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Abstract
Nowadays, the energy obtained from different generating units in modern power systems must be suitably planned for

optimal power system operating conditions. One of the methods applied for this is the optimal power flow (OPF). Thus, the

optimal power flow (OPF) problem has become one of the most important power system planning and operation challenges

once renewable energy sources are integrated with modern electrical power systems which have a highly nonlinear

complex structure. In addition, usage of high-voltage direct current systems increases the complexity of the network in the

modern power system. Using a symbiotic organisms search (SOS) algorithm, this paper focused on a solution to the

security-constrained AC–DC OPF with regard to the uncertainty of wind, solar and plug-in electric vehicle (PEV) energy

systems with thermal generating units. Uncertain wind speed, solar irradiance, and PEV power were modeled using

Weibull, Lognormal, and Normal probability distribution functions (PDFs), respectively. Moreover, our study presents

solutions to the security-constrained AC–DC OPF by involving test cases of stochastic wind, solar, and PEV energy

systems on IEEE 30-bus and 57-bus test systems under various operational conditions. These can be listed as minimization

of different total cost functions, improvement of voltage stability, voltage deviation and minimization of fitness function

for determined N-1 contingency conditions. The SOS algorithm results were compared to the artificial bee colony,

imperialist competitive, moth swarm, shuffled frog-leaping, genetic algorithm, and particle swarm optimization algorithms.

These comparison results demonstrated that the SOS algorithm exhibited the capability to provide high-quality solutions to

the OPF problem by satisfying both equality and inequality constraints. In addition, nonparametric Friedman and Wilcoxon

tests were applied to show the statistical validity of the results obtained from the algorithms.
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1 Introduction

1.1 Background, definitions and motivation

In the last decade, with the developments of technology

and the rising needs of the increasing population through-

out the world, the energy demands on electric power net-

works have increased remarkably. Nowadays, these energy

demands are being met using traditional generating units

operating on fossil fuels. Researchers have been investi-

gating the use of new energy sources to replace the

dependence of these traditional generating units on the

limited reserves of fossil fuels with their emergent negative

effects such as global warming, thinning of the ozone layer

and air pollution. These new renewable energy sources

(RESs) are known to be ecologically friendly and include,

to name a few, wind power, photovoltaic (PV) power,

hydropower, and tidal energy systems. Modern power

systems have more complicated structures due to the

increased penetration of RESs into electrical power net-

works. The difficulties in solving of the power system

planning and operation problems such as economic dis-

patch (ED), economic and emission dispatch (EED),

transmission expansion planning (TEP) and optimal power

flow increase with usage of the RESs. As a result of this

situation, the OPF problem incorporating RESs can be

considered as one of the important problems in the plan-

ning and operation of power systems (Morshed et al. 2018;

Zhao et al. 2012; Arevalo et al. 2019; Roy and Jadhav

2015; Reddy et al. 2015; Panda and Tripathy 2015).

The main purpose of the OPF problem is to minimize

the total energy production cost of power system generat-

ing units by identifying optimal independent variables in

the power system such as the active power and bus voltages

of the generating units, transformer tap ratios and shunt

capacitor values. The traditional OPF problem involves

equality and inequality constraints, which include active/

reactive power balance equations, generators, transformers,

compensators, and system security constraints.

1.2 Literature review

In the beginning, many researchers studied the OPF prob-

lem in terms of thermal generating units and applied var-

ious heuristic methods such as the salp swarm algorithm

(SSA), moth flame optimizer (MFO) algorithm, a new

genetic algorithm with multi-parent crossover (GA-MPC),

along with hybrid differential evolution and harmony

search (Hybrid DE-HS), improved social spider optimiza-

tion (ISSO) and modified global best artificial bee colony

(MGABC) algorithms (El-Fergany and Hasanien 2019;

Trivedi et al. 2018; Bouchekara et al. 2018; Reddy 2018;

Nguyen 2019; Bansal et al. 2018). Attia et al. proposed the

modified sine–cosine algorithm (MSCA) to solve the OPF

problem using thermal generating units. The proposed

algorithm has the ability to avoid local optima, requires

less computing time in finding optimal solutions and is

used to test IEEE 30-bus and IEEE 118-bus test systems

under different operation conditions. Simulation results

demonstrated the feasibility of MSCA as compared with

SCA and other optimization algorithms (Attia et al. 2018).

El-Fergany and Hasanien used the tree-seed algorithm

(TSA) developed by Kiran to solve the OPF problem in

large-scale electrical energy systems such as the IEEE

57-bus and IEEE 300-bus test systems (El-Fergany and

Hasanien 2018). Biswas et al. attempted to solve OPF

problem by using a differential evolution algorithm based

on various constraint techniques in IEEE 30-bus, 57-bus

and 118-bus test systems. The authors have demonstrated

the superiority of the proposed approach compared to the

other methods in the literature with respect to the obtained

simulation results (Biswas et al. 2018a).

Recently, due to increasing global energy demands on

power systems, the stress on transmission lines and buses

has risen; thus, to reduce the pressure on the systems, many

researchers have focused on new planning and operation

studies, which incorporate adding new transmission lines

or using HVDC transmission links. The advantages of

HVDC transmission links which have been identified

include stabilization of power systems via active power

transfer through HVDC systems and reduction of power

losses compared with AC transmission lines (Latorre and

Ghandhari 2011; Ayan and Kılıç 2016; Kılıç et al. 2014).

Babu and Palaniswami worked on the solution of an OPF

with DC link placement problem using the teaching–

learning-based optimization (TLBO) algorithm tested on

IEEE 30-bus and IEEE 57-bus test systems (Babu and

Palaniswami 2015). In another study, the same test systems

were used by the authors to solve an OPF with DC link

problem using the chaotic krill herd algorithm (CKHA).

Simulation results of the case studies demonstrated the

feasibility of the CKHA as compared with the results

obtained from the TLBO algorithm (Prasad et al. 2017).

Cao et al. presented a solution to the OPF problem with an

AC/DC hybrid power system by using the adaptive sim-

plified human learning optimization (ASHLO) method

which was tested on IEEE 30-bus and IEEE 118-bus test

systems. The ASHLO algorithm showed its superiority as

compared to other well-known optimization methods (Cao

et al. 2016). Kilic and Ayan focused on solving the OPF

problem including a two-terminal HVDC system integrated

into power systems by using a genetic algorithm (GA). The

proposed GA was tested on different two-terminal systems

and when the simulation results were compared to those of

other methods in the literature, the authors demonstrated
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the resolvability of the OPF problem using the GA method

(Kılıç and Ayan 2014). In other studies, Duman applied a

modified moth swarm algorithm to solve the OPF problem

with a two-terminal HVDC system (Duman 2018). Sayah

used a modified differential evolution method to solve the

optimal reactive power dispatch (ORPD) problem for AC–

DC systems (Sayah 2018); Yalcin and Arifoglu proposed to

solve the ORPD problem including multi-terminal AC–DC

systems using the artificial bee colony (ABC) algorithm

(Yalcin and Arifoglu 2014). In addition, recently, the

researchers have focused on the inclusion of voltage-source

converter (VSC)-based AC/DC systems in the power flow,

and they have been presented to the literature in studies

where these systems are included in the solution of OPF

problems (Mohammadi et al. 2020; Renedo et al. 2019;

Kim et al. 2020; Abdul-hamied et al. 2020; Shaheen et al.

2020).

Nowadays, researchers are seeking to solve power sys-

tem planning and operation problems in modern power

systems that are using RESs. Kheshti et al. used a double-

weighted particle swarm optimization algorithm to solve

economic and emission problems of wind energy penetra-

tion (Kheshti et al. 2018), Chen et al. proposed a solution to

hydro-thermal-wind economic dispatch problems (Chen

et al. 2016) and Dubey et al. applied a hybrid flower pol-

lination algorithm to solve the dynamic economic dispatch

problem with wind power (Dubey et al. 2015). In other

studies, power system planning researchers investigated

short-term power system planning problems with RESs

(Banerjee et al. 2016; Wang et al. 2018; Zhou et al. 2016)

and in another study, they proposed a solution to the

optimal reactive power dispatch problem regarding uncer-

tainties of load, wind, and PV systems (Mohseni-Bonab

et al. 2016; Liang et al. 2015; Biswas et al. 2019). In the

last decades, working researchers on power system plan-

ning and operation have focused on solving the OPF

problem involving RESs. Chang et al. applied the evolu-

tionary particle swarm optimization (EPSO) algorithm to

solve the OPF problem with wind generators on an IEEE

30-bus test system (Chang et al. 2014). Shi et al. used a

self-adaptive evolutionary programming (SAEP) opti-

mization algorithm to solve the OPF problem with wind-

thermal generating units (Shi et al. 2012). Biswas et al.

focused on solution of the OPF problem involving some

well-known RESs such as wind and PV power systems.

The authors successfully used the history-based parameter

adaptation technique of differential evolution with superi-

ority of feasible solutions (SHADE-SF) to solve the prob-

lem under different operational cases on an IEEE 30-bus

test system (Biswas et al. 2017). The authors utilized the

Gbest-guided artificial bee colony algorithm (GABC) in

the solution of the OPF problem with wind power in dif-

ferent cases to show the applicability of the proposed

algorithm (Roy and Jadhav 2015). In another study, the

authors investigated the AC–DC OPF problem with wind

and PEV systems using the GABC algorithm on an IEEE

30-bus test system (Jadhav and Roy 2015). Panda et al.

used a modified bacteria foraging-based algorithm to solve

the OPF problem with hydro-thermal-wind energy systems

including STATCOM, which is one of the most important

shunt flexible AC transmission systems (FACTS) devices

providing reactive power in power systems (Panda et al.

2017). In addition, the solution of the OPF problem by

involving configuration with different RESs was performed

using two multi-objective optimization methods (Biswas

et al. 2018b), the grey wolf optimizer (GWO) algorithm

(Siavash et al. 2017), and the flower pollination algorithm

(FPA) (Kathiravan and Kumudini Devi 2017).

In this study, we aimed to solve the security-constrained

AC–DC OPF problem with wind, PV and PEV energy

systems using the symbiotic organisms search (SOS)

algorithm. The SOS algorithm (Cheng and Prayogo 2014)

is a new optimization algorithm developed by Cheng and

Prayogo, which was inspired by the symbiotic interaction

behavior of organisms in an ecosystem, and it has been

studied in different engineering and science fields (Ezugwu

and Prayogo 2019). Recently, SOS algorithm has been used

by the researchers, which are focused on to solve OPF

problem in the literature. In a study, Duman proposed using

SOS algorithm to solve OPF problem including valve point

effects and prohibited zones under different test cases on a

modified IEEE 30-bus test system. The simulation results

have compared to the other results in the literature, and

according to these comparative results, the SOS algorithm

is much more effective to find an optimal solution than the

other algorithms (Duman 2017). Prasad and Mukherjee

focused on the solution OPF problem with FACTS devices,

which are well known as thyristor controlled series

capacitor (TCSC) and thyristor controlled phase shifter

(TCPS) to test the performance of SOS algorithm on the

modified IEEE 30-bus and 57-bus test systems. Authors

expressed that the proposed SOS algorithm was a potential

solution tool for solving OPF problem with FACTS devices

according to the obtained simulation results (Prasad and

Mukherjee 2016). Saha et al. aimed to solve the transient

stability constrained optimal power flow problem using a

novel hybrid differential evolution and symbiotic organism

search algorithm (HSOS), and the proposed algorithm was

tested on IEEE 30-bus and New England test systems for

different test cases (Saha et al. 2020). In other studies,

authors used SOS algorithm (Saha et al. 2018), and Quasi-

reflection-based SOS algorithm (Saha et al. 2019a) to solve

static OPF problem, and presented SOS and HSOS algo-

rithms to the literature to solve multi-objective optimal

power flow problem incorporating renewable generation

unit (Saha et al. 2019b).
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1.3 Contribution of the paper

According to state-of-the-art literature review, the OPF

problem is one of the most important from the power

system planning and operation problems. The used meth-

ods in solving of the OPF problem are divided in two

section as traditional and artificial intelligence methods.

The optimization algorithms are well known as artificial

intelligence methods in the literature. In the beginning, the

OPF problem incorporating thermal generating units was

solved using optimization algorithms. The different opti-

mization algorithms (GA, PSO, etc.) for solving the OPF

problem on each study have been used to explore the

success of these in finding to optimal solution of the

problem, and presented to the literature. The developed

optimization algorithms have attempted to find the result of

problem better than previous ones on every time. Recently,

FACTS devices used in OPF problem have been seen to

improve voltage stability, and reduce the active, reactive

power losses and fuel cost of power systems. On the other

hand, the installation of HVDC transmission links in

modern power system reduces the stress on power system,

but the complexity of the electrical network systems

increases. In addition, the usage of RES systems provides

much more complexity of the power systems, and the OPF

problem involving all these conditions increases the want

of researchers to solve this problem.

Various variations of the OPF problem have been solved

using different optimization algorithms. The SOS algo-

rithm used in this study has been used to solve more than

700 optimization problems in the literature, and in these

studies, it is seen that the algorithm converges to the

optimum point quickly and its ability to avoid local traps is

more successful than the optimization algorithms used. In

this study, unlike the studies in the literature, the success of

the SOS algorithm in solving the security-constrained OPF

problem with RESs, which includes the proposed AC–DC

system, was investigated considering the above-mentioned

advantageous features. In addition, in the studies conducted

in the literature, the use of HVDC systems, RESs and

FACTS devices in OPF problems has been considered

either separately or as a combination of two. This situation

showed us the lack of a study examining the solution of the

OPF problem using HVDC, RESs and traditional thermal

generating units, given the structure of modern power

systems. Moreover, considering the advantages provided

by the HVDC system used in AC–DC modern power

systems, these systems are included in the OPF problem

involving RESs and a mathematical model of this problem

is created. In the mathematical model created, wind, pho-

tovoltaic and PEV systems are considered as renewable

energy sources. PEV systems are considered as energy

storage sources, in short behave as load, in other words,

they can be injected power to the system or can be con-

sumed power from the system. This power behavior is

modeled using the normal probability distribution function

for loading and unloading behavior of plug-in electric

vehicles Besides, the PEV system is only modeled the

direct, under and over estimation cost models considering

above situation. These cost models were modeled as dif-

ferent model in the reference (Arevalo et al. 2017, 2019),

and in this study, the above-mentioned situations (direct,

over and under estimation cost models) are modeled using

the approach in references (Shi et al. (2012); Biswas et al.

2017; Biswas et al. 2018b) and presented to the literature.

In the literature, the transmission line capacities and

load bus voltage limits are widely considered as security

constraints in the solution of the traditional OPF problem

and the OPF problem with RESs. Our study, presented

differently from the literature in this paper, has taken into

account these security constraints simultaneously with the

generator units’ generating constraints, and prohibited

operating zones (POZs). In addition, the dependent and

independent variables of a two-terminal HVDC system

were integrated with the OPF problem with RESs and the

most favorable probability density functions, which are

Weibull, Lognormal and Normal, were selected to com-

pose a stochastic model of the RESs used. The simulation

results of the SOS approach were compared with the arti-

ficial bee colony (ABC) algorithm (Karaboga and Basturk

2007), imperialist competitive algorithm (ICA) (Atashpaz-

Gargari and Lucas 2007), moth swarm algorithm (MSA)

(Mohamed et al. 2017), shuffled frog-leaping algorithm

(SFLA) (Eusuff et al. 2006), genetic algorithm (GA)

(Goldberg 1989), and particle swarm optimization (PSO)

(Kennedy and Eberhart 1995). The contributions of this

paper can be listed as below:

• The OPF problem incorporating stochastic wind power,

photovoltaic system, PEV system, and different objec-

tive functions, which are with valve point effect,

prohibited zones, and emission and carbon tax has not

been reported so far.

• The proposed security-constrained OPF problem with

RESs incorporating AC–DC system was used by the

authors and has not been reported so far; therefore, a

formulation of this proposed problem is represented in

this paper.

• In this study, the combination of the PV and PEV power

systems was considered as a generating unit. Cost

models for overestimation and underestimation situa-

tions of the combination model were studied in this

paper.

• To show resolvability and feasibility of the proposed

AC–DC OPF problem with RESs, the SOS, ABC, ICA,
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MSA, SFLA, GA, and PSO optimization algorithms

were applied under the different cases to IEEE 30-bus

and 57 bus test systems.

• According to the simulation results, Wilcoxon pairwise

comparison was used to show the superiority of the

SOS algorithm used in the solution of the problem

compared to other algorithms, and the Friedman test

was used for multiple comparisons between algorithms

used more than two.

1.4 Organization of the paper

The organization of the paper is summarized as follows.

The formulation of the AC–DC OPF problem with wind,

PV and PEV energy systems is presented in Sect. 2. Sec-

tion 3 presents the RES uncertainty and power models. The

SOS optimization algorithm is described in Sects. 4, and 5

explains the simulation studies for different operating

cases. Section 6 presents the conclusions regarding the

proposed OPF problem.

2 Formulation of AC–DC optimal power flow
with RESs

The OPF problem is identified as one of the modern

electrical system planning problems. In this study, the AC–

DC OPF problem was investigated with wind, PV, and

PEV systems. The main goal of the AC–DC OPF problem

was to minimize an identified objective function by finding

the optimum independent variables within the system

equality and inequality constraints.

2.1 Traditional OPF problem

The formulation of the traditional OPF problem can be

mathematically explained as follows:

Minimize fobj A;Bð Þ ð1Þ

Subject to
g A;Bð Þ ¼ 0

h A;Bð Þ� 0

�
ð2Þ

where fobj(A,B) is the objective function, A and B are the

dependent and the independent variables, and g(A,B) and

h(A,B) are the equality and the inequality constraints,

respectively.

2.2 Security-constrained OPF problem

The formulation of the security-constrained OPF problem

can be described as follows:

Minimize fobj A0;B0ð Þ ð3Þ

Subject to
ga Aa;B0ð Þ ¼ 0 a ¼ 0; 1; . . .; c
ha Aa;B0ð Þ� 0 a ¼ 0; 1; . . .; c

�
ð4Þ

where A0 and B0 are indicated as the dependent and the

independent variables under pre-contingency cases, Aa is

the dependent variables of the ath contingency case, c is

the number of contingency cases.

2.3 Dependent variables

The dependent variables of the proposed OPF problem are

defined as follows:

A ¼ AAC;ADC½ �
AAC ¼ PTHG1

;VL1 :::VLNPQ ;QTHG1
:::QTHGNTHG

;
�
QWS1 :::QWSNW ;QPVS1 :::QPVSNPV ;QPPEV1

:::QPPEVNPPEV
; Sl1 :::SlNTL �

ADC ¼ tr; ti; a; c; vdr; vdi½ �

ð5Þ

where PTHG1 is the active power of the slack generator, VL

is voltage magnitudes of the load (PQ) buses, QTHG, QWS,

QPVS, and QPPEV are the reactive power of thermal gen-

erators, wind power, PV, and combined PV and PEV

systems, and SL is apparent power of transmission lines.

NPQ and NTL are numbers of PQ buses and transmission

lines. Transformer tap ratio values of rectifier and inverter

sides are depicted as tr and ti, a and c are, respectively, the
ignition delay and extinction advance angles. vdr and vdi are

DC voltage values of the rectifier and inverter terminals.

2.4 Independent variables

The independent variables of the proposed OPF problem

can be described as follows:

B ¼ BAC;BDC½ �
BAC ¼ PTHG2

:::PTHGNTHG
;PWS1 :::PWSNW ;PPVS1 :::PPVSNPV ;½

PPPEVS1 :::PPPEVSNPPEV ;VG1
:::VGNG

; T1:::TNT;QS1 :::QSNC �
BDC ¼ Pr;Pi;Qr;Qi; id½ �

ð6Þ

where PTHG is the active power of thermal generators

except for the swing generator, PWS is the active power of

wind farm, PPVS is the active power of the PV system,

PPPEVS PPPEVS is the active power of the combined PV and

PEV systems, VG is the voltage values of all generator

buses including thermal generators, wind farm, PV, and

combined PV and PEV systems. QS and T are, respectively,

the shunt VAR compensation and the tap settings of

transformers. NTHG, NW, NPV, NPPEV, NG, NT, and

NC are numbers of thermal generation units, wind farms,

PV units, combined systems, and generator buses (includ-

ing thermal, wind, PV and combined units), tap regulating
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transformers, and compensators. Pr, Pi, Qr and Qi are the

active and reactive power values of the rectifier and

inverter sides, and id is the direct current.

2.5 Modeling of DC transmission link

In this study, the DC transmission link was based on the

widely accepted assumptions in the literature. These

assumptions are explained in detail in Refs. (Kılıç et al.

(2014); Kılıç and Ayan 2014). A two-terminal HVDC

transmission system is shown in Fig. 1 (Ayan and Kılıç
2016; Kılıç et al. 2014; Kılıç and Ayan 2014), in which vr,

vi, ir, and ii are, respectively, the ac voltage values (rms),

and the currents at the AC sides of the rectifier and inverter.

dr, di, nr, and ni are the phase angles, and AC current

angles, rdc is the DC link resistance.

The equations of the rectifier terminal can be explained

for a two-terminal HVDC system as follows (Ayan and

Kılıç 2016; Kılıç et al. 2014; Kılıç and Ayan 2014):

vdor ¼ ktrvr ) k ¼ 3
ffiffiffi
2

p

p

vdr ¼ vdor cos a� rcrid ) rcr ¼
3xcr
p

Pr ¼ vdrid

ur ¼ cos�1 vdr=vdor

� �

Qr ¼ Pr tan/rj j

ð7Þ

where vdor, rcr and ur are, respectively, the open circuit DC

voltage value, the commutating resistance, and the phase

angle at the rectifier side. The inverter terminal equations

are given in (8) (Ayan and Kılıç (2016); Kılıç et al. 2014;

Kılıç and Ayan 2014):

vdoi ¼ ktivi ) k ¼ 3
ffiffiffi
2

p

p

vdi ¼ vdoi cos c� rciid ) rci ¼
3xci
p

Pi ¼ vdiid

ui ¼ cos�1 vdi=vdoi

� �

Qi ¼ Pi tan/ij j

ð8Þ

where vdoi, rci and ui are, respectively, the open circuit DC

voltage value, the commutating resistance, and the phase

angle at the inverter side. The equivalent circuit of a two-

terminal HVDC link system is shown in Fig. 2 (Ayan and

Kılıç 2016; Kılıç et al. 2014; Kılıç and Ayan 2014). The

voltage balance of the DC system is shown in (9).

vdr � vdi � rdcid ¼ 0 ð9Þ

2.6 Fuel cost model of thermal generators

The classical fuel cost function in the thermal generating

units is defined as a quadratic cost function in (10), or as a

quadratic function with valve-point effects in (11). In the

valve-point effect model, the different ejector groups in the

valves control the steam input to the turbine. The fuel cost

value of the system will rise with the opening–closing

process of the valves. In order to accurately model the fuel

cost of the process, sinusoidal terms and coefficients

describing the valve-point loading effect must be added to

the traditional fuel cost function (Biswas et al. 2017;

2018a, b), where xi, yi, and zi are fuel cost coefficients of

the ith thermal generator, and di and ei are the valve-point

loading effect coefficients.

CF1 PTHGð Þ ¼
XNTHG
i¼1

xi þ yiPTHGi
þ ziP

2
THGi

ð10Þ

CF2 PTHGð Þ ¼ CF1 PTHGð Þ

þ
XNTHG
i¼1

di sin ei Pmin
THGi

� PTHGi

� �� ���� ��� ð11Þ

2.7 Prohibited operating zones

A thermal generator with POZs can be defined as follows

(Duman 2017).

PTHGi; min �PTHGi �PL
THGi; 1

PU
THGi; h�1 �PTHGi �PL

THGi; h h ¼ 2; 3; :::; ri

PU
THGi; ri �PTHGi �PL

THGi; max

ð12Þ

where ri is the total number of the POZs, h is the number of

the POZs, PU
THGi, h - 1 and PL

THGi, h is the upper and

lower limits of the (h - 1)th POZ of the ith generator. The

characteristics of the fuel cost with and without valve point

Fig. 1 Two terminal HVDC transmission system Fig. 2 The equivalent circuit of a HVDC link system
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effect, and POZs of the thermal generating units are shown

in Fig. 3 (Naderi et al. 2019, 2021).

2.8 Emission and carbon tax model

The total emission from a traditional generating unit with

fossil fuel can be mathematically described as in (13)

(Biswas et al. 2017; 2018a), where ri, bi, si, xi, and li are
emission coefficients of the ith thermal generating unit. In

recent years, due to increasing global warming, a carbon

tax for air pollution has been added to the total emission

value, as shown in (14), where CE and Ctax can be identi-

fied as emission cost and tax, respectively.

FE ¼
XNTHG
i¼1

ri þ biPTHGi
þ siP

2
THGi

� �
� 0:01þ xi exp li � PTHGi

ð Þ
h i

ð13Þ
CE ¼ Ctax � FE ð14Þ

2.9 Direct cost models of wind, PV and PEV
systems

Renewable energy sources do not need any fossil fuel

sources. In the case that these RESs are had the by inde-

pendent system operator (ISO), this operator has to pay a

price depending on the scheduled power of the RESs. The

cost model of a wind power source can be defined via a

linear function of scheduled wind power (Biswas et al.

2017, 2018b), where ww, i, and PWS, i are the cost coef-

ficient and scheduled power of the ith wind farm.

CFw;i PWS;i

� 	
¼ ww; i� PWS;i ð15Þ

The cost model of a PV power source is identified as a

linear function of scheduled PV power (Biswas et al.

2017, 2018b), where pv, i, and PPVS, i are the cost coeffi-

cient and scheduled power of the ith PV power unit.

(a) (b)

(c)

Fig. 3 Fuel cost curves, (a) with and without valve-point effect, (b) with prohibited operating zones, (c) with valve-point effect and prohibited

operating zones
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CFpv;i PPVS;i

� 	
¼ pv; i� PPVS;i ð16Þ

In this study, a combination of the ith PV system and the

PEV system can be mathematically explained as follows.

CFppev;i PPPEVS;i

� 	
¼ pv; i� PPVS;i

� 	
þ pev; i� PPEVS;i

� 	
ð17Þ

where pev, i and PPEVS, i are the cost coefficient and

scheduled power of the ith PEV unit.

2.10 Uncertain cost models of wind, PV and PEV
systems

In this study, the uncertain cost models of wind, PV, and a

combination model of PV and PEV systems were consti-

tuted by considering overestimation and underestimation

situations. Cost models for these situations for wind power

are mathematically described as follows (Biswas et al.

2017, 2018b).

CFOw;i PWS;i � Pwav;i

� 	
¼ COw;i PWS;i � Pwav;i

� 	

¼ COw;i

ZPWS;i

0

PWS;i � pw;i
� 	

fw pw;i
� 	

dpw;i

ð18Þ

CFUw;i Pwav;i � PWS;i

� 	
¼ CUw;i Pwav;i � PWS;i

� 	

¼ CUw;i

ZPwr;i

PWS;i

pw;i � PWS;i

� 	
fw pw;i
� 	

dpw;i

ð19Þ

where CFOw, i and CFUw, i are the uncertainty cost values

for overestimation and underestimation of a wind farm,

COw, i and CUw, i are the uncertainty cost coefficients, and

Pwav, i, Pwr, i are, respectively, the available power and

rated power of the ith wind farm.

The cost model for the uncertain situations of the PV

power system from the RESs was considered the same as

for the wind power. The overestimation and underestima-

tion were modeled using the approach in Refs (Shi et al.

(2012); Biswas et al. 2017; Biswas et al. 2018b). Cost

models for overestimation and underestimation PV system

situations are mathematically described as follows.

CFOpv;i PPVS;i � PPVav;i

� 	
¼ COpv;i PPVS;i � PPVav;i

� 	
¼ COpv;i � fPV PPVav;i\PPVS;i

� 	
� PPVS;i � E PPVav;i\PPVS;i

� 	� 

ð20Þ

CFUpv;i PPVav;i � PPVS;i

� 	
¼ CUpv;i PPVav;i � PPVS;i

� 	
¼ CUpv;i � fPV PPVav;i [PPVS;i

� 	
� E PPVav;i [PPVS;i

� 	
� PPVS;i

� 

ð21Þ

where CFOpv, i and CFUpv, i are the uncertainty cost values

for overestimation and underestimation of the ith PV power

system, COpv, i and CUpv, i are the uncertainty cost coeffi-

cients, and PPVav, i is the available power of the ith PV

power system.

In our study, the combination of the PV and PEV power

systems was considered as a generating unit. Cost models

for overestimation and underestimation situations of the

combination model were defined by the modeling approach

in Refs. (Shi et al. (2012); Biswas et al. 2017; Biswas et al.

2018b).

CFOppev;i PPPEVS;i � PPPEVav;i

� 	
¼ COppev;i PPPEVS;i � PPPEVav;i

� 	
¼ COppev;i � fPPEV PPPEVav;i\PPPEVS;i

� 	
�

PPPEVS;i � E PPPEVav;i\PPPEVS;i

� 	� 

ð22Þ

CFUppev;i PPPEVav;i � PPPEVS;i

� 	
¼ CUppev;i PPPEVav;i � PPPEVS;i

� 	
¼ CUppev;i � fPPEV PPPEVav;i [PPPEVS;i

� 	
�

E PPPEVav;i [PPPEVS;i

� 	
� PPPEVS;i

� 

ð23Þ

where CFOppev, i and CFUppev, i are the uncertainty cost

values for overestimation and underestimation of the ith

combination system, COppev, i and CUppev, i are the uncer-

tainty cost coefficients, and PPPEVav,i is the available power

of the ith combination system.

2.11 Objective functions

The objective function of the proposed AC–DC OPF

problem with wind, PV and PEV electric energy sources

for different cases can be defined as follows:

2.11.1 Total cost model

The total cost model of the proposed OPF problem is

identified as objective function in (24).
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2.11.2 Total cost model with valve point effect

The objective function of the proposed OPF problem is

defined as follows in (25).

2.11.3 Total cost model with emission and tax

The objective function of the proposed OPF problem is

given as in (26).

fobj A;Bð Þ ¼ Fobj4 ¼ Fobj1 þ CE ð26Þ

2.11.4 Enhancement of the voltage stability of the power
systems

Increasing energy demands raise the stress on transmission

lines, thus revealing the stability problems in the power

systems. Voltage stability is one of the important stability

problems in power systems and may be seen in particular

as a result of an increase in load at the PQ bus, a change in

the power system configuration, or a disturbance in the

power grids. The L-index values of PQ buses are a good

indicator of the voltage stability in a modern power system.

The L-index value is expected to be between 0 and 1, while

a lower L-index value for a modern power grid indicates a

more stable status (Duman 2018; Chaib et al. 2016).

Lj ¼ 1�
XNG
i¼1

Fji
Vi

Vj

�����
����� where j ¼ 1; 2; :::;NPQ ð27Þ

Fji ¼ � YLL½ ��1 YLG½ � ð28Þ

The NG is number of generator buses that are equipped

with thermal, wind, PV or PEV generating units. NPQ is

number of the PQ buses. The L-index value of the jth bus is

defined as Lj. YLL and YLG are calculated from the system

YBUS matrix after separating the PQ buses and all gen-

erating unit buses, as shown in (29).

IL
IG

� �
¼ Ybus½ � VL

VG

� �
¼ YLL YLG

YGL YGG

� �
VL

VG

� �
ð29Þ

The maximum value of the L-indices is identified as the

objective function, shown as below:

fobj A;Bð Þ ¼ Fobj5 ¼ min Lmaxð Þ ¼ min max Lj
� 	� 	

ð30Þ

2.11.5 Voltage deviation

The value of voltage deviation in modern power grids can

be calculated as follows.

fobj A;Bð Þ ¼ Fobj1 ¼ CF1 PTHGð Þ

þ
XNW
i¼1

CFw;i PWS;i

� 	
þ CFOw;i PWS;i � Pwav;i

� 	
þ CFUw;i Pwav;i � PWS;i

� 	� 	

þ
XNPV
i¼1

CFpv;i PPVS;i

� 	
þ CFOpv;i PPVS;i � PPVav;i

� 	
þ CFUpv;i PPVav;i � PPVS;i

� 	� 	

þ
XNPPEV
i¼1

CFppev;i PPPEVS;i

� 	
þ CFOppev;i PPPEVS;i � PPPEVav;i

� 	
þ CFUppev;i PPPEVav;i � PPPEVS;i

� 	� 	

ð24Þ

fobj A;Bð Þ ¼ Fobj2 ¼
XNTHG
i¼1

xi þ yiPTHGi
þ ziP

2
THGi

� �
þ di � sin ei � Pmin

THGi
� PTHGi

� �� ���� ���

þ
XNW
i¼1

CFw;i PWS;i

� 	
þ CFOw;i PWS;i � Pwav;i

� 	
þ CFUw;i Pwav;i � PWS;i

� 	� 	

þ
XNPV
i¼1

CFpv;i PPVS;i

� 	
þ CFOpv;i PPVS;i � PPVav;i

� 	
þ CFUpv;i PPVav;i � PPVS;i

� 	� 	

þ
XNPPEV
i¼1

CFppev;i PPPEVS;i

� 	
þ CFOppev;i PPPEVS;i � PPPEVav;i

� 	
þ CFUppev;i PPPEVav;i � PPPEVS;i

� 	� 	

ð25Þ
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fobj A;Bð Þ ¼ Fobj6 ¼ VD ¼
XNPQ
i¼1

VLi � 1j j
 !

ð31Þ

2.12 Equality constraints

Equality constraints in AC–DC OPF problem include the

power balance equations in the power grid. These equa-

tions are shown in (32)-(33).

PGk � PLk � PDk

� Vk

XNbus

m¼1

Vm Gkm cos dkmð Þ½ þBkm sin dkmð Þ�

¼ 0 8k 2 Nbus

ð32Þ

QGk þ QSk � QLk � QDk

� Vk

XNbus

m¼1

Vm Gkm sin dkmð Þ�Bkm cos dkmð Þ� ¼ 0 8k 2 Nbus½

ð33Þ

where PGk, PLk, and PDk are, respectively, active powers of

the kth generating unit (including thermal, wind, PV, and

combined units), the load bus, and the DC link. The QGk,

QSk, QLk, and QDk are, respectively, reactive powers of the

kth generating unit (including thermal, wind, PV, and PEV

units), the shunt VAR compensator, the load bus, and the

DC link in the power grid. The Nbus is number of buses, Vk,

and Vm are the voltage magnitudes at buses k and m, dkm is

the angle difference of voltage phasor values at buses k and

m, and Gkm and Bkm are the conductance and susceptance

of the transmission line between buses k and m. The

structure of the power grid is shown in Fig. 4 (Ayan and

Kılıç 2016; Kılıç et al. 2014; Kılıç and Ayan 2014).

The active and reactive power equations of the rectifier

and inverter connected to buses in the power system are

mathematically defined as follows:

PDk ¼ Pr

QDk ¼ Qr

PDk ¼ �Pi

QDk ¼ Qi

ð34Þ

where Pr, and Qr are, respectively, active and reactive

power at the rectifier side, Pi, and Qi are, respectively,

active and reactive power at the inverter side.

2.13 Inequality constraints

2.13.1 Generator constraints

Lower and upper limits on active and reactive power out-

puts of thermal, wind, PV and PEV generation units, as

well as voltage magnitudes of generating units (including

thermal, wind, PV and PEV units) are identified as in (35).

PTHGi;min �PTHGi
�PTHGi;max 8i 2 NTHG

PWSi;min �PWSi �PWSi;max 8i 2 NW

PPVSi;min �PPVSi �PPVSi;max 8i 2 NPV

PPPEVSi;min �PPPEVSi �PPPEVSi;max 8i 2 NPPEV

QTHGi;min �QTHGi
�QTHGi;max 8i 2 NTHG

QWSi;min �QWSi �QWSi;max 8i 2 NW

QPVSi;min �QPVSi �QPVSi;max 8i 2 NPV

QPPEVSi;min �QPPEVSi �QPPEVSi;max 8i 2 NPPEV

VGi;min �VGi
�VGi;max 8i 2 NG

ð35Þ

2.13.2 Transformer constraints

Minimum and maximum limits of the transformer tap ratio

at the ith bus are shown in (36).

Ti;min � Ti � Ti;max 8i 2 NT ð36Þ

where Ti. min and Ti, max are minimum and maximum tap

ratio values of the transformers.

2.13.3 Compensators constraints

Feasible operating ranges of the shunt VAR compensators

are shown in (37), where QSi, min and QSi, max are lower and

upper limits of the shunt VAR compensators.

QSi;min �QSi �QSi;max 8i 2 NC ð37Þ

2.13.4 Security constraints

The voltage magnitude of each PQ bus needs to be within

specified lower and upper limits, and apparent power flow

of each transmission line is restricted by its maximum

capacity, as shown in (38).Fig. 4 AC bus connected to DC link
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VLi;min �VLi �VLi;max 8i 2 NPQ

Sli � Sli;max 8i 2 NTL
ð38Þ

where VLi, min and VLi, max are the lower and upper voltage

magnitudes of the ith PQ bus. Sli and Sli, max are the

apparent power flow and maximum apparent power flow

capacity of the ith line.

2.13.5 DC transmission link constraints

The lower and upper limits of the DC transmission link

parameters are defined as follows.

id;min � id � id;max

PDk;min �PDk �PDk;max k ¼ 1; 2

QDk;min �QDk �QDk;max k ¼ 1; 2

tdk;min � tdk � tdk;max k ¼ 1; 2

vdk;min � vdk � vdk;max k ¼ 1; 2

amin � a� amax

cmin � c� cmax

ð39Þ

The fitness function of the proposed AC–DC OPF

problem including RESs can be identified as in (40).

Where fobj A;Bð Þ or fobj A0;B0ð Þ½ � is defined as

objective functions under both pre-contingency and con-

tingency conditions.

Where k1, k2, k3, k4, k5, k6, k7, k8, k9, k10, k11, k12, and
k13 are described as the penalty coefficients, which are

adjusted according to experience of user. Each of the

penalty coefficients is set as k1 = 100, k2 = 100, k3 = 250,

k4 = 250, k5 = 250, k6 = 250, k7 = 300, k8 = 1000,

k9 = 1000, k10 = 100, k11 = 100, k12 = 1000, and

k13 = 1000.

Jfitness ¼ fobj A;Bð Þ or fobj A0;B0ð Þ
� 


þ Penalty

Penalty ¼ k1 PTHG1
� Plim

THG1

� �2
þk2

XNPQ
i¼1

VLi � V lim
Li

� 	2

þ k3
XNTHG
i¼1

QTHGi
� Qlim

THGi

� �2
þ k4

XNW
i¼1

QWSi � Qlim
WSi

� �2

þ k5
XNPV
i¼1

QPVSi � Qlim
PVSi

� �2

þ k6
XNPPEV
i¼1

QPPEVSi � Qlim
PPEVSi

� �2

þ k7
XNTL
i¼1

Sli � Slimli
� 	2 þ k8 a� alim

� 	2þk9 c� clim
� 	2

þ k10 tr � tlimr
� 	2þk11 ti � tlimi

� 	2þk12 vdr � vlimdr
� 	2

þ k13 vdi � vlimdi
� 	2

ð40Þ

3 Wind/PV/PEV uncertainty power models

Wind speed distribution is defined via the Weibull proba-

bility density function (PDF) as shown in (41), where n and
w are shape and scale factors (Biswas et al. 2017, 2018b).

fv vð Þ ¼ n
w


 �
� v

w


 �n�1

� exp � v

w


 �n
 ! !

0\v\1

ð41Þ

Power output of a wind farm is mathematically descri-

bed as in (42), where pwr, vout, vr, and vin are, respectively,

the rated power, cut-out, rated, and cut-in wind speeds.

pw vð Þ ¼
0 v\vin and v[ vout

pwr
v� vin
vr � vin


 �
vin � v� vr

pwr vr\v� vout

8><
>: ð42Þ

When the wind speed is below the cut-in speed, the

probability of wind power is presented in (43); when the

wind speed is above the cut-out speed, the probability of

wind power is shown in (44); and when the wind speed is

between the rated and cut-out speeds, the probability of

wind power can be defined as in (45).

fw pwð Þ pw ¼ 0f g ¼ 1� e�
vin
wð Þn þ e�

vout
wð Þn ð43Þ

fw pwð Þ pw ¼ pwrf g ¼ e�
vr
wð Þn � e�

vout
wð Þn ð44Þ

fw pwð Þ ¼ n vr � vinð Þ
wnpwr

� �

� vin þ
pw
pwr


 �
vr � vinð Þ


 �n�1

�e
�

vinþ
pw
pwrð Þ vr�vinð Þ

w

� �n

ð45Þ

The scale and shape factors are set as 10 and 2 at bus 8

on the IEEE 30-bus test system. The wind power amounted

to the summation of the power outputs from 20 turbines at

bus 8, with the rated power of 3 MW each. The wind speed

values were determined as vin = 3 m/s, vr = 16 m/s, and

vout = 25 m/s (Biswas et al. 2017). After Monte Carlo

simulation with a sample size of 8000 had been run, the

frequency distribution of wind speed and the Weibull fit-

ting were determined, and shown in Fig. 5.

The power output of PV systems can be mathematically

expressed as a function of solar irradiation. The distribution

of solar irradiation is generally modeled using the Log-

normal PDF (Biswas et al. 2017, 2018b). The probabilistic

model and power output of the PV system can be defined as

follows.

fGpv
Gpv

� 	
¼ 1

GpvX
ffiffiffiffiffiffi
2p

p e
� lnGpv�gð Þ2

2X2

� �
for Gpv [ 0 ð46Þ
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PPVo ¼
PPVrate �

Gpv

Gpvstd � Rc


 �
for 0\Gpv\Rc

PPVrate �
Gpv

Gpvstd


 �
for Gpv �Rc

8>><
>>:

ð47Þ

where g and X are, respectively, the mean and standard

deviation values of the Lognormal PDF, which are set as

5.2 and 0.6 at bus 11, 5 and 0.6 at bus 13 of the IEEE

30-bus system. Gpv and Ppvrate are, respectively, the prob-

ability value of solar irradiance and rated power of the PV

system, which were set as 50 MW at bus 11 and 26.4 MW

at bus 13 of the IEEE 30-bus system.

Gpvstd is the solar irradiance value under standard

environmental conditions, which was set at 1000 W/m2,

and the Rc value was set at 120 W/m2. The frequency

distributions of solar irradiance for the PV system and the

Lognormal fitting were determined, and are shown in

Fig. 6a and b.

Recently, the representation of PEV load has been used

as research subject in the literature by the researchers. Qian

et al. proposed a method to represent modeling of load

demand due to electric vehicle (EV) battery charging in

distribution systems. The authors considered the proba-

bilistic conditions, which are the time of switching on an

individual charger and behavior of vehicle usage (Qian

et al. 2011). Zeng et al. presented the hybrid probabilistic

possibilistic method for capacity credit evaluation of

demand response under the different cases on a modified

IEEE-RTS system. The authors have shown the practicality

of the proposed method for estimating the capacity credit

evaluation of demand response in smart grid system (Zeng

et al. 2018). In another study, Zeng et al. used a new

method to manage the stochastic energy flow analysis of

integrated energy systems. This method is named as

Z-number-based technique by the authors. To show the

usability of this method, the simulation studies are made

under the different scenarios (Zeng et al. 2019). Sarić and

Stanković focused on an application of interval analysis

and optimization to electric energy markets on 68-node

New England/New York interconnected power system

(Sarić and Stanković 2006).

In our study, the PEVs were modelled by considering

their charging and discharging operation situations, and

considered as ideal batteries. The Normal PDF was used as

the probability function for the modeling of the PEV sys-

tems (Zhao et al. 2012; Arevalo et al. 2019) as follows.

fPpev
Ppev

� 	
¼ 1ffiffiffiffiffiffiffiffiffiffiffi

2pu2
p exp � Ppev � #ffiffiffi

2
p

u


 �2
 !

ð48Þ
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Fig. 5 Wind speed distribution at bus 8
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Fig. 6 Solar irradiance distribution for PV systems at buses 11 and 13
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where Ppev expresses the available power of the PEV, #

and £ are, respectively, the mean and standard deviation

values of the Normal PDF, which were set as 6.54 and 0.54

at bus 13 in the IEEE 30-bus test system. In addition, the

charge situation attracted a negative power or load from the

system, and the discharge situation provided a positive

power to the system (Arevalo et al. 2017; 2019). In this

study, the active power limits of the PEVs were set as -

8 MW and 13.6 MW based on Ref. (Arevalo et al. 2017).

Firstly, the Monte Carlo simulation with a sample size of

8000 was run. Later, Normal fitting, and frequency distri-

bution of the PEV are obtained as shown in Fig. 7.

4 Symbiotic organisms search algorithm

The SOS optimization method is one of the new heuristic

algorithms inspired by the symbiotic interaction phenom-

ena in ecosystems (Cheng and Prayogo 2014). The sym-

biotic relationship is defined as the relationship between

the organisms in the ecosystem, with each organism in the

ecosystem representing a candidate solution in the search

space of an optimization problem. At the beginning of the

algorithm, the initial population or ecosystem is randomly

constituted for the candidate solutions of problem. First,

the organisms are created for the candidate solutions and

the candidate solution vector is generated depending on the

limit values of the variables. The generation of the

ecosystem and organisms is shown in Fig. 8 (Duman

2017). The SOS algorithm has a simple structure and

includes the three phases of Mutualism, Commensalism,

and Parasitism. The algorithm and the developed version of

the SOS are used to solve many optimization problems in

various engineering and scientific fields including optimal

power flow problems with FACTS devices along with

radial distribution network planning, neural network

training, load frequency control and traveling salesman

problems (Ezugwu and Prayogo 2019).

4.1 Mutualism phase

The mutualism phase of the SOS algorithm can be defined

depending on the symbiotic relationships between two

organisms that are benefited in the ecosystem. Xm and Xn

are, respectively, the organisms in the ecosystem, and Xn

randomly chosen from the ecosystem to interact with

organism Xm. In order to ensure the survival of both

organisms in the ecosystem, a relationship is introduced by

Fig. 7 PEV power distribution for PEV system at bus 13

Ecosystem

Organism

a11, a12, a13,…,a1m

a21, a22, a23,…,a2m

a31, a32, a33,…,a3m

an1, an2, an3,…,anm n x m

u1

u2

 u3
.
.
.

un n x 1

a11, a12, a13,…,a1m

fvalue

Fig. 8 The relationship model

of organisms and ecosystem

(Duman 2017)
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the organisms Xm and Xn which is mathematically descri-

bed as follows. The new candidate solutions in the

ecosystem are obtained as Xmnew and Xnnew, which are

given in (49).

Xmnew ¼ Xm þ rand 0; 1ð Þ � Xbest �Mut Vect� Bf1

� 	
Xnnew ¼ Xn þ rand 0; 1ð Þ � Xbest �Mut Vect� Bf2

� 	
Mut Vec ¼ Xm þ Xn

2

ð49Þ

where rand(0, 1) is a random number between 0 and 1, Bf1

and Bf2 are defined as benefit factors, which show the

beneficial relationship of organisms in the ecosystem

enabling the generation of new organisms. The Mut_Vect

and Xbest are, respectively, identified as the relationship

between Xm and Xn organisms, and the best solution in the

ecosystem. The organisms update with the new candidate

solutions when these have better fitness value than the

previous fitness ones. Otherwise, the new candidate

solutions are not used to find the optimal solution in search

space or ecosystem.

4.2 Commensalism phase

The commensalism phase of the SOS algorithm is identi-

fied as the symbiotic relationship between two different

organisms, where Xn is the nth organism of the ecosystem,

chosen randomly from the ecosystem to interact with

organism Xm. The organism Xm benefits from the interac-

tion, whereas the other organism shows unaffected

behavior. The new candidate solution in the ecosystem is

defined as follows.

Xmnew ¼ Xm þ rand �1; 1ð Þ � Xbest � Xnð Þ ð50Þ

The old candidate solution in this phase updated with

the new candidate solution when the new candidate solu-

tion has a better fitness value than the previous one.

Otherwise, the new candidate solution is not used to find

the optimal solution in the ecosystem.

Fig. 9 The pseudocode of SOS algorithm
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4.3 Parasitism phase

This phase of the SOS algorithm can be explained as the

symbiotic relationship between two different organisms. In

a parasitism phase, the organism Xn is selected from the

ecosystem. A parasite vector (parasite_vect) is constituted

from the organism Xm. The fitness value of the para-

site_vect is computed, and if this fitness value is better than

that of organism Xn, the parasite_vect replaces organism Xn

in the ecosystem. Otherwise, the parasite vector is not used

to find the optimal solution in the ecosystem.

The main structure of the SOS algorithm is summarized

via the pseudocode in Fig. 9.

4.4 The SOS algorithm applied to security-
constrained AC–DC OPF problem with Wind,
PV and PEV systems

The application of the SOS algorithm to the proposed

security-constrained AC–DC OPF problem incorporating

wind, PV and PEV systems is explained step-by-step in

Sect. 4.4.

• Step 1 In this step, read the all of the parameters

belonging to test system, and specify the number of

iteration, size of population, and number of dimension

of the SOS algorithm. In addition to this step, the

independent variables of the proposed problem are

generated within the specified limit values for the

beginning population.

(a)

Fig. 10 Application of SOS algorithm to OPF problem: a Flowchart of algorithm, b Fitness function part
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• Step 2 The generated independent variables in the

beginning population according to limit values are sent

to Newton–Raphson power flow and objective function

to calculate the fitness function. Newton–Raphson is

run to control that the dependent variables, and the

inequality constraints are within the limits or not. The
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(b)

Fig. 10 continued

Table 1 Setting parameters of all optimization algorithms

Algorithms Parameters settings

SOS Ecosystem size = 50 Iteration = 300

ABC Colony size = 50 number of food sources (SN) = colony size/2 limit = D * SN Iteration = 300

ICA Population size = 50 Iteration = 300 beta = 1.5 zeta = 0.2 gamma = 0.5

MSA Population size = 50 Iteration = 300

SFLA Population size = 50 Iteration = 300

GA Population size = 50 Iteration = 300 Crossover Percentage = 0.8 Mutation Rate = 0.1

PSO Swarm size = 50 cognitive constant = 2 social constant = 2 inertia weight (\omega) linearly decreases from 0.9 to 0.4

Iteration = 300
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best organism of the algorithm is determined in the

population.

• Step 3 According to mutualism phase operator, the

produced new candidate solution is sent to the objective

function to compute fitness function of the problem.

The dependent variables and the inequality constraints

are checked depending on the obtained results from the

Newton–Raphson method, and then the value of the

new candidate solution is compared to previous fitness

values.

• Step 4 The flow process in Step 3 is valid for

commensalism phase operator.

• Step 5 The flow process in Step 3 is valid for parasitism

phase operator.

• Step 6 Update the fitness value and the values of the

independent variables.

• Step 7 Go to Step 3 until the maximum number of

function evaluations is reached.

The flow diagram showing the application of the SOS

algorithm to the intended OPF problem is shown in Fig. 10.

Figure 10a shows the implementation steps of the algo-

rithm as described above. Figure 10b explains in detail the

application process of the fitness function in the problem.

5 Simulation studies

5.1 Experimental settings

The power flow calculations of the OPF problem with

RESs and two terminal HVDC systems are carried out via

MATPOWER 6.0 (Zimmerman et al. 2011; MATPOWER

http://www.pserc.cornell.edu/matpower/). In this study, the

algorithms used were run 30 times for all the test cases in

order to obtain statistically results valid results. All opti-

mization algorithms were run using an Intel(R) Core(TM)

i7-8750H CPU@2.20 GHz with 16 GB of RAM and 9

64-based processor. The setting parameters belonging to

themselves of all used optimization algorithms in this paper

are given in Table 1. The information given in their orig-

inal studies in which the algorithms were introduced was

taken as the reference to determine the parameter settings.

Moreover, the maximum iteration number was used as the

stopping criteria and the number of population size (Nps)

of algorithms is identified as the same value.

5.2 Simulation results

In this study, the SOS, ABC, ICA, MSA, SFLA, GA, and

PSO optimization algorithms were used to solve the AC–

DC OPF problem of an IEEE 30-bus and IEEE 57-bus

Table 2 Fuel and emission coefficients of thermal generating units

Units x ($/

h)

y ($/

MWh)

z ($/
MW2h)

d ($/

h)

e (rad/

MW)

r (ton/

h)

b (ton/

MWh)

s (ton/

MW2h

x (ton/h) l (1/

MW)

Prohibited

zones

IEEE 30-bus test system

PTHG1 0 2.00 0.00375 18 0.037 0.04091 - 0.05554 0.06490 0.000200 2.857 [55–66],

[80–120]

PTHG2 0 1.75 0.01750 16 0.038 0.02543 - 0.06047 0.05638 0.000500 3.333 [21–24],

[45–55]

PTHG5 0 1.00 0.06250 14 0.040 0.04258 - 0.05094 0.04586 0.000001 8.000 [30–36]

Fig. 11 Modified IEEE 30-bus test system with RESs and HVDC

systems
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test systems while considering uncertainties of wind, PV,

and PEV systems. The test system parameters are taken

from Refs. (Duman 2017; Chaib et al. 2016; http://labs.

ece.uw.edu/pstca/pf30/pg_tca30bus.htm; http://labs.ece.

uw.edu/pstca/pf57/pg_tca57bus.htm), and Table 2 shows

fuel cost coefficients, emission coefficients, and POZs of

the thermal generating units. The total active and reac-

tive power base loads of the IEEE 30-bus were 2.834 and

1.262 p.u. at the 100 MVA base. The total active and

reactive power base loads were 12.508 and 3.364 p.u. for

IEEE 57-bus test system at the 100-MVA base. Reactive

power is one of the most important parameters of OPF

problems in modern power systems. In this study, reac-

tive power limits of wind, PV and PEV systems were

- 0.4 9 Pres, i
max p.u. and 0.5 9 Pres, i

max p.u. (Biswas

et al. 2017, 2018b). Pres, i
max was the maximum active

power of RESs (wind, PV, and PEV systems). The single

line diagram of the modified IEEE 30-bus test system

with RESs, and a two terminal HVDC system is shown in

Fig. 11.

Table 3 Parameters of the test systems

Characteristics IEEE 30-bus system

Number Details

Bus 30 IEEE 30-bus test system data http://labs.

ece.uw.edu/pstca/pf30/pg_tca30bus.htm

Branch 41 IEEE 30-bus test system data http://labs.

ece.uw.edu/pstca/pf30/pg_tca30bus.htm

Thermal

generators

3 Buses: 1, 2 and 5

Slack

generator

1 Buses: 1

Wind farm 1 Buses: 8

PV system 1 Buses: 11 and 13

PEV system Buses: 13

Transformer 4 Branches: 11, 12, 15 and 36

Capacitor

bank

2 Buses: 10, 24

Independent

variable

17 –

Load bus

voltage limit

24 [0.95–1.05] p.u

Table 4 Upper and lower limits

of dependent variables
Variables (AAC) AAC, min AAC, max Variables (ADC) ADC, min ADC, max

PTHG1 (MW) 50 200 tr 1.0 1.10

VL, NPQ 0.95 1.05

QTHG1 (MVAr) - 20 150 ti 1.0 1.10

QTHG2 (MVAr) - 20 60

QTHG5 (MVAr) - 15 62.5 a(�) 9.74 22.91

QWS1 (MVAr) - 24 30 c (o) 8.59 22.91

QPVS (MVAr) - 20 25 vdr 1.0 1.5

QPVS?PEV (MVAr) - 16 20 vdi 1.0 1.5

Table 5 Upper and lower limits

of independent variables
Variables (BAC) BAC, min BAC, max Variables (BDC) BDC, min BDC, max

PTHG2 (MW) 20 80 Pr (p.u) 0.1 1.5

PTHG5 (MW) 15 50

PWS1 (MW) 0 60

PPVS (MW) 0 50 Pi (p.u) 0.1 1.5

PPVS?PEV (MW) - 8 40

VG1 (p.u.) 0.95 1.10

VG2 (p.u.) 0.95 1.10 Qr (p.u) 0.05 0.75

VG5 (p.u.) 0.95 1.10

VG8 (p.u.) 0.95 1.10

VG11 (p.u.) 0.95 1.10 Qi (p.u) 0.05 0.75

VG13 (p.u.) 0.95 1.10

T11 (p.u.) 0.90 1.10

T12 (p.u.) 0.90 1.10 id 0.1 1.0

T15 (p.u.) 0.90 1.10

T36 (p.u.) 0.90 1.10

QC10 (MVAr) 0 30

QC24 (MVAr) 0 30
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Table 3 gives a summary of the parameters of test sys-

tem, and the upper and lower limits of dependent and

independent variables are, respectively, given in Tables 4

and 5. Table 4 describes the limits values of the dependent

variables in both AC and DC systems according to Refs.

(Kılıç et al. 2014; Biswas et al. 2017, 2018b; Chaib et al.

2016; http://labs.ece.uw.edu/pstca/pf30/pg_tca30bus.htm).

Table 5 defines the limits values of the independent vari-

ables, which are optimized by the heuristic algorithms in

both AC and DC systems according to Refs. (Kılıç et al.

2014; Biswas et al. 2017, 2018b; Chaib et al. 2016; http://

labs.ece.uw.edu/pstca/pf30/pg_tca30bus.htm). Table 6

shows the direct, overestimation and underestimation cost

coefficients of the wind, PV and PEV systems.

In order to evaluate the performances of the SOS and

other methods, the modified IEEE test systems with RESs

and HVDC systems were tested via the multiple study

cases described below.

Test system 1 Modified IEEE 30-bus test system with RESs

and HVDC systems.

• Case 1 An OPF problem with a quadratic cost function

for thermal generating units, and a cost model of wind,

PV, and combined PV and PEV energy sources

• Case 2 An OPF problem with cost function and valve

point effect for thermal generating units, and a cost

model of wind, PV, and combined PV and PEV energy

sources

• Case 3 An OPF problem with cost function and POZs

for thermal generating units, and a cost model of wind,

PV, and combined PV and PEV energy sources

• Case 4 An OPF problem with a cost function as well as

emission and tax for thermal generating units, and a

cost model of wind, PV, and combined PV and PEV

energy sources

• Case 5 An OPF problem with improvement of voltage

stability considering thermal generating units, and a

cost model of wind, PV, and combined PV and PEV

energy sources

• Case 6 An OPF problem with voltage deviation

considering thermal generating units, and a cost model

of wind, PV, and combined PV and PEV energy sources

• Case 7 A security-constrained OPF problem with

selected N-1 contingency conditions

Test system 2 Modified IEEE 57-bus test system with RESs

and HVDC systems.

• Case 8 The OPF problem with a quadratic cost function

for thermal generating units, and a cost model of wind,

PV, and combined PV and PEV energy systems

• Case 9 The OPF problem with cost function and valve

point effect for thermal generating units, and a cost

model of wind, PV, and combined PV and PEV energy

systems

• Case 10 The OPF problem with a cost function as well

as emission and tax for thermal generating units, and a

cost model of wind, PV, and combined PV and PEV

energy systems

5.2.1 Test system 1

Case 1 Minimization of total cost of thermal and wind-PV-

PEV systems The minimization of the total cost considering

the quadratic cost function of the thermal generators, the

cost model of RESs and PEV systems were studied in Case

Table 6 Cost model coefficient of renewable energy sources

Cost coefficients of wind power ($/MW) Cost coefficients of PV system ($/MW) Cost coefficients of combined PV and PEV system ($/

MW)

Bus No. ww, i COw, i CUw, I Bus No. pv, i COpv, i CUpv, i Bus No. pev, i COppev, i CUppev, i

IEEE 30-bus test system

Bus 8 1.8 3 1.5 Bus 11 and 13 1.7 3 1.6 Bus 13 1.6 3 1.5

Cost coefficients of wind power ($/MW) Cost coefficients of wind power ($/MW) Cost coefficients of combined PV and PEV system ($/

MW)

Bus No ww, i COw, i CUw, I Bus No. ww,i COw, i CUw, I Bus No. pev, i pv, i COppev, i CUppev, i

IEEE 57-bus test system

Bus 6 3.2 6 3 Bus 9 3.5 6 3 Bus 2 3.2 3.4 6 3
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Table 7 The simulation results of SOS algorithm for all cases

Parameters Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7.1 (line

outage

(15–23))

Case 7.2 (line

outage

(12–15))

Case 7.3 (line

outage (6–28))

PTHG1

(MW)

164.0899 141.0806 164.2982 162.2689 123.4320 50.6136 163.8934 164.5089 163.3454

PTHG2

(MW)

45.3520 54.8992 44.9991 46.2697 24.4530 79.8570 45.6656 45.6498 45.8986

PTHG5

(MW)

20.3707 20.0192 20.3695 20.6935 48.6967 37.3233 20.4303 20.5255 20.2895

PWS1 (MW) 36.8958 45.2180 36.7931 37.2852 58.3178 40.3396 36.6925 36.6725 36.9067

PPV (MW) 12.6258 15.9044 12.6242 12.6428 41.4712 49.9920 12.6377 12.6195 12.6137

PPV?PEV

(MW)

12.1718 13.2691 12.4271 12.2483 - 7.5998 29.3637 12.3271 12.1163 12.6170

V1 (p.u.) 1.0792 1.0762 1.0811 1.0808 1.0806 1.0005 1.0801 1.0815 1.0804

V2 (p.u.) 1.0618 1.0613 1.0627 1.0633 1.0755 1.0002 1.0631 1.0632 1.0634

V5 (p.u.) 1.0319 1.0319 1.0319 1.0329 1.0678 1.0138 1.0330 1.0339 1.0339

V8 (p.u.) 1.0398 1.0429 1.0400 1.0418 1.0527 1.0047 1.0424 1.0413 1.0397

V11 (p.u.) 1.0530 1.0811 1.0525 1.0439 1.0735 1.0232 1.0800 1.0922 1.0956

V13 (p.u.) 1.0690 1.0667 1.0661 1.0603 1.0338 1.0334 1.0595 1.0463 1.0609

T11 (p.u.) 1.0147 1.0205 1.0183 1.0903 1.1000 1.0353 1.0306 1.0480 1.0366

T12 (p.u.) 0.9909 0.9711 0.9779 0.9189 0.9000 1.0054 0.9796 0.9375 0.9362

T15 (p.u.) 0.9732 0.9698 0.9673 0.9579 0.9017 0.9831 0.9570 0.9563 0.9616

T36 (p.u.) 0.9949 0.9959 0.9955 0.9942 0.9754 0.9833 0.9698 0.9691 0.9773

QC10

(MVAr)

27.2904 17.8900 25.1363 29.7313 14.0547 28.7399 22.4425 18.8274 10.4079

QC24

(MVAr)

11.9771 11.8877 11.8593 11.8796 5.9745 17.1347 11.5300 17.4060 15.3415

Pr (p.u) 0.1305 0.1308 0.1310 0.1304 0.2066 0.1621 0.1308 0.2022 0.1320

Pi (p.u) 0.1305 0.1308 0.1309 0.1304 0.2065 0.1620 0.1308 0.2022 0.1320

Qr (p.u) 0.0565 0.0568 0.0549 0.0569 0.0500 0.0592 0.0547 0.0500 0.0557

Qi (p.u) 0.0500 0.0500 0.0500 0.0500 0.0502 0.0500 0.0500 0.0500 0.0501

id 0.1000 0.1002 0.1001 0.1000 0.1486 0.1200 0.1000 0.1381 0.1010

tr 1.0024 1.0033 1.0000 1.0035 1.0095 1.0569 1.0001 1.0638 1.0004

ti 1.0002 1.0000 1.0025 1.0002 1.0088 1.0462 1.0020 1.0934 1.0001

a(�) 22.6788 22.7697 21.9907 22.8733 11.7222 19.0854 21.9435 12.2761 22.1416

c(�) 20.5034 20.4607 20.4490 20.5196 12.6028 16.4808 20.4546 12.9965 20.3257

vdr 1.3045 1.3049 1.3078 1.3042 1.3905 1.3505 1.3084 1.4642 1.3069

vdi 1.3042 1.3045 1.3075 1.3038 1.3900 1.3501 1.3081 1.4637 1.3066

QTHG1

(MVAr)

0.0888 - 0.8955 3.1256 1.7430 - 11.2199 - 18.8787 - 0.2879 3.0969 0.2635

QTHG2

(MVAr)

18.2256 16.1298 18.3873 18.8369 41.4791 - 16.1069 19.7871 17.6586 20.0458

QTHG5

(MVAr)

25.8426 25.3170 25.5315 25.1107 41.1447 52.9024 25.1067 26.4949 26.4885

QWS1

(MVAr)

26.7898 28.0255 28.1538 27.6493 29.5160 29.2828 28.4206 27.9632 29.9413

QPV

(MVAr)

4.8910 16.4248 5.4514 10.6345 24.9927 13.9424 17.1758 24.5039 24.4267

QPV?PEV

(MVAr)

14.6703 12.8751 12.3479 7.8881 - 11.5006 19.8340 7.2928 - 2.5743 8.3877

769.5928 798.8588 769.8551 769.9865 933.3314 921.4875 770.4154 771.5253 770.2653
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Table 7 (continued)

Parameters Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7.1 (line

outage

(15–23))

Case 7.2 (line

outage

(12–15))

Case 7.3 (line

outage (6–28))

Total Cost

($/h)

Emission (t/

h)

0.1922 0.1496 0.1927 0.1882 0.1219 0.0805 0.1918 0.1931 0.1906

Carbon Tax

($/h)

3.8446 2.9911 3.8539 3.7634 2.4375 1.6101 3.8355 3.8619 3.8124

Ploss (MW) 8.1026 6.9871 8.1079 8.0051 5.3635 4.0844 8.2432 8.6861 8.2675

VD (p.u.) 0.8877 0.9078 0.8746 0.8709 0.9166 0.12445 0.9245 0.8285 0.8781

L-index 0.1390 0.1385 0.1391 0.1389 0.13601 0.1505 0.1449 0.1489 0.1505

(a) (b)

(c)

Fig. 12 Convergence curves of all algorithms, (b) reactive power (c) transformer tap ratio variations in rectifier and inverter sides (for Case1)
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1. The formulation of this case is given as an objective

function in (24). Table 7 shows the obtained optimal values

of the independent variables from the SOS algorithm for all

cases. Total cost values from the proposed SOS, ABC,

ICA, MSA, SFLA, GA and PSO methods were 769.5928 $/

h, 773.4497 $/h, 770.448 $/h, 770.6341 $/h, 771.6566 $/h,

780.1213 $/h, and 770.5165, respectively. The simulation

result from the SOS algorithm was 3.8569 $/h, 0.8552 $/h,

1.0413 $/h, 2.0638 $/h, 10.5285 $/h, and 0.9237 $/h lower

than the simulation results from ABC, ICA, MSA, SFLA,

GA and PSO algorithms, respectively.

Figure 12a shows the convergence curves of the fitness

function value of all optimization algorithms for Case 1. It

is obviously shown that the proposed SOS algorithm con-

verges to the optimal solution of the problem faster than the

other algorithms. Figure 12b and c shows the reactive

power and transformer tap ratio variations at both rectifier

and inverter sides throughout the optimization period.

Case 2 Minimization of total cost with valve point effect of

thermal and wind-PV-PEV systems For Case 2, the cost

models for minimizing total cost considering quadratic cost

function with the valve point effect of the thermal gener-

ating units, RES and PEV systems, the formulation in (25)

was used as the objective function. The obtained simulation

result of the SOS algorithm was 798.8588 $/h, which was

0.30109%, 0.26344%, 0.15425%, 0.22168%, 1.60854%,

and 0.06985% lower than ABC, ICA, MSA SFLA, GA and

PSO algorithms. Figure 13a shows the convergence curves

of the optimization algorithms for this case and clearly

indicates that the SOS algorithm effectively converges to

(a) (b)

(c)

Fig. 13 Convergence curves of all algorithms, (b) reactive power (c) transformer tap ratio variations in rectifier and inverter sides (for Case2)
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the optimal solution compared to the other algorithms. The

reactive power and transformer tap ratio variations at both

rectifier and inverter sides are shown in Fig. 13b and c.

Case 3 Minimization of total cost considering prohibited

zones of thermal and wind-PV-PEV systems Minimizing

the total cost while considering POZs as well as the cost

models of wind, PV and PEV systems was studied in Case

3. The simulation result of SOS was 769.8551 $/h, which

was better than those from the ABC, ICA, MSA, SFLA,

GA and PSO methods, and the obtained results from those

algorithms are given in Table 9. The convergence curves of

the optimization algorithms, reactive power and trans-

former tap ratio variations at both rectifier and inverter

sides for this case are shown in Fig. 14a–c, respectively.

Figure 14 clearly shows that the SOS algorithm effectively

converges to the optimal solution faster than the other

methods, and the reactive power and transformer tap ratio

variations are kept within the specified limits.

Case 4 Minimization of total cost emission and tax of

thermal and wind-PV-PEV systems For Case 4, the opti-

mization of the total cost with quadratic cost function and

emission tax, as well as the cost models of the wind, PV

and PEV systems used the objective function given in (26).

The results obtained from the SOS, ABC, ICA, MSA,

SFLA, GA and PSO optimization algorithms were

773.7498 $/h, 774.9863 $/h, 775.9863 $/h, 774.3481 $/h,

775.3144 $/h, 789.7627 $/h, and 774.1573 $/h, respec-

tively. The objective value of the SOS algorithm was

1.2365 $/h, 2.2365 $/h, 0.5938 $/h, 1.5646 $/h, 16.0129 $/

h, and 0.4075 $/h lower than those of the other

(a) (b)

(c)

Fig. 14 Convergence curves of all algorithms, (b) reactive power (c) transformer tap ratio variations in rectifier and inverter sides (for Case3)
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optimization algorithms. The convergence curves of the

optimization algorithms, reactive power and transformer

tap ratio variations at both rectifier and inverter sides for

Case 4 are shown in Fig. 15a–c, respectively.

Case 5 Improvement voltage stability of test system The

minimum L-index value for improvement of the voltage

stability was studied for this case. The proposed objective

function is given in (30). At the end of the optimization

process, the minimum L-index values obtained by the SOS

algorithm were better than those of the other optimization

algorithms. That is, in Case 5, the result of SOS was

6.06395%, 3.46712%, 1.88284%, 3.68109%, 94.3795%,

and 0.15801% lower than the simulation results of the

ABC, ICA, MSA, SFLA, GA and PSO algorithms.

Figure 16a and b shows the reactive power and transformer

tap ratio variations at both rectifier and inverter sides,

respectively.

Case 6 Minimization voltage deviation of test system Op-

timizing the voltage deviation of the system was studied for

Case 6, and in (31) was considered as the objective func-

tion. In Case 6, the optimal simulation result obtained from

SOS algorithm was 0.12445, which was 36.97570%,

14.76727%, 11.15157%, 17.93387%, 6.70215%, and

8.087149% lower than the results of the ABC, ICA, MSA,

SFLA, GA and PSO algorithms, respectively. Changes of

the reactive power and transformer tap ratio at both rectifier

and inverter sides depending on iteration numbers are

shown in Fig. 17a and b, respectively.

(a) (b)

(c)

Fig. 15 Convergence curves of all algorithms, (b) reactive power (c) transformer tap ratio variations in rectifier and inverter sides (for Case4)
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Case 7 N-1 contingency conditions Different contingency

conditions such as outages in the lines or the generating

units might occur under continuous operating conditions in

modern power systems. Thus, the power systems must have

sufficient voltage stability under these conditions. In this

case, to optimize both the total cost and enhancement of the

voltage stability of the test system with two-terminal

HVDCs, the objective function was considered as a single

objective function and is given in (51).

fobj A0;B0ð Þ ¼ Fobj1 þ cL � Fobj5

� 	
ð51Þ

In this study, we considered different contingency states,

which included the outage of transmission lines between

busses (15–23, 12–15, and 6–28). In the outage of the

transmission lines between busses 15 and 23, the optimal

simulation result of the SOS method was 784.9010, which

was 4.4692, 1.306, 1.7884, 1.5893, 2.6329, and 0.7978

lower than the results of the ABC, ICA, MSA, SFLA, GA

and PSO algorithms, respectively. The convergence curves

of the optimal solution values of the optimization algo-

rithms, reactive power and transformer tap ratio variations

at both rectifier and inverter sides for Case 7.1 are shown in

Fig. 18a–c, respectively.

Case 7.2 considered the contingency condition of an

outage in the transmission lines between buses 12 and 15.

The total cost values from the SOS, ABC, ICA, MSA,

SFLA, GA and PSO methods were 786.4142, 788.5723,

787.7024, 788.1296, 787.9609, 787.417, and 787.73279,

respectively.

(a) (b)

Fig. 16 a Reactive power b transformer tap ratio variations in rectifier and inverter sides (for Case 5)

(a) (b)

Fig. 17 a Reactive power b transformer tap ratio variations in rectifier and inverter sides (for Case 6)
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The minimum total cost value obtained by the SOS

algorithm was better than the simulation results of the other

optimization algorithms. Figure 19a–c shows the conver-

gence curves of the optimal solution values of the opti-

mization algorithms, change of the reactive power and the

transformer tap ratio at both rectifier and inverter sides

depending on iteration numbers, respectively.

An outage in the transmission lines between buses 6 and

28 was studied in Case 7.3. When the simulation results

were examined, the best optimal result was obtained from

the SOS algorithm, which was 785.3192. In other words,

SOS algorithm was 1.7519, 1.6572, 2.005, 1.0941, 3.498,

and 1.0074 lower compared with the simulation results of

the other optimization algorithms.

The convergence curves of the optimal solution values

of the optimization algorithms, change of the reactive

power and the transformer tap ratio at both the rectifier and

inverter sides depending on iteration numbers for Case 7.3

are shown in Fig. 20a–c, respectively. Figure 21a and b

shows the voltage profile of all load buses for all cases, and

these values are all within the specified upper and lower

limitations.

5.2.2 Test system 2

In this part of the simulation, the studying conditions

specified in Case 8, Case 9 and Case 10 were applied in

IEEE 57-bus test system. The simulation results obtained

from these Case studies are shown in Table 8. As can be

(a) (b)

(c)

Fig. 18 Convergence curves of all algorithms, (b) reactive power (c) transformer tap ratio variations in rectifier and inverter sides (for Case7.1)
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clearly seen from Table 8, according to the results obtained

from the SOS algorithm, the control variables of the pro-

posed problem are within the specified limit values. Fur-

thermore, the simulation results obtained from all

optimization algorithms for Case 8, Case 9 and Case 10 are

given in Table 10 in detail. SOS, ABC, ICA, MSA, SFLA,

GA and PSO algorithms are used to find the minimum

value of the total cost considering the quadratic cost

function of the thermal generators, the cost model of RESs

and PEV systems in Case 8. Total cos value of the SOS is

30461.5781 $/h, which is 32.4612 $/h, 22.6133 $/h,

75.3092 $/h, 203.1576 $/h, 93.3473 $/h, and 56.5472 $/h,

lower than the results from ABC, ICA, MSA, SFLA, GA

and PSO methods, respectively.

The convergence curves of the fitness function value of

all optimization algorithms for Case 8 are indicated in

Fig. 22a. The proposed SOS algorithm converges to the

optimal solution of the problem faster than the other

algorithms. Figure 22b and c shows the reactive power and

transformer tap ratio variations at both rectifier and inverter

sides throughout the optimization period.

In case 9, minimizing of objective function value, the

obtained results from the optimization algorithms are,

respectively, 30463.6587 $/h, 30497.2068 $/h, 30530.3553

$/h, 30512.5751 $/h, 30839.2581 $/h, 30566.4826 $/h, and

30540.5587 $/h. In other words, the result of SOS algo-

rithm is 0.11000%, 021845%, 0.16031%, 1.21792%,

0.33639%, and 0.25179% lower than the results of ABC,

ICA, MSA, SFLA, GA and PSO algorithms, respectively.

The convergence curves to the optimal solution values

of the optimization algorithms, change of the reactive

power and the transformer tap ratio at both the rectifier and

(a) (b)

(c)

Fig. 19 Convergence curves of all algorithms, (b) reactive power (c) transformer tap ratio variations in rectifier and inverter sides (for Case7.2)
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(a) (b)

(c)

Fig. 20 Convergence curves of all algorithms, (b) reactive power (c) transformer tap ratio variations in rectifier and inverter sides (for Case7.3)

(a) (b)

Fig. 21 Voltage profiles of load buses (a) for Case 1–6, (b) for Case 7.1–7.3
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inverter sides depending on iteration numbers for Case 9

are demonstrated in Fig. 23a–c, respectively.

The obtained fitness values from minimization of the

total cost with quadratic cost function and emission tax,

including the cost models of the wind, PV and PEV sys-

tems used the objective function are 30451.4160 $/h,

30498.4403 $/h, 30661.2765 $/h, 30541.0025 $/h,

30752.6626 $/h, 30586.3517 $/h, and 30533.0552 $/h in

case 10, and according to these results, SOS algorithm has

the best fitness value.

The convergence curves of the results obtained from the

optimization algorithms to the optimal solution, change of

the reactive power and the transformer tap ratio at both

rectifier and inverter sides for Case 10 are shown in

Fig. 24a–c, respectively. Figure 24d indicates the voltage

profile of all load buses for all cases, and these values are

all within the specified minimum and maximum

constraints.

5.3 Statistical analysis

In this section, the statistical analysis of the optimization

algorithms used in the solution of the proposed OPF

problem was executed. All algorithms were run 30 times

for each case to provide sufficient and strong evidence for

statistical analysis. In addition, nonparametric Friedman

and Wilcoxon tests are shown in this section to test the

Table 8 Simulation results of the IEEE 57-bus test system

Parameters Min. Max. Case 7 Case 8 Case 9 Parameters Min. Max. Case 7 Case 8 Case 9

PPV?PEV

(MW)

- 16 80 60.4681 60.4713 60.5275 T80 (p.u.) 0.90 1.10 0.9331 0.9656 0.9698

PTHG3 (MW) 40 140 41.6478 41.4051 41.6465 QC18 (MVAr) 0 30 4.8277 18.5627 27.3024

PWS1 (MW) 0 150 149.9999 150.0000 149.9998 QC25 (MVAr) 0 30 12.1913 13.4794 21.5149

PTHG8 (MW) 100 550 423.3350 422.0996 426.2098 QC53 (MVAr) 0 30 12.9181 12.5578 12.9894

PWS2 (MW) 0 120 119.9999 119.9997 119.9993 Pr (p.u) 0.10 1.50 1.3999 1.3992 1.3969

PTHG12 (MW) 100 410 336.3365 334.6117 333.5928 Pi (p.u) 0.10 1.50 1.3966 1.3959 1.3936

V1 (p.u.) 0.95 1.10 0.9870 1.0231 1.0179 Qr (p.u) 0.001 0.75 0.4708 0.5460 0.6670

V2 (p.u.) 0.95 1.10 0.9809 1.0183 1.0143 Qi (p.u) 0.001 0.75 0.4217 0.4214 0.4206

V3 (p.u.) 0.95 1.10 0.9799 1.0198 1.0196 id 0.05 1.00 1.0000 0.9995 0.9978

V6 (p.u.) 0.95 1.10 0.9983 1.0403 1.0450 tr 0.90 1.10 1.0830 1.0691 1.0958

V8 (p.u.) 0.95 1.10 1.0099 1.0408 1.0483 ti 0.90 1.10 1.0891 1.0532 1.0482

V9 (p.u.) 0.95 1.10 0.9919 1.0256 1.0305 a(�) 5 30 5.8128 12.0951 18.7204

V12 (p.u.) 0.95 1.10 0.9772 1.0128 1.0138 c(�) 10 30 10.0011 10.0030 10.0053

T19 (p.u.) 0.90 1.10 0.9141 0.9002 1.0084 vdr 1.00 1.40 1.4000 1.3999 1.4000

T20 (p.u.) 0.90 1.10 0.9207 1.0672 1.0127 vdi 1.00 1.40 1.3967 1.3965 1.3967

T31 (p.u.) 0.90 1.10 1.0236 1.0134 1.0103 PTHG1 (MW) 0 576 133.3981 135.7873 132.6298

T35 (p.u.) 0.90 1.10 0.9025 0.9263 1.0472 QTHG1 (MVAr) - 140 200 52.8642 45.6569 31.5403

T36 (p.u.) 0.90 1.10 1.0993 1.1000 1.0970 QPV?PEV

(MVAr)

- 32 40 39.9556 39.9681 39.9895

T37 (p.u.) 0.90 1.10 1.0229 1.0164 1.0206 QTHG3 (MVAr) - 10 60 36.8352 30.9134 21.6977

T41 (p.u.) 0.90 1.10 0.9347 0.9701 0.9796 QWS1 (MVAr) - 60 70 - 6.6355 2.9809 - 1.9699

T46 (p.u.) 0.90 1.10 0.9603 0.9567 0.9765 QTHG8 (MVAr) - 140 200 101.4167 89.4819 107.9215

T54 (p.u.) 0.90 1.10 0.9105 0.9000 0.9001 QWS2 (MVAr) - 50 60 59.9983 59.9598 59.9724

T58 (p.u.) 0.90 1.10 0.9041 0.9426 0.9445 QTHG12

(MVAr)

- 150 155 55.9956 55.0165 54.8515

T59 (p.u.) 0.90 1.10 0.9018 0.9339 0.9366 Total cost ($/h) 30461.5781 30463.6587 30429.374

T65 (p.u.) 0.90 1.10 0.9120 0.9428 0.9465 Emission (t/h) 1.0985 1.0939 1.1021

T66 (p.u.) 0.90 1.10 0.9000 0.9136 0.9133 Carbon tax ($/

h)

21.9704 21.8786 22.0420

T71 (p.u.) 0.90 1.10 0.9032 0.9425 0.9472 Ploss (MW) 14.0514 13.2411 13.4728

T73 (p.u.) 0.90 1.10 0.9973 0.9909 0.9817 VD (p.u.) 1.3273 1.3215 1.4296

T76 (p.u.) 0.90 1.10 0.9986 0.9696 0.9622 L-index 0.2867 0.2819 0.2852
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statistical validity of the results obtained from the algo-

rithms used in simulation studies (Carrasco et al. 2020).

Table 9 shows the minimum, mean, maximum, and

standard deviation values of all the optimization algorithms

used for the 30 runs in each simulation case and the

computational times of all algorithms at the end of the

optimization process. When the computational times of the

SOS algorithm for all cases investigate, the SOS method is

more successful on finding optimal solution of the problem

than the other methods. That is to say, for Case 1, the

computational time of the SOS algorithm is 2.9595%,

4.5941%, 2.5039%, 3.1104%, 7.2916%, and 6.7365%

lower than the computational times of the other algorithms.

It is clearly seen from Table 9 that the proposed algorithm

is 2.9366%, 4.7041%, 3.0864%, 4.2682%, 6.9629%, and

5.5639% for case 2, 3.9938%, 4.5801%, 2.9503%,

3.6979%, 7.2700%, and 6.2968% for case 3, 4.3143%,

4.6082%, 3.1201%, 5.0458%, 8.4070%, and 6.4759% for

case 4, 3.6753%, 3.3794%, 3.5276%, 2.6315%, 7.6358%,

and 5.4135% for case 5, 4.0247%, 6.0606%, 5.3435%,

4.3209%, 9.2240%, and 6.2027% for case 6, 3.1722%,

3.3182%, 2.7735%, 4.4709%, 7.2359%, and 5.5964% for

case 7.1, 3.4431%, 1.8264%, 2.4205%, 3.4431%, 7.0605%,

and 5.4252% for case 7.2, 3.7707%, 3.0395%, 2.8919%,

3.9156%, 7.9365%, and 7.1324% for case 7.3 lower than

the computational times of the ABC, ICA, MSA SFLA,

GA and PSO algorithms, respectively. In other words, the

computational times of the one iteration of the SOS algo-

rithm are, respectively, 0.0692 s, 0.0697 s, 0.0694 s,

0.0690 s, 0.0698 s, 0.6888 s, 0.0712 s, 0.0716 s, and

0.0708 s for all cases. It is obviously seen that the SOS

(a) (b)

(c)

Fig. 22 Convergence curves of all algorithms, (b) reactive power (c) transformer tap ratio variations in rectifier and inverter sides (for Case 8)

S. Duman et al.

123



algorithm is faster than the other algorithms according to

the computational time of the one iteration.

According to the simulation studies performed under

different operating conditions in the IEEE 57 bus test

system, the minimum, mean, maximum and standard

deviation values of the simulation results obtained as a

result of 30 independent runs of the optimization algo-

rithms used in the simulation studies are given in Table 10.

When Table 10 is examined in detail, it is clear that the

SOS algorithm is successful in all simulation situations,

and has a better time compared to other algorithms in terms

of computation time.

Table 11 is prepared in order to analyze the pairwise

comparison results between the SOS algorithm and the

other optimization algorithms in solving proposed OPF

problem, and it is clear from Table 11 that the SOS

algorithm shows superior performance compared to its

competitors in all simulation studies. In other words, it can

be said that the SOS algorithm prevails in each run com-

pared to its competitors in 30 independent runs.

Table 12 shows the rankings of all algorithms according

to the Friedman analysis method. While each row of

Table 12 shows the performance of an algorithm, the

Friedman ranking of the algorithms for each case is given

in the columns of the table. In the last column, the mean

rank of algorithms used for all simulation cases is listed.

According to the results of Friedman analysis, it is clearly

seen from Table 12 that the optimization algorithm that

shows the best search performance among the algorithms

used is the SOS algorithm.

According to the results obtained from 30 independent

runs, the boxplots created in Fig. 25 are given for easy

(a) (b)

(c)

Fig. 23 Convergence curves of all algorithms, (b) reactive power (c) transformer tap ratio variations in rectifier and inverter sides (for Case 9)
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understanding and interpretation of the search performance

of the optimization algorithms. When these graphs are

examined in detail between Case 1 and Case 7.3 for IEEE

30-bus test system, it is seen that the minimum, maximum,

mean and standard deviation values of the SOS and PSO

algorithms are reasonable. However, it can be said that

ABC, ICA, MSA, SFLA and GA algorithms are caught in

local solution traps in most of study cases. It is clearly seen

that especially the GA algorithm experiences premature

convergence in all cases.

When the boxplot graphs for the IEEE 57 bus test sys-

tem are examined, it is seen that the SFLA algorithm

experiences early convergence and that other ABC, ICA,

MSA, GA and PSO algorithms are caught in local solution

traps.

6 Conclusion

The OPF problem is one of the most important issues

addressed by power system researchers in the planning,

operation and control of modern electrical power grids.

Therefore, with the solution of this problem, it is aimed to

ensure that modern power systems operate under the most

suitable conditions. Simulation studies are carried out on

different test systems under the diversified operating con-

ditions, including various restrictions and limitations for

this power system planning problem. The complexity of

this problem has increased with the recent inclusion of

renewable energy sources in modern power systems. With

the increasing use of HVDC systems in power systems, the

OPF problem has turned into an even more complex

structure. In this study, in addition to traditional thermal

generation units, wind, PV and PEV systems are also

(a) (b)

(c) (d)

Fig. 24 Convergence curves of all algorithms, (b) reactive power (c) transformer tap ratio variations in rectifier and inverter sides (for Case 9),

(d) Voltage profiles of load buses (for Case 8–10)
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included in the OPF problem. To solve the complex OPF

problem mentioned above, this article focuses on modeling

an AC–DC OPF problem including conventional thermal,

wind, PV and PEV energy systems and solving the pro-

posed OPF problem using SOS and other heuristic algo-

rithms in the literature.

Table 9 The obtained simulation results from all optimization algorithms for IEEE 30-bus test system

Methods Case 1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7.1 (line

outage

(15–23))

Case 7.2 (line

outage

(12–15))

Case 7.3 (line

outage

(6–28))

SOS Min. 769.5928 798.8588 769.8551 773.7498 0.13601 0.12445 784.9010 786.4142 785.3192

Mean. 769.6281 798.9400 769.8921 773.8296 0.1383 0.12896 784.9530 786.5344 785.4126

Max. 769.7444 800.5908 769.9796 774.7271 0.14557 0.13444 785.0159 786.9892 785.5853

Std. 0.0341 0.3123 0.03199 0.1882 0.00287 0.002442 0.0262 0.1108 0.06045

Simulation

time (s)

623 628 625 621 629 620 641 645 638

ABC Min. 773.4497 801.2714 770.7626 774.9863 0.14479 0.19139 789.3702 788.5723 787.0117

Mean. 780.4516 810.6725 811.6561 787.1968 0.35539 0.49256 798.1055 797.0708 794.9273

Max. 799.7928 829.7790 869.7037 802.0090 0.62709 0.7848 811.2722 816.5843 808.3833

Std. 6.7082 6.1371 28.1184 6.8329 0.13086 0.16344 5.9539 7.4226 5.2727

Simulation

time (s)

642 647 651 649 653 646 662 668 663

ICA Min. 770.448 800.9689 771.9949 775.0523 0.140895 0.146012 786.207 787.7024 786.9764

Mean. 784.0119 810.5947 787.9625 786.1262 5.28724 5.93946 795.0862 790.7534 800.5820

Max. 800.7913 829.3908 806.7374 805.6676 22.0461 21.0918 813.6477 805.7996 816.7907

Std. 7.5146 8.8594 8.5536 8.8990 6.42947 5.13557 7.1031 4.1764 8.8873

Simulation

time (s)

653 659 655 651 651 660 663 657 658

MSA Min. 770.6341 800.093 770.8036 774.3481 0.13862 0.14007 786.6894 788.1296 787.3242

Mean. 778.4452 808.0184 787.6961 785.3018 0.82624 1.24614 790.3733 793.8396 796.6137

Max. 798.9423 832.0129 841.8255 808.1307 7.4615 18.7431 800.6311 821.0407 828.3598

Std. 7.5327 8.6352 16.28127 10.0621 1.8963 3.981 3.2864 6.8742 10.5969

Simulation

time (s)

639 648 644 641 652 655 659 661 657

SFLA Min. 771.6566 800.6337 771.5053 775.3144 0.141208 0.151646 786.4903 787.9609 786.4133

Mean. 774.6622 806.4198 778.3977 778.7705 4.51455 4.41661 790.3568 790.1354 790.3483

Max. 789.2341 822.5084 793.9391 789.3661 21.6783 38.0413 802.9600 795.6759 796.9345

Std. 3.6505 6.1059 6.7456 3.2655 5.51259 7.42758 4.2016 1.8586 3.0789

Simulation

time (s)

643 656 649 654 646 648 671 668 664

GA Min. 780.1213 811.9189 786.4577 789.7627 2.4199 0.13339 787.5339 787.417 788.8172

Mean 810.9993 837.3178 809.8819 809.8982 28.4850 21.1976 809.5715 801.7137 812.9171

Max. 844.9128 870.044 866.1560 842.5862 43.5353 40.8968 831.8696 834.5599 846.9134

Std. 17.2175 15.6708 16.3436 11.3878 9.0246 10.6538 11.57467 12.90794 16.17724

Simulation

time (s)

672 675 674 678 681 683 691 694 693

PSO Min. 770.5165 799.4172 770.4471 774.1573 0.13923 0.1354 785.6988 787.73279 786.3266

Mean. 771.4128 800.0601 782.3494 775.0453 0.14252 0.14464 786.5138 789.3305 787.3543

Max. 772.4835 801.5780 855.3082 776.1784 0.1451 0.16375 788.5339 795.7667 789.2546

Std 0.5595 0.5229 16.2078 0.5636 0.0035 0.007254 0.724444 1.4838 0.690634

Simulation

time (s)

668 665 667 664 665 661 679 682 687
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Table 10 The obtained simulation results from all optimization algorithms for IEEE 57-bus test system

Methods Case 8 Case 9 Case 10 Methods Case 8 Case 9 Case 10

SOS Min. 30461.5781 30463.6587 30451.4160 SFLA Min 30664.7357 30839.2581 30752.6626

Mean. 30,471.4005 30470.4472 30463.9715 Mean. 32353.9791 32352.5586 33269.4538

Max. 30496.5483 30507.3955 30493.9616 Max. 37581.0876 37762.8179 38268.6783

Std. 10.723412 10.532412 13.630955 Std. 1709.82623 1638.33192 2466.55024

Simulation time (s) 722 725 723 Simulation time (s) 745 754 748

ABC Min. 30494.0393 30497.2068 30498.4403 GA Min. 30554.9524 30566.4826 30586.3517

Mean. 30533.4217 30530.5074 30542.6862 Mean. 30581.0176 30593.1757 30611.7974

Max. 30576.4419 30590.8033 30575.5147 Max. 30606.8802 30619.4262 30641.9175

Std. 22.2281821 20.6266494 18.1491786 Std. 13.9045193 14.2439841 11.9367612

Simulation time (s) 745 748 752 Simulation time (s) 787 792 793

ICA Min. 30484.1914 30530.3553 30661.2765 PSO Min. 30518.1253 30540.5587 30533.0552

Mean. 31079.1200 31307.1304 31074.4494

Max. 31331.6025 31531.5630 31342.7010 Mean. 30556.1545 30574.4646 30563.5025

Std. 220.998969 226.339791 185.16308

Simulation time (s) 756 762 760 Max. 30858.5067 30615.3084 30602.8680

MSA Min. 30536.8873 30512.5751 30541.0025

Mean. 30632.9218 30656.7093 30690.4118 Std. 60.4374955 17.0071244 16.6329545

Max. 30826.1275 30881.2368 31000.5407

Std. 75.3652806 80.6057139 115.172052 Simulation time (s) 779 782 787

Simulation time (s) 741 744 743

Table 11 Wilcoxon test comparison of results for all used algorithms

SOS versus ? / = /- Case1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7.1 Case 7.2 Case 7.3 Case 8 Case 9 Case 10

ABC 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 29/0/1 30/0/0

ICA 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0

MSA 30/0/0 30/0/0 30/0/0 30/0/0 29/0/1 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0

SFLA 30/0/0 30/0/0 30/0/0 30/0/0 29/0/1 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0

GA 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0

PSO 30/0/0 29/0/1 30/0/0 29/0/1 23/0/7 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0 30/0/0

Table 12 Friedman test ranking of all algorithms

Algorithms Case1 Case 2 Case 3 Case 4 Case 5 Case 6 Case 7.1 Case 7.2 Case 7.3 Case 8 Case 9 Case 10 Mean Rank

SOS 1.0000 1.0333 1.0000 1.0333 1.3000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0333 1.0000 1.0333

PSO 2.1333 1.9667 3.3000 2.1333 1.9333 2.1000 2.1333 3.2667 2.3000 2.9333 3.2667 3.0667 2.5444

MSA 4.2333 4.2667 4.0667 4.5000 3.4333 3.5667 3.8000 4.7333 4.7333 4.6000 4.6000 4.5667 4.2583

ABC 4.8667 4.9333 5.6000 5.0000 4.5333 4.3667 5.6333 5.6667 5.0000 2.6333 2.1667 2.1000 4.3750

SFLA 3.7333 4.3000 3.3333 3.7000 4.8667 4.9333 4.0000 3.6333 3.4333 6.6667 6.6667 6.8333 4.6750

ICA 5.1333 4.7000 4.4000 4.8667 5.0333 5.4000 4.9000 3.6667 5.3333 6.0667 6.2000 6.1667 5.1556

GA 6.9000 6.8000 6.3000 6.7667 6.9000 6.6333 6.5333 6.0333 6.2000 4.1000 4.0667 4.2667 5.9583
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Fig. 25 Boxplot characteristics of all algorithms for 30 runs: a Case 1, b Case 2, c Case 3, d Case 4, e Case 5, f Case 6, g Case 7.1, h Case 7.2,

i Case 7.3, j Case 8, k Case 9, l Case 10
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The AC–DC OPF problem with RESs was tested on an

IEEE 30-bus and 57-bus test systems via different cases

involving voltage stability, voltage deviation, different

thermal generating unit operating conditions and the

selectedN-1 contingency conditions. Additionally, the cost

function models of the thermal generating units were

considered under quadratic, valve point effect, and POZ

operating conditions. The simulation results obtained from

the SOS method for the different cases were compared to

the results of ABC, ICA, MSA, SFLA, GA and PSO

optimization algorithms. The comparison results demon-

strated that the SOS provided a faster convergence speed to

find a lower optimal solution value for fitness functions

than the ABC, ICA, MSA, SFLA, GA and PSO methods.

SOS algorithm has shown a powerful and effective per-

formance as it converges to a better solution in minimizing

the total cost and improving the voltage stability compared

to other ABC, ICA, MSA, SFLA, GA and PSO methods.

Furthermore, the SOS algorithm has the best computing

time for all test cases according to the other heuristic

methods. The SOS algorithm used in the solution of the

intended problem is a heuristic algorithm that has been

used in more than 700 studies in the literature and has been

proven successful in solving various optimization

problems.

Moreover, with the improved version of the SOS algo-

rithm or using a constituted hybrid version of SOS with the

other heuristics in the literature, future research may

include: The application of the solution of the proposed

problem approach in large power systems, using different

constraint parameters, the dynamic OPF problem including

renewable energy sources such as wind, PV, PEV, small

hydro-power, tidal, and the solution of the dynamic multi-

objective OPF problem with renewable energy can be

investigated. In addition, it is suggested to model and

investigate the solution of single and multi-objective

problems involving multi terminal voltage-source con-

verter (VSC) HVDC systems and renewable energy

sources.
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Kılıç U, Ayan K (2014) Optimal power flow solution of two-terminal

HVDC systems using genetic algorithm. Electr Eng 96(1):65–77
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