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In this paper, a simple and efficient nature inspired search method based on differential search algorithm
(DSA) has been presented and used for optimal power flow (OPF) problem in power systems. By using the
proposed DSA method, the power system parameters such as real power generations, bus voltages, load
tap changer ratios and shunt capacitance values are optimized for the certain objective functions.
Different types of single-objective and multi-objective functions on IEEE 9-bus, IEEE 30-bus and IEEE
57-bus power systems are used to test and verify the efficiency of the proposed DSA method. By
comparing with several optimization methods, the results obtained by using the proposed DSA method
are presented in detail. The results achieved in this work illustrate that the DSA method can successfully
be used to solve the non-linear and non-convex problems related to power systems.

� 2015 Elsevier Ltd. All rights reserved.
Introduction

Optimal power flow (OPF) calculations determine optimal con-
trol variables and system quantities for the most efficient power
system planning and operation [1]. Besides, it has been a challeng-
ing task to operate a modern power system in an efficient way due
to the necessity to compensate the system for continually changing
load demand and provide energy of a high quality. The main objec-
tive of optimal power flow can be defined as optimizing a certain
objective function while fulfilling the physical, operational and
security constraints by determining the parameters of power sys-
tem elements such as generators, capacitor banks and load tap
changers.

In general, OPF can be defined as a non-linear, non convex,
multi-dimensional and large-scale numerical problem depending
on line and bus data, and further becomes complicated because
of inclusion of variable constraints while optimizing and satisfying
the system parameters for the objective functions such as fuel cost,
fuel emission cost, voltage profile improvement, voltage stability
enhancement and systems losses.

First examples of OPF algorithms were dependant on different
classical mathematic based programming methods. Gradient based
method [2], non-linear programming [3], linear programming (LP)
[4,5], quadratic programming (QP) [6], Newton-based method
[7,8], sequential unconstrained minimization technique [9] and
interior point methods (IPMs) [10] have successfully proved their
capabilities in this field.

The first method for the solution of OPF problem was the
reduced gradient method, proposed by Carpentier [2]. It were
Dommel and Tinney [3] who presented the formulation of optimal
power flow and worked out the problem based on Kuhn–Tucker
optimality criterion using a combination of the gradient method
for a known group of independent variables and penalty functions.

Abou El-Ala and Abido [4] and Mota-Palomini [5] have used the
linear programming method (LP) on account of its capability to
output results in fast and secure ways than using nonlinear pro-
gramming method due to its deficit of converging to unsuitable
results on local minimum solution sets. Nevertheless, this methods
was not adequate enough to solve non-smooth objective functions.
In addition, quadratic programming (QP) based approaches are
proposed by Burchett [6] and Newton based optimal power flow
methods are used and applied successfully by Sun [7] and Santos
[8].

The classical optimization methods require an initial point
acceptable close to the solution in order not to be stuck in local
minimum. Once the number of control parameters of the problem
increase, the quality of solutions highly depends on the initial set-
tings. Due to the disadvantages of these classical methods and
additionally with the development of computer technologies, the
interest in using the population based optimization methods for
solving the power systems has rapidly grown during the last dec-
ades. The population based optimization methods use the random
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Nomenclature

fVD voltage deviation function
fc quadratic fuel cost function
fPL transmission real power losses function
fE total emission function
fVSI voltage stability enhancement function
PGi the generation of real power at bus i
Pmax
Gi upper limit of power generated by generator i

Pmin
Gi lower limit of power generated by generator i

QGi the generation of reactive power at bus i
Qmax

Gi upper limit of reactive power generated by generator i
Qmin

Gi lower limit of reactive power generated by generator i
PDi the active load demand of bus i
QDi the reactive load demand of bus i
VGi generator voltage magnitude at bus i
Vmax
Gi upper limit of generator voltage magnitude at bus i

Vmin
Gi lower limit of generator voltage magnitude at bus i

VLi voltage magnitude of the load bus at bus i
Vmax
Li upper limit of voltage magnitude of the load bus at bus i

Vmin
Li r limit of voltage magnitude of the load bus at bus i

Ti settings of the tap changing transformers at bus i

Tmax
i upper limits of tap changing position of transformer i

Tmin
i lower limits of tap changing position of transformer i

QCi the output of shunt VAR compensator at bus i
Qmax

Ci upper limit of the output of shunt VAR compensator at
bus i

Qmin
Ci lower limit of the output of shunt VAR compensator at

bus i
SLi transmission line loading of ith branch
Smax
Li upper limit of transmission line loading of ith branch
Smin
Li lower limit of transmission line loading of ith branch
gi is the conductance of the ith line
hij the magnitude and angle of bus admittance element i, j
dk � dm voltage phase angle difference between buses k and m
Ng is the total generator number
NPQ the load bus number
NL the number of transmission lines
NT the number of load tap changer transformers
NQC the number of shunt capacitors
ai, bi, and ci the weighting factors of the generating unit i
ai , bi , ci , ni and ki the emission coefficients of the ith unit
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transition rules rather than deterministic ones, do not employ the
derivative information, have the ability of not being stuck in a local
minimum, and cope with large-scaled non-linear problems. The
most popular methods in this field such as differential evolution
(DE) [11], particle swarm optimization (PSO) [12], stochastic
weight trade-off particle swarm optimization (SWT-PSO) [13],
genetic algorithm (GA) [14], enhanced genetic algorithm (EGA)
[15], evolutionary programming (EP) [16,17], simulated annealing
(SA) [18], biogeography-based (BBO) and quasi-oppositional
biogeography-based optimization (QOBBO) [19,20], gravitational
search algorithm (GSA) [21] and non-dominated sorting multi
objective gravitational search algorithm (NSMOGSA) [22], har-
mony search algorithm (HS) [23], artificial bee colony algorithm
(ABC) [24], modified imperialist competitive algorithm(MOMICA)
[25*] and many more Grey Wolf Optimizer (GWO) [26*–30*] have
been proposed to overcome the OPF problem. The classical opti-
mization methods and the population based optimization methods
aforementioned have been used with their own benefits and limi-
tations in the power systems.

Abou El-Ala and Abido presented DE based approach and pro-
posed optimization of different objective functions that reflect fuel
cost minimization, voltage profile improvement, and voltage sta-
bility enhancement [11]. In [12,13] the results of proposed
approaches based on PSO are compared with the results reported
in the literature. The process of determining the optimal allocation
and ratings of SVC is introduced using various types of GA [14]. In
[15] it is combined a new decoupled quadratic load flow (DQLF)
solution with EGA to solve the OPF problem. Yuryevich and Sood
used EP to solve the OPF problems in order to increase to conver-
gence speed in [16,17]. It is presented the solution of the OPF using
the SA technique simultaneously composed by the load flow and
the economic dispatch problem [18]. The BBO and QOBBO
approaches has been implemented with three different objectives
with the OPF embedded on IEEE 30 bus system respectively
[19,20]. There are also various objective functions are minimized
by using GSA [21]. In [22], The NSMOGSA is applied to solve differ-
ent multi-objective OPF problems of power system network for the
first time. The multi-objective harmony search algorithm was pro-
posed for the OPF [23]. The multi objective optimization problem is
solved by artificial bee colony (ABC) algorithm [24]. In [25*] The
performance of a novel MOMICA approach is evaluated on the
standard IEEE 30-bus and IEEE 57-bus power systems for the OPF.

Recently, a population based method, differential search algo-
rithm (DSA), which is a new and effective evolutionary algorithm
for solving real-valued numerical optimization problems is pre-
sented by Pinar Civicioglu [31]. The DSA simulates the Brownian-
like random-walk movement used by an organism to migrate. In
this paper, a novel DSA-based approach is proposed for the purpose
of solving the OPF problem. The main contribution of this paper is
applying DS algorithm in terms of solving OPF problemwith various
single and multi objective functions. Furthermore, the efficiency of
the proposed DSA method is studied and tested on standard IEEE 9-
bus, IEEE 30-bus and IEEE 57-bus systems. Different single objective
functions such as total fuel cost, fuel emission, power loss, voltage
deviation, voltage stability index minimization and also multi
objective functions such as voltage deviation minimization along
with the fuel cost and voltage stability index minimization along
with the fuel cost are considered and achieved successfully.

Optimal power flow

In the OPF problem considered in this study, the main objective
is optimizing single or multi objective functions while fulfilling the
constraints such as load flow, generation bus voltages magnitudes,
load bus voltage magnitudes, shunt VAR capacitances, reactive
power generations and transformer taps settings.

The problem can be defined as:

Optimize : f ðx;uÞ
With subject of : gðx;uÞ ¼ 0 and hðx;uÞ � 0

f and g represent the objective function and the load flow equations
respectively, h indicates the parameter limits of the system.

In accordance with

x ¼ ½PGslack VL QG Sl� ð1Þ
where x indicates the state variables including real generation
power of the slack bus, voltage of the load bus, reactive generation
power and transmission line loading.

u ¼ ½PG VG QC T� ð2Þ
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u represents the variable vector for the elements including the real
power, generator, the output of shunt VAR compensators and set-
tings of the tap changing transformers.

Objective function

Certain objective functions used in this work are given below.

Quadratic cost function
The fuel costs regarding to each generator unit are modeled by

quadratic functions as:

f c ¼
XNG

i¼1

ai þ biPGi þ ciP
2
Gi ð3Þ
Voltage deviation
In the literature, it is desirable to maintain the voltage deviation

limits usually within ±5% of the nominal value and fix at 1 p.u if
possible [32]. The voltage deviation for load buses is calculated
as follows:

f VD ¼
XNPG

i¼1

jVi � 1j ð4Þ
Transmission real power losses
The control parameters are optimized in order to minimize the

real power loss. The real power losses for each transmission line
can be calculated as,

f PL ¼
XNL

i¼1

gi V2
k þ V2

m � 2VkVm cosðdk � dmÞ
h i

ð5Þ
Voltage stability enhancement
Voltage stability is defined as the ability to fix the voltage

magnitude of the load buses at a desired value or interval in
nominal conditions. Generally, the voltage stability index, L-
index, at any bus varies between zero (no load case) and one
(voltage collapse). Voltage stability index is used to estimate
the voltage issues of power systems most accurately in order
to move the system far from voltage collapse state. In order to
enhance the voltage stability and move the system far from
the voltage collapse point, the following objective function is
proposed [33].

f VSI ¼ minðmaxðLjÞÞ ð6Þ
There are certain bus types included in a power system can be

categorized as generator (PV and slack bus) and load (PQ) buses.
Due to the voltage stability and security problem being related to
reactive power dispatch, it is absolutely necessary to distinguish
all of the buses. The L-index formulation used it this work is also
given below [34].

Isystem ¼ IL
IG

� �
¼ YLL YLG

YGL YGG

� �
VL

VG

� �
ð7Þ

where L and G indicates load and generator, respectively,

VL

IG

� �
¼ ZLL �ZLLYLG

ZLLYGL YGG � YGLZLLYLG

� �
IL
VG

� �
ð8Þ

Here, ZLL ¼ Y�1
LL . For any load bus j 2 L, though the Eq. (8), the

voltage of the bus is known as:

_VJ ¼
X
i2L

Zji
_Ii þ

X
k2G

Ajk
_Vk where A ¼ �ZLLYLG ð9Þ
The indicator of the voltage stability of the load bus j will be
easily obtained.

Lj ¼ 1þ
_Voj

_Vj

�����
����� where _Voj ¼ �

X
k2G

Ajk
_Vk ð10Þ
Fuel cost emission
For the purpose of satisfying the energy demand which

increases day by day, it is unavoidable to generate electrical energy
in spite of emitting harmful gases and increasing the air pollution.
Thus, the objective of fuel emission optimization is minimizing the
harmful gas amount emitted to air by optimizing control variables
of the system. The total fuel emission for the generators can be for-
mulated as [35],

f E ¼
XNg

i¼1

ai þ biPGi þ ciP
2
Gi þ niexpðkiPGiÞton=h ð11Þ
Load flow equations and constraints

The typical equations related to load flow, g(x, u), in the litera-
ture is given by,

PGi � PDi �
Xn
j¼1

jVijjVjjjYijj cosðhij � di þ djÞ ¼ 0 i ¼ 1; . . . ;N ð12Þ

QGi � QDi �
Xn
j¼1

jVijjVjjjYijj sinðhij � di þ djÞ ¼ 0 i ¼ 1; . . . ;N ð13Þ

where, elements of the bus admittance matrix are represented by
jYijj and hij and finally n is the total bus number.

The parameter constraint limits, h(x, u), including the typical
load flow constraints are given as,

Generator constraints
The generator voltage, active and reactive powers can be lim-

ited by the user as,

Vmin
Gi 6 VGi 6 Vmax

Gi i ¼ 1; . . . ;Ng ð14Þ

Pmin
Gi 6 PGi 6 Pmax

Gi i ¼ 1; . . . ;Ng ð15Þ

Qmin
Gi 6 QGi 6 Qmax

Gi i ¼ 1; . . . ;Ng ð16Þ
Transformer constraints
The maximum and minimum limits of tap settings regarding

the transformer is given by,

Tmin
i 6 Ti 6 Tmax

i i ¼ 1; . . . ;NT ð17Þ
Shunt VAR compensator constraints
The maximum and minimum reactive power that can be

injected or absorbed by compensators are defined by the user as,

Qmin
Ci 6 QCi 6 Qmax

Ci i ¼ 1; . . . ;NQC ð18Þ
Security constraints
The load bus voltage constraints and the maximum value of

loadability capacity of the transmission line is,

Vmin
Li 6 VLi 6 Vmax

Li i ¼ 1; . . . ;NPQ ð19Þ

SLi 6 Smax
Li i ¼ 1; . . . ;NL ð20Þ
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Differential search algorithm (DS)

DS is a newly developed optimization algorithm which simu-
lates the Brownian-like random-walk movement used by a living
organism to migrate.

Quality and efficiency of the food sources in the nature such as
meadows and lakes may vary because of the climatic changes dur-
ing a year, decade or century. In order to find high quality food
sources and overcome the famine, living organisms migrates sea-
sonally through intervals. This behavior assures the organism
move to a new environment where the food source is of a high
quality and variation.

The migrating organisms form a super organism which com-
prises large number of individuals, and the superorganism starts
to change its location by moving to areas containing high quality
food sources. Movement of a super organism can be described by
a Brownian-like random-walk model. The behavior of superorgan-
isms has been modeled using a number of computational intelli-
gence algorithms, such as PSO, cuckoo search, ant colony, and
artificial bee colony. Many species of predatory living beings,
before moving or migrating to a site, control the fertility of this
one. In other words, if a superorganism desires to move to a new
site that can meet its needs, this superorganism settles in this
new site at least for a period of time. However, if a more fertile area
is found, the superorganism continues its migration [31].

It is assumed, in DS algorithm, that a population made up of
random solutions of the respective problem corresponds to an
artificial-superorganism migrating. In DS algorithm, artificial-
superorganism migrates to global minimum value of the problem.
During this migration, the artificial-superorganism tests whether
some randomly selected positions are suitable temporarily during
the migration. If such a position tested is suitable to stop over for a
temporary time during the migration, the members of the
artificial-superorganism that made such discovery immediately set-
tle at the discovered position and continue their migration from
this position on [31]. The pseudo-code indicating the DS algorithm
is given by Fig. 1, where N is the population size, D is the dimension
of the problem and G is the maximum number of generation.
Pseudo-code of DS algorithm is given below.

As shown in the formulation above, the DS algorithm employs
multiple random numbers in order to generate new artificial
organisms and select artificial organisms randomly for the purpose
of converging to global optimum. Primarily, there are 4 numbers;
randg, rand1, rand2, rand3 randomly generated in each iteration
which are used to generate new artificial organisms. Also, there
are 6 randomly generated numbers; rand6, rand7, rand8 rand9,
rand10 are used in the process of random selection. Thus, the pro-
cesses aforementioned lead the algorithm to diverge from local
minimum and search for possible global optimum meanwhile
keeping the variables in constraints.
Implementation of DSA in OPF

DSA is similar to those other population based heuristic meth-
ods which use randomly generated possible solution sets of pre-
determined dimensions (D) in upper and lower constraints. In
DSA, N number of artificial organisms composed of D components
determined initially forms a super organism. The super organism
represents the candidate solution sets consist of OPF variables such
as generator bus voltage, generation power, load tap changer and
shut capacitance ratios. The fitness values of each solution set
which consists the super organism are calculated and determined
by applying the load flow equations.

Stopover site, which contributes the migration motion of artifi-
cial organisms, is generated among an artificial organism and a
randomly selected donor based on Brownian-like random walk
model during the DSA process. It is worthwhile to note that
stopover site is generated by using a scale factor which can be a
pre-determined fixed value as well as a randomly generated num-
ber. This scale factor lets the current artificial organism move and
change direction in its constrained D dimensional space based on
the size and direction of donor. The stopover site is chosen and
replaces the direction of current artificial organism with the condi-
tion of having a better fitness and also necessitated being in the
upper and lower constraints aforementioned. Thus, a new migra-
tion motion in D dimensional space is formed spontaneously in
each iteration by determining the best solution set which leads
the super organism to the global optimal solution.

For the purpose of using the proposed DSA method for the OPF
problem can be summarized as;

1. Load the system data and constraints.
2. Specify the DSA parameters such as number of individuals

and maximum cycle.
3. Initialize a superorganism consisting a number of solution

sets (individuals) for the first iteration.
4. Run the power flow algorithm for the initial superorganism.
5. Evaluate the fitness of the results, determine the best indi-

vidual within the superorganism.
6. Generate new individuals depending on the best individual

of the previous iteration
7. Increase cycle number by 1.
8. Run the power flow algorithm for the new superorganism

including new individuals
9. Memorize the best global solution found so far.

10. Check if the maximum cycle met; stop the iteration process
or jump to step 6.

Test results and discussion

In order to test and verify the efficiency of the proposed DSA
method, 3 different types of test systems, IEEE 9 bus, IEEE 30 bus
and IEEE 57 bus, are used. The load demands are modeled as the
fixed loads given in literature. The optimization results obtained
by the proposed DSA method are given in Tables 1–4 for each case
by comparing with the results of other optimization methods
reported in the literature.

IEEE 9-bus test system

Detail system data is given in [36,37]. The minimum and max-
imum voltage magnitudes of all buses were considered to be 0.95
and 1.05 in p.u respectively. Also, the upper and lower limits of all
generator reactive powers were considered to be ±75% of the cor-
responding generator maximum active power output. The total
system demand was 3.15 p.u for active power and 1.15 p.u for
reactive power at 100 MVA base.

Case 1.1. Fuel cost minimization
In this case, the fuel cost optimization results are obtained for

the IEEE 9 bus power system.
The results are compared with the other results obtained by

other methods, ABC [24] and DE [38] and trajectory sensitivity
(TS) [37], reported in the literature. It is clearly seen that the pro-
posed DSA method converges to a better solution set by optimizing
the control parameters when compared to DE and TS methods. On
the other hand, the major reason of the proposed DSA method con-
verging to the same result and not being able to minimize better
than the result reported by ABC [24], is searching in small scaled
solution sets because of having only 5 control parameters.



Fig. 1. Procedure of DS Algorithm.

Table 1
Optimal control variable settings for IEEE 9 bus system.

Case 1.1 Case 1.2 Case 1.3

DSA ABC [24] DE [38] TS [37] DSA ABC [24] DSA ABC [24]

P1 1.059378 NR⁄ 1.0594 1.0619 1.93372 NR 1.068951 NR
P2 1.130418 1.130074 1.1304 1.1296 0.691093 0.811024 1.128631 1.130127
P3 0.992370 0.992645 0.9929 0.9920 0.555769 0.454861 0.987576 0.986460
V1 1.0500 1.0500 1.05 NR 1.04361 1.0435 1.0413 1.0425
V2 1.0500 1.0500 1.05 NR 0.998619 0.9980 1.0275 1.0262
V3 1.0397 1.0397 1.04 NR 0.987869 0.9884 0.9808 0.9796
Fuel Cost ($/h) 1132.176 1132.176 1132.30 1132.59 1212.246 1210.2384 1133.2155 1133.3066
Voltage deviation 0.2280 0.2280 NR NR 0.047822 0.0479 0.0515 0.0512
J1 – – – – – – 1138.3655 1138.4266

NR = Not reported.
The bold values represent the best result for all setting parameters.
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Table 2
Optimal control variable settings for fuel cost function on IEEE 30 bus system.

Min Max Case 2.1

DSA ABC [24] GSA [21] HS [23] PPSO [42] EGA [15] BBO [19] DE [11] PSO [33]

P1 0.50 2.00 1.76954 1.76791 0.17574 1.77196 1.77130 NR 1.770177 1.762592 1.7696
P2 0.20 0.80 0.48713 0.48502 0.48165 0.48227 0.48820 0.4811 0.486410 0.485602 0.4898
P5 0.15 0.50 0.21383 0.21507 0.21381 0.21279 0.21400 0.2128 0.212390 0.213402 0.2130
P8 0.10 0.30 0.21285 0.21329 0.21561 0.21204 0.21300 0.2093 0.211360 0.220553 0.2119
P11 0.10 0.30 0.12044 0.12301 0.12417 0.11671 0.11820 0.1250 0.119440 0.117785 0.1197
P13 0.12 0.40 0.12000 0.12000 0.12510 0.12359 0.12000 0.1200 0.120540 0.120217 0.1200
V1 0.95 1.1 1.08442 1.0811 1.08623 1.0997 1.08 1.100 1.1000 1.0999 1.0855
V2 0.95 1.1 1.06454 1.0584 1.04668 1.0829 1.06 1.081 1.0876 1.0890 1.0653
V5 0.95 1.1 1.03347 1.0283 1.03557 1.0505 1.03 1.053 1.0614 1.0659 1.0333
V8 0.95 1.1 1.03880 1.0375 1.07696 1.0558 1.03 1.062 1.0695 1.0697 1.0386
V11 0.95 1.1 1.09793 1.0977 1.07745 1.0972 1.07 1.095 1.0982 1.0965 1.0848
V13 0.95 1.1 1.04266 1.0488 1.09999 1.0978 1.05 1.088 1.0998 1.0996 1.0512
T11 0.90 1.05 1.05000 1.0500 0.93929 1.0194 0.908 0.950 1.05 1.0429 1.0233
T12 0.90 1.05 0.96536 0.9500 1.00659 0.9015 0.984 1.037 0.90 0.9179 0.9557
T15 0.90 1.05 0.97918 0.9875 0.90737 0.9857 1.096 1.000 0.99 1.0190 0.9724
T36 0.90 1.05 0.97772 0.9750 0.92185 0.9558 0.982 0.975 0.97 0.9836 0.9728
Qc-10 0.00 0.05 0.05000 0.05000 0.021903 0.02110 0.03400 0.04000 0.05000 0.045453 0.0335
Qc-12 0.00 0.05 0.05000 0.05000 0.050000 0.04970 0.03020 0.02000 0.05000 0.040158 0.0220
Qc-15 0.00 0.05 0.05000 0.05000 0.000000 0.04780 0.02930 0.05000 0.05000 0.041734 0.0198
Qc-17 0.00 0.05 0.05000 0.05000 0.027152 0.04660 0.00 0.00000 0.05000 0.025171 0.0315
Qc-20 0.00 0.05 0.04991 0.04000 0.000006 0.04590 0.04550 0.02000 0.05000 0.020916 0.0454
Qc-21 0.00 0.05 0.05000 0.05000 0.000000 0.05000 0.04840 0.04000 0.05000 0.041990 0.0381
Qc-23 0.00 0.05 0.04435 0.03000 0.000005 0.04230 0.03700 0.04000 0.04000 0.025527 0.0398
Qc-24 0.00 0.05 0.05000 0.05000 0.000000 0.04970 0.05000 0.03000 0.05000 0.043812 0.0500
Qc-29 0.00 0.05 0.02992 0.05000 0.000000 0.02380 0.00 0.01000 0.03000 0.027503 0.0251

Fuel cost ($/h) 800.3887 800.660 798.675a 798.80a 800.64 799.56a 799.1116 a 799.2891a 800.41
Power loss (MW) 8.9819 9.0328 8.3860 8.6541 NR 8.697 8.63 8.6150 NR
Emission (ton/h) 0.36672 0.365141 NR NR NR NR NR NR NR
L-index 0.12624 0.1381 0.130759 0.1180 NR 0.111 NR NR NR

The bold values represent the best result for all setting parameters.
a Infeasible solution.

Table 3
Optimal control variable settings for power loss function on IEEE 30 bus system.

Case 2.2 Case 2.3

DSA ABC [24] HS [23] EGA [15] DSA ABC [24] MSLFA [35]

P1 0.510945 0.510780 0.525327 NR 0.640725 0.640621 0.657798
P2 0.800000 0.800000 0.795432 0.800000 0.675711 0.675849 0.682688
P5 0.500000 0.500000 0.498152 0.500000 0.500000 0.500000 0.500000
P8 0.350000 0.350000 0.347403 0.350000 0.350000 0.350000 0.349999
P11 0.300000 0.300000 0.297884 0.300000 0.300000 0.300000 0.299982
P13 0.400000 0.400000 0.399480 0.400000 0.400000 0.400000 0.399970
V1 1.0605 1.0627 1.0754 1.0435 1.0600 1.0612 NR
V2 1.0566 1.0575 1.0728 1.0435 1.0549 1.0550 NR
V5 1.0378 1.0385 1.0540 1.0247 1.0316 1.0350 NR
V8 1.0453 1.0444 1.0637 1.0347 1.0399 1.0433 NR
V11 1.1000 1.0739 1.0991 1.0700 1.0778 1.0878 NR
V13 1.0474 1.0463 1.0967 1.0430 1.0709 1.0535 NR
T11 1.0329 1.0500 1.0022 1.0375 0.9989 1.0125 NR
T12 0.9993 0.9375 0.9078 0.925 1.0046 1.0125 NR
T15 0.9913 0.9875 0.9593 0.975 1.0368 1.0000 NR
T36 0.9786 0.9750 0.9533 0.975 0.9792 0.9875 NR
Qc-10 0.0500 0.0500 0.0499 0.0500 0.0393 0.0500 NR
Qc-12 0.0500 0.0500 0.0486 0.0300 0.0500 0.0500 NR
Qc-15 0.0500 0.0500 0.0493 0.0000 0.0500 0.0500 NR
Qc-17 0.0500 0.0500 0.0488 0.0100 0.0500 0.0500 NR
Qc-20 0.0500 0.0400 0.0442 0.0400 0.0500 0.0400 NR
Qc-21 0.0500 0.0500 0.0499 0.0200 0.0500 0.0500 NR
Qc-23 0.0422 0.0300 0.0411 0.0500 0.0406 0.0300 NR
Qc-24 0.0500 0.0500 0.0499 0.0500 0.0500 0.0500 NR
Qc-29 0.0303 0.0200 0.0317 0.0500 0.0286 0.0200 NR

Fuel cost ($/h) 967.6493 967.681 964.5121 967.86 944.4086 944.4391 951.5106
Power loss (MW) 3.09450 3.1078 2.9678a 3.2008 3.24373 3.2470 NR
Emission (ton/h) 0.20826 0.207268 NR NR 0.2058255 0.204826 0.2056
L-index 0.12604 0.1386 0.1154 0.12178 0.12734 0.1402 NR

The bold values represent the best result for all setting parameters.
a Infeasible solution.
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Table 4
Optimal control variable settings for L-index function on IEEE 30 bus system.

Case 2.4 Case 2.5

DSA BBO [19] MODE [40] DSA ABC [24] BBO [19] DE [11]

P1 0.52190 0.99415 0.12712 1.751191 1.764801 1.752686 1.716553
P2 0.80000 0.34794 0.3885 0.485758 0.488594 0.48265 0.489937
P5 0.50000 0.49901 0.4476 0.215202 0.217626 0.21375 0.222895
P8 0.35000 0.34831 0.3400 0.209169 0.214316 0.19817 0.210117
P11 0.30000 0.29569 0.2669 0.142157 0.121617 0.1354 0.173254
P13 0.39631 0.39995 0.1738 0.120000 0.120000 0.15411 0.124386
V1 1.06780 1.0995 1.0700 1.0823 1.0722 1.0669 1.0777
V2 1.07250 1.0822 1.0520 1.0991 1.0621 1.0390 1.0668
V5 1.06000 1.0738 1.0610 1.0829 1.0567 1.0157 1.0828
V8 1.05000 1.0499 1.0400 1.0412 1.0438 0.9886 1.0875
V11 1.05787 1.0837 1.0980 1.1000 1.0286 1.0880 1.0597
V13 1.01076 0.96403 1.0520 0.9780 1.0490 1.0018 1.0191
T11 1.0500 1.0999 1.0390 1.0253 1.0125 0.9900 0.9032
T12 0.9000 1.0999 0.9590 1.0143 0.9000 1.1000 0.9656
T15 0.9356 1.1000 0.9960 0.9677 1.0000 1.1000 0.9181
T36 0.9846 0.90246 0.9820 0.9781 0.9750 0.9000 0.9147
Qc-10 0.0500 0.047741 0.0405 0.0285 0.050 0.050 0.017913
Qc-12 0.0500 0.049482 0.0442 0.0500 0.050 0.050 0.045849
Qc-15 0.0500 0.047491 0.0419 0.0500 0.030 0.050 0.019791
Qc-17 0.0500 0.047138 0.0498 0.0500 0.050 0.050 0.011993
Qc-20 0.0500 0.049353 0.0486 0.0500 0.050 0.050 0.043640
Qc-21 0.0500 0.049498 0.0490 0.0500 0.040 0.040 0.048026
Qc-23 0.0500 0.049404 0.0496 0.0500 0.040 0.050 0.022490
Qc-24 0.0500 0.048298 0.0490 0.0472 0.050 0.050 0.012199
Qc-29 0.0500 0.048054 0.0490 0.0500 0.030 0.050 0.008939

Fuel cost ($/h) 967.4718 917.3597 856.90 800.93316 801.6650 805.7252 807.5272
L-index 0.1244 0.09803a 0.1246 0.124992 0.1379 0.1104 0.1219
Power loss (MW) 3.4217 4.95 5.40 8.947917 9.2954 10.21 10.3142
J2 – – – 1550.8851 1629.065 1468.1252a 15389272a

The bold values represent the best result for all setting parameters.
a Infeasible solution.
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Case 1.2. Voltage profile improvement
In order to improve the voltage profile of the system, voltage

values of all load buses are intended to be fixed at 1 p.u by
minimizing the voltage deviation (4). The results given by Table 1
show that the proposed method optimizes to a better solution by
decreasing the voltage deviation from 0.0479 [24] to 0.0478.

Case 1.3 Voltage deviation along with cost
Combining both the fuel cost-based objective function and the

voltage profile improvement objective function leads to the follow-
ing two fold objective function.

J1 ¼ f c þw1f VD ð21Þ
where w1 is a suitable weighting factor to be selected by the user.
w1 is chosen same as, 100, given in the literature [24]. The best solu-
tion is obtained for the values of fuel cost and voltage deviation for
1133.2155 and 0.0515 respectively. The voltage deviation along
with cost (21) is obtained as 1138.3655 which is 0.0611 better than
result reported by ABC [24] 1138.4266.

IEEE 30-bus test system

The IEEE 6 generator 30-bus system [39] has been used to show
the effectiveness of the DS algorithm. The system has six genera-
tors at buses 1, 2, 5, 8, 11, and 13 and four transformers with off-
nominal tap ratio at lines 6–9, 6–10, 4–12, and 28–27. In addition,
buses 10, 12, 15, 17, 20, 21, 23, 24, and 29 have been selected as
shunt VAR compensation buses. The total system demand was
2.834 p.u for the active power, and 1.262 p.u for the reactive power
at 100 MVA base. The bus voltages are constrained to between
0.95–1.1 and 0.95–1.05 for generator and load buses, respectively.
Real generation powers, load tap changer ratios and shunt capaci-
tances are chosen as the control parameters for the optimization. It
is aimed to optimize the power system control parameters by
using the proposed DSA method for single-objective functions such
as fuel cost minimization, power loss minimization, fuel emission
minimization, voltage stability enhancement and multi-objective
function, voltage stability enhancement along with the fuel cost.

Case 2.1. Quadratic cost minimization
The quadratic fuel cost formulation (3) is chosen as the objec-

tive function for minimization by achieving the best solution set
for the system control parameters. By using the proposed DSA
method, the total fuel cost is decreased to 800.388 $/h. The detailed
comparison of the control parameters with the results reported in
the literature achieved by other optimization methods; ABC [24],
GSA [21], HS [23], PPSO [42], EGA, [15], BBO [19], DE [11] and
PSO [33], are given by Table 2. It is clearly seen that the proposed
method achieves to best solution set for minimizing the chosen
objective function compared to ABC [24], PSO [33] and PPSO
[42]. On the other hand, the reported results by using other opti-
mization methods given by GSA [21], HS [23], EGA [15] and DE
[11] achieve to a better result and solution set than the proposed
DSA method. However this results can be defined as infeasible
solutions. Reasons for infeasibility of these results can be summa-
rized as.

The best solution given by GSA [21] method is an infeasible
solution due to load buses 9, 12, 14, 15, 16, and 27 having voltage
values of 1.0672, 1.088, 1.0711, 1.0637, 1.0665 and 1.0671 respec-
tively which exceeds the maximum limit for load buses, 1.05.

For the case of results reported in [23], all of the load buses
except 7 have voltage values of between 1.0509 and 1.0869 which
violate 1.05 p.u upper limit given by the literature.

Likewise, if the solution set and results given by [42] are inves-
tigated, it can be calculated that the load bus 9 has the voltage of
1.0681 p.u which also exceeds the upper limit.
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For the best solution reported in [15], there are voltage viola-
tions for the load buses 3, 4, 6, 9, 10, 12, 14, 15, 16, 17 and 27 which
are between 1.0511 and 1.0788 p.u.

For the case of results reported in [11], the load buses except 26
and 30 violate the upper limit of constraints with the values of
between 1.0508 and 1.0764 p.u. For the case of results reported
in [19], there were voltage magnitude violations at all load buses.

As aforementioned above, the increment in load bus voltages
causes generators to violate reactive power limits. Because of this,
it is not possible for IEEE 30 bus test system operate securely in
constraints and the system will end up in infeasible state as given
in the literature [24].

The total fuel cost convergence and the voltage profile chart of
all load buses are given by Figs. 2 and 3, respectively. It can be seen
in Fig. 2 that the load bus voltages are limited to between 0.95 and
1.05 p.u.
Case 2.2. Power loss minimization
In this case, it is aimed to decrease and minimize the real power

loss (5) by optimizing the control parameters of the system and the
solution sets regarding these parameters and results are given by
Table 3. The real power loss is obtained as 3.0945 MW by using
the proposed DSA method which proves the its ability to solve real
power minimization problem. Moreover, when the result and solu-
tion set reported by HS [23] method is investigated, it can be stated
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Fig. 2. Convergence of the DS algorithm for case 2.1 of IEEE 30-bus system.
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Fig. 3. Voltage profile chart for the IEEE 30-bus system.
that the solution is infeasible due to all the load buses except 7 and
28 having voltage values of between 1.0531 and 1.0958 which are
out of the system constraints.

Case 2.3. Fuel emission
The fuel emission formulation given by (11) is chosen as the

objective function for minimization and the best solution set is
achieved by the proposed DSA method. Comparison table is given
by Table 3. On the other hand, the major reason of the proposed
DSA method not being able to converge to a better result than
ABC [24], is evaluating an exponential objective function (11) in
small size of solution sets.

Case 2.4. Voltage stability enhancement
In this case, the voltage stability index given by (6) is minimized

by optimizing the control parameters of the systemwithin the con-
straints by using the proposed DSA method and the results are
given by Table 4. The results are compared to BBO [19] and MODE
[40] optimization methods, when the results compared it is seen
that proposed method converges to a better result than MODE
[40]. Nonetheless, the solution set given by BBO [19] method
causes the system being infeasible. Because the voltages of load
buses are 1.0732, 1.0676, 1.0597, 1.0531, 1.0567, 1.0990, 1.0938,
1.0776 for buses 3, 4, 6, 7, 25, 27, 29 and 30 respectively and violate
the upper limit given by the literature.

Case 2.5. Voltage stability enhancement with fuel cost minimization
For this case, the voltage stability index and fuel cost are opti-

mized simultaneously. The multi-objective function is chosen as
J2 (22) which is the sum of the fuel cost objective function (10)
and voltage stability objective function weighted by w2.

J2 ¼ f c þw2ðmaxðLjÞÞ ð22Þ
wherew2 is a suitable weighting factor, to be selected by the use and
chosen 6000 as reported works in the literature [11,19,21,24]. The
results achieved by the proposed DSA method are compared with
ABC [24], BBO [19] and MODE [40] methods. The voltage stability
index (L-index) value is obtained as 0.124992 which is better by
9.6% than the results obtained by the ABC [24] method reported in
the literature. Likewise, the fuel cost is decreased to 800.93316which
is the best of the other methods compared in Table 4. Additionally,
the results given by using BBO [19] and DE [11] methods are seem
to converge to better results than the proposedDSAmethod. If inves-
tigated, it is clearly seen that the load buses 27 and 29 for BBO and 9,
10, 12, 14, 15, 16, 17, 18, 19, 20, 21, 22, 23, 24, 25, 26, 27, 29 and 30 for
DE violates the constraints with voltage values of between of 1.0580
and 1.0628, 1.0517 and 1.0855 respectively.

IEEE 57-bus test system

In this case IEEE-57 bus test system, whose control parameter
dimension is bigger than the IEEE-30 bus test system, is chosen
in order to investigate and test the proposed DSA method. The total
system demand is 12.508 p.u for the active power and 3.364 p.u for
the reactive power at 100 MVA base, line data and bus data can be
found in [43]. The control parameters can be defined as the gener-
ation values of six generation buses excluding slack bus which is
chosen as 1, voltage values of seven generation buses including
slack bus, tap ratios of fifteen load tap changers and capacitance
values of three shunt capacitors. The bus voltages are constrained
to between 0.95–1.1 and 0.94–1.06 for generator and load buses,
respectively [24]. Three different objective functions are used for
optimization by using the proposed DSA method which are
quadratic cost function (3), voltage deviation minimization along
with cost (21) and voltage stability minimization along with the



Table 5
Optimal control variable settings for IEEE 57 bus system.

Case 3.1 Case 3.2 Case 3.3

DSA DSAa ABC [24] GSA [21] EADDE [41] DSA EADDE [41] DSA EADDE [41]

P1 1.428228 1.428225 1.428100 1.42369 1.4315 1.426780 1.5382 1.436808 1.4616
P2 0.877154 0.877162 0.900328 0.92630 0.9529 0.896405 0.8367 0.919522 0.9634
P3 0.448548 0.448550 0.445147 0.45318 0.4532 0.456795 0.7156 0.455377 0.6294
P6 0.699070 0.699066 0.742003 0.72355 0.7360 0.731394 0.5479 0.735865 0.9107
P8 4.684989 4.684986 4.548470 4.64743 4.6485 4.617316 5.0675 4.728002 4.7444
P9 0.964444 0.964449 0.968847 0.84999 0.8344 0.921106 0.7993 0.770380 0.2701
P12 3.562434 3.562451 3.627722 3.63961 3.6124 3.614796 3.1960 3.634963 3.7174
V1 1.0466 1.0463 1.0423 1.05941 1.0499 1.0212 1.0058 1.0089 0.9971
V2 1.0948 1.0932 1.0411 1.05759 1.0479 1.0740 1.0026 0.9930 0.9992
V3 1.0033 1.0034 1.0385 1.0600 1.0408 1.0646 1.0108 1.0486 1.0064
V6 1.0123 1.0126 1.0549 1.0600 1.0493 0.9913 1.0370 0.9723 1.0199
V8 1.0662 1.0660 1.0640 1.0599 1.0562 1.0519 1.0619 1.0232 1.0286
V9 1.0956 1.0956 1.0369 1.0599 1.0342 1.0808 1.0248 1.0495 1.0045
V13 1.0312 1.0313 1.0406 1.0459 1.0408 1.0103 1.0208 1.0116 1.0259
T4-18 0.9712 0.9750 0.9375 0.9000 1.0513 0.9688 0.9840 1.0467 0.9223
T4-18 0.9747 0.9750 1.0500 0.9000 0.9071 0.9952 1.0167 1.0423 1.0006
T21-20 1.0192 1.0125 0.9750 0.9085 1.0381 1.0248 1.0047 0.9666 0.9927
T24-25 1.0121 1.0125 0.9500 1.0591 1.0039 1.0010 1.0205 0.9724 1.0699
T24-25 1.0213 1.0250 1.0125 0.9921 0.9624 1.0025 1.0219 0.9800 1.1000
T24-26 0.9310 0.9250 1.0000 0.9220 0.9857 0.9452 1.0081 0.9490 0.9572
T7-29 0.9000 0.9000 1.0125 0.9324 0.9836 0.9000 1.0077 0.9000 0.9649
T34-32 0.9732 0.9750 0.9125 1.0882 0.9080 0.9443 0.9276 0.9558 0.9260
T11-41 0.9861 0.9875 0.9000 1.3902 0.9234 0.9542 0.9007 0.9275 0.9431
T15-45 0.9821 0.9750 1.0125 1.0431 0.9912 0.9772 0.9332 0.9380 0.9324
T14-46 0.9382 0.9375 0.9875 1.0249 0.9824 0.9252 0.9540 0.9000 0.9147
T10-51 0.9644 0.9625 1.0000 0.9542 0.9890 0.9665 1.0014 0.9402 0.9773
T13-49 0.9755 0.9750 0.9625 0.9289 0.9658 1.0116 0.9499 1.0357 0.9999
T11-43 0.9460 0.9500 0.9625 1.0994 0.9724 0.9343 0.9893 1.0298 0.9341
T40-56 1.0096 1.0125 0.9625 0.9694 0.9969 1.0130 0.9002 0.9760 0.9997
T39-57 0.9846 0.9875 0.9625 1.0620 1.0021 0.9861 1.0252 0.9945 0.9695
T9-55 0.9741 0.9750 0.9875 1.0938 1.0446 1.0214 1.0062 1.0213 1.0468
Qc-18 0.1177 0.1200 0.1600 0.1524 0.0903 0.1095 0.1962 0.2000 0.0923
Qc-25 0.1380 0.1400 0.1500 0.1440 0.0817 0.1370 0.1915 0.1655 0.3000
Qc-53 0.1403 0.1400 0.1400 0.1510 0.2013 0.1326 0.1109 0.2000 0.1187

Fuel Cost ($/h) 41686.82 41686.90 41693.95 41695.87 41713.62 41699.40 42051.44 41761.22 41972.45
Voltage dev. 1.083267 1.083472 NR NR NR 0.7620 0.7882 1.0573 1.0396
L-index 0.24353223 0.24354317 NR NR NR 0.2471 0.2391 0.2383 0.2260

The bold values represent the best result for all setting parameters.
a Optimization by considering step size for tap change transformers and shunt

capacitors.
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cost (22). The results are given and compared with results obtained
by other methods reported in the literature in Table 5.

Additionally, the IEEE 57-bus test system is optimized by using
fuel cost objective function in more realistic manner. System vari-
ables such as transformer tap settings and VAR injections of shunt
capacitors assumed to change with step size of 0.0125 p.u and
0.005 p.u respectively.
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Case 3.1. Quadratic cost minimization
In this case the proposedmethod is applied to 57-bus test system

in order to minimize the fuel cost. The objective function is mini-
mizeddown to41686.82$/h as seen it Table 5. Theobtained solution
set converges to a better result than ABC [24] method by 7.13 $/h
which is better than GSA [21] and EADDE [41]. The convergence
and voltage profile charts are given by Figs. 4 and 5, respectively.
Iterations

Fig. 4. Convergence of the DS algorithm for case 3.1 of IEEE 57-bus system.
Case 3.2. Voltage deviation minimization along with fuel cost
In this case a multi-objective optimization, voltage deviation

minimization along with the fuel cost given by J1 (21), where w1

is chosen as 100, is achieved by optimizing the control parameters
of the system within the constraints by using the proposed DSA
method given by Table 5. It can be stated that the proposed DSA
method converges to a better result than EADDE [41] method by
decreasing the fuel cost from 42051.44 $/h to 41699.40 $/h which
is 0.837% better and voltage deviation from 0.7882 to 0.7620 which
is lowered 3.324%.
Case 3.3. Voltage stability enhancement with fuel cost
The proposed DSA method is applied to another multi-objective

function, voltage stability index minimization along with the fuel
cost given by J2 (22), where w2 is chosen as 6000, and a better
result is achieved when compared with the result of EADDE [41]
given by Table 5. It is clearly seen that the fuel cost is decreased
from 41972.45 $/h to 41761.22 $/h and the multi-objective
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Fig. 5. Voltage profile chart for the IEEE 57-bus system.
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function, J1, is decreased from 43328.45 to 43191.02 which are
lowered 0.503% and 0.317% respectively.
Conclusions

In this paper, differential search based, optimization method is
proposed and successfully applied to solve various types of prob-
lems including complex, single and multi type of objective func-
tions within the constraints regarding to optimal power flow
(OPF). The results obtained by using the proposed DSA method,
which are presented in detail, are compared with various different
methods reported in the literature and the efficiency of the DSA
method for each case in this work is demonstrated. Thus it is con-
cluded that DSA provides better solution performance, robustness
and superiority and can effectively be used in large scaled, non-
linear and non-convex problems of power system optimization
owing to its high solution quality and rapid convergence speed.

Acknowledgement

This work is supported by Mersin University – Turkey, Dept. of
Scientific Research Projects (BAP-FBE-EBEB (VY) 2013-3 YL).

References

[1] Momoh JA, Zhu JZ. Improved interior point method for OPF problems. IEEE
Trans Power Syst 1999;14(3):1114–20.

[2] Carpentier J. Contribution a l’Etude du Dispatching Economique. Bulletin de la
Societe Francaise des Electriciens 1962;3:431–74.

[3] Dommel H, Tinny W. Optimal power flow solution. IEEE Trans Power Appar
Syst 1968;PAS-87(10):1866–76.

[4] Abou El-Ela AA, Abido MA. Optimal operation strategy for reactive power
control modeling. Simul. Control 1992;Part A 41(3):19–40.

[5] Mota-Palomino R, Quintana VH. Sparse reactive power scheduling by a
penalty-function linear programming technique. IEEE Trans Power Syst
1986;1(3):31–9.

[6] Burchett RC, Happ HH, Vierath DR. Quadratically convergent optimal power
flow. IEEE Trans Power Appar Syst 1984;PAS-103(11):3267–76.

[7] Sun DI, Ashley B, Brewer B, Hughes A, Tinney WF. Optimal power flow by
Newton approach. IEEE Trans Power Appar Syst 1984;PAS-103(10):2864–75.

[8] Santos Jr A, da Costa GRM. Optimal power flow solution by Newton’s method
applied to an augmented Lagrangian function. IEE Proc Gener Transm Distrib
1995;142(1):33–6.

[9] Rahli M. Optimal power flow using sequential unconstrained minimization
technique method under power transmission losses minimization. Electr
Power Syst Res 1999;52:61–4.

[10] Yan X, Quintana VH. Improving an interior point based OPF by dynamic
adjustments of step sizes and tolerances. IEEE Trans Power Syst 1999;14
(2):709–17.

[11] El Ela About AA, Abido MA, Spea SR. Optimal power flow using differential
evolution algorithm. Electr Power Syst Res 2010;80:878–85.

[12] Zhao B, Guo CX, Cao YJ. A multiagent-based particle swarm optimization
approach for optimal reactive power dispatch. IEEE Trans Power Syst
2005;20:1070–8.
[13] Luong Dinh Le, Jirawadee Polprasert, Weerakorn Ongsakul. Stochastic weight
trade-off particle swarm optimization for optimal power flow. J Automat
Control Eng 2014;2(1).

[14] Metwally MME, El Emary AA, El Bendary FM, Mosaad MI. Optimal allocation of
facts devices in power system using genetic algorithms. In: International
middle-east power system conference 12–15 March. Aswan, Egypt: IEEE;
2008. p. 1–4.

[15] Sailaja Kunari M, Maheswarapu S. Enhanced genetic algorithm based
computation technique for multi-objective optimal power flow. Int J Electr
Power Energy Syst 2010;32(6):736–42.

[16] Yuryevich J, Wong KP. Evolutionary based optimal power flow algorithm. IEEE
Trans Power Syst 1999;14(4):1245–50.

[17] Sood YR. Evolutionary programming based optimal power flow and its
validation for deregulated power system analysis. Int J Electr Power Energy
Syst 2007;29(1):65–75.

[18] Roa-Sepulveda CA, Pavez-Lazo BJ. A solution to the optimal power flow using
simulated annealing. Electr Power Energy Syst 2003;25:47–57.

[19] Bhattacharya A, Chattopadhyay PK. Application of biogeography-based
optimisation to solve different optimal power flow problems IET Proc. Gener
Transm Distrib 2011;5(1):70–80.

[20] Roy PK, Mandal D. Quasi-oppositional biogeography-based optimization for
multi-objective optimalpower flow. Electr Power Compon Syst 2012;40:
236–56.

[21] Duman S, Güvenç U, Sönmez Y, Yörükeren N. Optimal power flow using
gravitational search algorithm. Energy Convers Manage 2012;59:86–95.

[22] Bhowmik Arup Ratan, Chakraborty AK. Solution of optimal power flow using
nondominated sorting multi objective gravitational search algorithm. Electr
Power Energy Syst 2014(62):323–34.

[23] Sivasubramani S, Swarup KS. Multi-objective harmony search algorithm for
optimal power flow problem. Int J Electr Power Energy Syst 2011;33(3):
745–52.

[24] Rezaei Adaryani M, Karami A. Artificial bee colony algorithm for solving multi-
objective optimal power flow problem. Electr Power Energy Syst 2013
(53):219–30.

[25] Ghasemi Mojtaba, Ghavidel Sahand, Ghanbarian Mohammad M, Gharibzadeh
Masihallah, Vahed Ali A. Multi-objective optimal power flow considering the
cost, emission, voltage deviation and power losses using multi-objective
modified imperialist competitive algorithm. Energy 2014(78):276–89.

[26] El-Fergany Attia A, Hasanien Hany M. Single and multi-objective optimal
power flow using grey wolf optimizer and differential evolution algorithms.
Electr Power Compon Syst 2015;43(13):1548–59.

[27] Jordan R, Dardan Klimenta, Miroljub J, Nebojsa Arsic. Optimal power flow
using a hybrid optimization algorithm of particle swarm optimization and
gravitational search algorithm. Electr Power Compon Syst 2015;43(17):
1958–70.

[28] Sinsuphan Nampetch, Leeton Uthen, Kulworawanichpong Thanatchai. Optimal
power flow solution using improved harmony search method. Appl Soft
Comput 2013;13(5):2364–74.

[29] Bhowmik Arup Ratan, Chakraborty AK. Solution of optimal power flow using
non dominated sorting multiobjective opposition based gravitational search
algorithm. Electr Power Energy Syst 2015(64):1237–50.

[30] Arul R, Ravi G, Velusami S. Solving optimal power flow problems using chaotic
self-adaptive differential harmony search algorithm. Electr Power Compon
Syst 2013(41):782–805.
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