss, respectively. The best compromise
solution MOAIS is 0.3895 and 19.15 MW for FVSI and loss,
respectively.

8. Conclusion

This paper has presented Pareto optimal approach in multi-
objective chaotic mutation immune evolutionary programming
(MOCMIEP) for optimal distributed generation photovoltaic
(DGPV) integration in power system. In this study, MOCMIEP algo-
rithm has been developed which integrates the elements of chao-
tic, immune and evolutionary to optimally determine the location
and sizing of DGPVs. The objective functions include the minimiza-
tion of maximum system FVSI and power loss. The Pareto optimal-
ity is used to solve the multi-objective optimization problem. This
technique provides a set of solutions, where the decision maker
can select an option based on the desirable result. On the other
hand, the best solution can also be obtained using the best compro-
mise index approach. Two cases with different reactive power
loading have been considered in this study and applied on the IEEE
57-Bus RTS. The proposed MOCMIEP technique has successfully
achieved 22.32% in loss reduction and 1.52% in FVSI reduction for
single unit DGPV installation at 30 MVAR reactive power loading.
This is the maximum achievable values in the study. For two unit
DGPV installation, MOCMIEP has successfully achieved 4.36% in
FVSI reduction and 36.48% loss reduction, experienced at 10 MVAR
reactive power loading. It is worth to mention that the proposed
method is capable of achieving the best solution in most cases,
compared to the other methods in this study. The main contribu-
tion of this work is the development of MOCMIEP technique which
has effectively solved optimization problem while considering all
of the constraints in the optimal location and sizing for the DGPV
installation. It can be concluded that the MOCMIEP is a reliable
optimization method for solving different multi-objective opti-
mization problems in the power system. The developed MOCMIEP
technique can help the power system operators to perform their
offline studies and planning which in turn can give benefits in
terms of economic investment. Further exploration can be done
to solve more complex problems by conducting minor modifica-
tion on the developed algorithm.
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