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NOMENCLATURE
ai, bi, ci
Classical and Recent As
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cost coefficient of the ith generator
di, ei
 coefficients reflecting the valve-point effect
F
 the objective function
gi
 the equality constraints
Gij, Bij
 conductance and susceptance of the admittance matrix
hj
 inequality constraints
KG,KQ, KV,
KS
penalty factors
Lmax
 stability index
Ln
 voltage stability local indicator of bus n

NC
 number of shunt VAR compensators
NT
 number of tap regulating transformers
NG
 number of generation buses
NPV
 number of PV buses
NPQ
 number of load buses
NTL
 number of transmission lines
PDi
 the active load demand at bus i

PG1
max
 maximum active power output of slack bus
PG1
min
 minimum active power output of slack bus
PGi
 generator active power output of generating unit i

PGi
 the generated active power of unit i

PG1
 active power generation of slack bus
PGi
max
 maximum active power output of ith generating unit
PGi
min
 minimum active power output of ith generating unit
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QG
 the reactive power output of generators
QG1
 active power generation of slack bus
QCi
 shunt VAR compensation of ith shunt compensator (MVAR)
QCi
max
 maximum VAR injection limit of ith shunt compensator

(MVAR)
QCi
min
 minimum VAR injection limit of ith shunt compensator

(MVAR)
QDi
 the reactive load demand at bus i

QGi
 the generated reactive power of unit i

QGi
max
 maximum reactive power output of ith generating unit

(MVAR)
QGi
min
 minimum reactive power output of ith generating unit (MVAR)
SLi
 transmission line loading of ith branch (MVA)
SLi
min
 maximum apparent power flow limit of ith branch (MVA)
STL
 the apparent power flow in transmission line
Ti
 transformer taps settings of ith transformer (p.u.)
Ti
max
 maximum tap settings limit of ith transformer (p.u.)
Ti
min
 minimum tap settings limit of ith transformer (p.u.)
u
 vector of the control variables
VGi
 voltage magnitude at PV bus i

VLi
max
 maximum load voltage of ith bus
VLi
min
 minimum load voltage of ith bus
VD
 load bus voltage deviation
VL
 the voltage of load bus
x
 vector of the state variables
Yij
 admittance matrix between bus i and bus j

γi, βi, αi, ζ i, λi
 coefficients of the ith generator emission
δij
 phase angle difference between buses i and j

ω1, ω2, ω3
 weight factors for multiobjective functions
1 INTRODUCTION

Over the past half-century, the optimal power flow (OPF) has gained great

attention due to its importance in power system operation. Optimal power

flow is considered an important tool for efficient planning and enhancing

the operation of electric power systems. The main task of optimal power

flow is to determine the best or the most secure operating point (control vari-

ables) for certain objective functions while satisfying the system equality and

inequality constraints. Various objective functions related to the electric

power system can be optimized such as: transmission line losses, total gen-

eration cost, FACTS (Flexible Alternating Current Transmission System)

cost, voltage deviations, total of power transfer capability, voltage stability,

emission of generation units, system security, etc. The system control vari-

ables that can be adjusted include the generated active powers, the voltage of
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generation buses, transformer tap settings and sizing of FACTS devices. Sev-

eral classical (deterministic) and recent (nondeterministic) heuristic optimi-

zation techniques have been proposed to find the solution of optimal power

flow problem. Most of the classical optimization techniques use sensitivity

analysis and gradient-based methods. It should be pointed out that the

classical methods may be trapped in local optimum due to nonlinearity of

optimal power flow problems thereby the metaheuristic optimization tech-

niques are widely employed for solving the optimal power flow problems.

This chapter presents a comprehensive survey of the recent optimization

techniques used to solve optimal power flow problems. The presented opti-

mization techniques are categorized based on their inspirations, such as

nature-swarm-inspired methods (particle swarm optimization, cuckoo search

algorithm, firefly algorithm, ant colony optimization algorithm, gray wolf

optimizer, moth-flame optimizer, etc.), human-inspired algorithms (harmony

search, teaching learning based optimization, tabu search, etc.),

evolutionary-inspired algorithms (differential evolution, genetic algorithms,

etc.), physics-inspired algorithms (simulated annealing , gravitational search

algorithm, etc.), and artificial neural networks (ANN).
2 OPF OVERVIEW

OPF was first proposed by Carpentier [1]. Then, several conventional methods

have been applied to solve the OPF problem, such as Newton method network

flow programming, linear programming, nonlinear programming, quadratic

programming, and the interior point [2–18]. The main shortages of classical

methods are they are nonsuitable for large and difficult OPF problems which

are high nonlinear and multimodal optimization problems, hence these methods

may be trapped in local minima.

Recently, many intelligence optimization methods have been developed to

solve the optimal power flow (OPF), particularly the nonlinear complex opti-

mization problems. Intelligence optimization methods are based on different

concepts such as evolutionary inspired algorithms, human inspired algorithms,

natural inspired algorithms and artificial neural networks [19–109]. The con-

ventional and more recent optimization methods that have been applied for

solving the OPF problem are depicted in Fig. 1.

In this chapter, a comprehensive survey is presented to illustrate the appli-

cation of recent optimization algorithms for solving the optimal power flow

problem. Organization of the remaining chapter is as follows: Section 3

describes an overview of the optimal power flow problem, the common objec-

tive functions and the system constraints. Section 4 presents a brief survey of

conventional methods based OPF. Section 5 shows the new applied optimiza-

tion techniques for optimal power flow. Section 6 is a conclusion of the

chapter.



FIG. 1 Solution methods of optimal power flow problem.
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3 OPTIMAL POWER FLOW PROBLEM FORMULATION

Solution of the optimal power flow problem aims to optimize an objective func-

tion by optimal adjustments of power system control variables with satisfying

various equality and inequality constraints. Generally, the optimization prob-

lem can be mathematically represented as follows:

Min F x, uð Þ (1)

Subjected to
gj x, uð Þ¼ 0 j¼ 1,2,…,m (2)

hj x, uð Þ� 0 j¼ 1,2,…,p (3)

where F acts the objective function, x is a vector represents the dependent
variables (state variables), u is a vector represents the independent (the con-

trol) variables, gj and hj represent equality and inequality constraints, respec-

tively. m and p are number of equality and inequality constraints,

respectively.

The dependent variables (x) in power system can be described as follows:

x¼ PG1, VL1…VL,NPQ,QG,1…QG,NG, STL,1…STL,NTL
� �

(4)
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where PG1 is slack bus power, VL is voltage of load bus, QG is the generator
reactive power output, STL is the apparent power flow in transmission line,

NPQ is number of load buses, NG is number of generation buses, and NTL is

number of transmission lines.

The independent variables u of power system can be described as follows:

u¼ PG,2…PG,NG, VG,1…VG,NG,QC,1…QC,NC, T1…TNT½ � (5)

where PG is output active power of generator, VG is voltage of generation bus,
QC is the injected reactive power of shunt compensator, T is tap setting of trans-

former, NC is number of shunt compensator units, and NT is the number of

transformers.
3.1 Objective Functions

3.1.1 Single Objective Functions

The optimization techniques can be applied for optimal power flow solution

where the most common objective functions can be presented as follows:

(1) Quadratic fuel cost

The objective function is the quadratic equation of total generation fuel cost

which formulated as follows:

F1 ¼
XNG
i¼1

Fi PGið Þ¼
XNPV
i¼1

ai + biPGi + ciP
2
Gi

� �
(6)

where, Fi is the fuel cost of the ith generator. ai, bi, and ci are the cost coeffi-

cients of ith generator.

(2) Quadratic cost with valve-point effect

Practically, the quadratic fuel costs of some generation units are nonsmooth

functions due to influences of the steam admission from their control valves

which call valve-point loading effect. Steam admission will lead to occurrence

of ripples in fuel cost. The valve-point loading effect is considered by adding a

sine term to the fuel cost as follows:

F x, uð Þ¼
XNG
i¼1

Fi PGið Þ¼
XNG
i¼1

ai + biPGi + ciP
2
Gi

� �
+ disin ei P

min
Gi �PGi

� �� ��� �� (7)

where, di and ei are the fuel cost coefficients of the ith unit with valve-point
effects.

(3) Piecewise quadratic cost functions

Practically, the thermal generation unit may have several fuel sources such as

coal, natural gas, and oil. Hence, the fuel cost functions of these units will be



162 Classical and Recent Aspects of Power System Optimization
nonconvex problem and it is split as piecewise quadratic cost functions for dif-

ferent fuel types as follows:

F PGið Þ¼

ai1 + bi1PGi + ci1P
2
Gi Pmin

Gi �PGi �PG1

ai2 + biPGi2 + ciP
2
Gi PG1 �PGi �PG2

…

aik + biPGik + ciP
2
Gi PGi k�1ð Þ �PGi �Pmax

Gi

8>>>><
>>>>:

(8)
(4) Voltage profile improvement

The third objective function is minimizing the voltage deviations of load buses

from a specified voltage. The required objective function can formulate as

follows:

F3 ¼VD¼
XNPQ
i¼1

Vi�1ð Þj j (9)
(5) Voltage stability enhancement

Voltage stability index (L) is an important value proposed by Kessel and Gla-

vitsch to indicate system stability [110]. This value is calculated for all load

buses, which vary between 0 (no load case) to 1 maximum loading point (volt-

age collapse case) hence, the minimizing of this value keeps the system far away

from voltage collapse of power system. However, this objective function can be

formulated as follows:

F4 ¼min Lmaxð Þ¼min max Lnð Þð Þ n¼ 1,2,…,NPQ (10)

where, Ln is the voltage stability index of bus nth that can be calculated as
follows:

Ln ¼ 1�
XNPV
i¼1

Fij
Vi

Vj

�����
����� (11)

where, Vi is the voltage of ith generator bus and Vj is the voltage of load bus. Fij
can be obtained from system Ybus matrix as follows:

IG
IL

� �
¼ YGG YGL

YLG YLL

� �
VG

VL

� �
(12)

where IG, IL are the complex currents and VG, VL are the complex voltages vec-
tors at the generator and load buses. YGG, YLL, YGL, YLG are submatrices of sys-

tem Ybus by making some manipulation in Eq. (12)

VL

IG

� �
¼ ZLL FLG

KGL YGG

� �
IL
VG

� �
(13)

where, Fij¼ [FLG]¼ � [YLL]
�1[YLG].
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(6) Real power losses minimization

The required objective function is minimizing the active power loss which can

be formulated as follows:

Ploss ¼
XNTL
i¼1

Gij V2
i +V

2
j �2ViVj cosδij

	 

(14)

where, Gij the conductance of a transmission, NTL is number of transmission
lines, and δij is phase difference of voltages.

(7) Emission minimization

Reducing the pollution of the environment can be achieved by minimizing the

emission gases from thermal power plants. The objective function for these

emission gases can be formulated as follows:

Em ¼
XNG
i¼1

γiP
2
Gi + βiPGi + αi + ζiexp λiPGið Þ (15)

where, γi, βi, αi, ζi, and λi are the emission coefficient of the ith generator.
3.1.2 Multiobjective Functions

The main purpose of solving multiobjective problems is to optimize several

independent objective functions simultaneously.

The multiobjective problem can be defined as follows:

Min F x, uð Þ¼ F1 x, uð Þ, F2 x, uð Þ…, Fi x, uð Þ½ � (16)

where “i” is the number of objective functions. Solving the multiobjective
functions can be accomplished by Pareto optimization method or weight fac-

tors as:

F x, uð Þ¼ω1

XNG
i¼1

ai + biPGi + ciP
2
Gi

� � !
+ω2

XNPQ
i¼1

Vi�1ð Þj j
 !

(17)

F x, uð Þ¼ω1

XNG
i¼1

ai + biPGi + ciP
2
Gi

� � !
+ω2

XNTL
i¼1

Gij V2
i +V

2
j �2ViVj cosδij

	 
 !

(18)

F x, uð Þ¼ω1

XNG
i¼1

ai + biPGi + ciP
2
Gi

� � !
+ω2 max Lnð Þð Þ (19)
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F x, uð Þ¼ω1

XNPQ
i¼1

Vi�1ð Þj j
 !

+ω2

XNTL
i¼1

Gij V2
i +V

2
j �2ViVj cosδij

	 
 !

+ω3 max Lnð Þð Þ (20)

where, ω1, ω2, and ω3 are weight factors which are selected based on relative
important of one objective to others. Usually, the values of weight factors are

selected as follows:

Xn
i¼1

ωn ¼ 0 (21)

3.1.3 Constraints

The transmission system has several constraints which can be categorized as

follows:

(1) Equality constraints

The equality constrains represent the balanced load flow equations as follows:

PGi�PDi ¼ Vij j
XNB
j¼1

Vj

�� �� Gij cosδij +Bij sinδij
� �

(22)

QGi�QDi ¼ Vij j
XNB
j¼1

Vj

�� �� Gij cosδij +Bij sinδij
� �

(23)

where, PGi and QGi are the generated active and reactive power at bus i, respec-

tively. PDi and QDi are the active and reactive load demand at bus i, respec-
tively. Gij and Bij are the conductance and susceptance between bus i and
bus j, respectively.

(2) Inequality constrains

The inequality constrains can be classified as follows:

I. Generators active power output

Pmin
Gi �PGi �Pmax

Gi i¼ 1,2,…,NG (24)

II. Generators bus voltages
Vmin
Gi �VGi �Vmax

Gi i¼ 1,2,…,NG (25)

III. Generators reactive power output
Qmin
Gi �QGi �Qmax

Gi i¼ 1,2,…,NG (26)
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IV. Transformer tap settings
Tmin
i � Ti � Tmax

i i¼ 1,2,…,NT (27)

V. Shunt VAR compensator
Qmin
Ci �QCi �Qmax

Ci i¼ 1,2,…,NC (28)

VI. Apparent power flow in transmission lines
SLi � SminLi i¼ 1,2,…,NTL (29)

VII. Voltage magnitude of load buses
Vmin
Li �VLi �Vmax

Li i¼ 1,2,…,NPQ (30)

The dependent control variables can be easily considered in an optimization

solution by using the quadratic penalty formulation of objective function which

can be expressed as follows:

Fg x, uð Þ¼Fi x, uð Þ+KG △PG1ð Þ2 +KQ

XNPV
i¼1

△QGið Þ2

+KV

XNPQ
i¼1

△VLið Þ2 +KS

XNTL
i¼1

△SLið Þ2 (31)

where, KG, KQ, KV, and KS are the penalty factors, these values are high pos-
itive △PG1, △QGi, △VLi and △SLi are penalty terms which can be defined as

follow:

△PG1 ¼
PG1�Pmax

G1

� �
PG1 >Pmax

G1

PG1�Pmin
G1

� �
PG1 <Pmin

G1

0 Pmin
G1 <PG1 < Pmax

G1

8><
>: (32)

△QGi ¼
QGi�Qmax

Gi

� �
QGi >Qmax

Gi

QGi�Qmin
Gi

� �
QGi <Qmin

Gi

0 Qmin
Gi <QGi < Qmax

Gi

8><
>: (33)

△VLi ¼
VLi�Vmax

Li

� �
VLi >Vmax

Li

VLi�Vmin
Li

� �
VLi <Vmin

Li

0 Vmin
Li <VLi < Vmax

Li

8><
>: (34)

△SLi ¼
SLi�SmaxLi

� �
SLi > SmaxLi

SLi�SminLi

� �
SLi < SminLi

0 SminLi < SLi < SmaxLi

8><
>: (35)
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4 CONVENTIONAL OPTIMIZATIONMETHODS FOR OPTIMAL
POWER FLOW

The conventional methods were based on linearized objective functions and

these methods apply sensitivity analysis and gradient based optimization algo-

rithms. The conventional methods that have been applied for the OPF problem

are illustrated as follows.

4.1 Linear Programming Method

Linear programming (LP)-based method is used to linearize nonlinear power

system optimization problems. This method is reliable and has a good conver-

gence characteristic, however the main shortage is it could be trapped in local

minima. Moreover, errors could appear, especially in constraints, due to round-

ing by digital computers [5–7].

4.2 Nonlinear Programming Method

The nonlinear programming (NLP) method is more accurate compared to linear

programs where it can be applied for the nonlinear objective functions and con-

straints. The NLP techniques are based on reduced gradient method utilizing the

Lagrange multiplier or use the penalty function optimization approach. In this

method, the first partial derivatives of the equations (the reduced gradient) is

used to choose a search direction in the iterative procedure. The merits of this

method are it can be applied in a large-scale system while the drawbacks of this

method are that some system components are not considered [8–12].

4.3 Quadratic Programming Method

The quadratic programming (QP) can be considered a special form of nonlinear

programming method where the objective function is quadratic, and the con-

straints are in linear form. This method doesn’t require the determination of

the gradient steps. The obtained solution using the QP method is more accurate

compared with LP and NLP and it can be applied in ill conditions, moreover it

has fast convergence characteristic [13,14].

4.4 Newton’s Method

Newton’s method is commonly used in power flow problems based on the cre-

ation of the Lagrangian or decomposition approach by applying second-order

partial derivatives (the Hessian). The advantages of Newton’s method are that

it can be applied for different optimal power flow problems, it has fast conver-

gence characteristics, and it can handle inequality constraints efficiently. The

disadvantage of Newton’s method is that its convergence characteristics are

very sensitive for the initial condition [15–18].
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4.5 Interior Point Method

Interior point (IP) method is usually applied for large problems and has been

employed to solve the optimal power problem. However, the results obtained

using IP result are better and need less iteration compared with LP, and it

can be trapped in local minima [19,20].

5 RECENT OPTIMIZATION METHODS FOR OPTIMAL
POWER FLOW

The OPF problem is a multimodal, nonlinear, or nonconvex problem; hence,

application of conventional methods is not always suitable and can’t guarantee

a global solution. To overcome the shortages of conventional methods, several

heuristics optimization techniques have been developed to solve the OPF prob-

lem. The merits of recent optimization techniques can be summarized as follows:

(1) These methods can be applied in small and large-scale systems

(2) High reliability to obtain the optimal solutions

(3) These methods rarely suffer from stagnations or trapped in local minima

solutions

(4) These methods converge rapidly to the optimal solution compared to con-

ventional methods.

In this section, we offer a comprehensive survey of the application of the recent

(nondeterministic) heuristic optimization techniques for optimal power flow.

The heuristic optimization algorithms that applied for OPF problem can be clas-

sified based on inspiration methods as follows:

5.1 Swarm and Bio-inspired Optimization Techniques

Nature-inspired and bio-inspired optimization techniques are inspired from

motion and searching behavior of swarms of animals or birds for food sources.

Table 1 summarizes the nature-inspired techniques that have been applied to the

OPF problem.

5.2 Human-Inspired Optimization Techniques

Several optimization techniques mimic human behavior, especially in thinking

or decision-making. The human-inspired algorithms that have been employed

to solve the OPF problem are listed in Table 2.

5.3 Physics-Inspired Optimization Techniques

Physics-inspired algorithms are conceptualized from physics laws or natural

phenomena in space. The applied physics-inspired optimization methods for

OPF are listed in Table 3.



TABLE 1 Summary of the Literature Review Regarding Nature

Inspired Algorithms for OPF Problem

Algorithm Objective Function System Year Ref.

Improved
artificial bee
colony

Fuel cost & fuel cost with
valve effect & Ploss

IEEE
30-bus,
IEEE 118-
bus

2017 [22]

Moth swarm
algorithm

Fuel cost & fuel cost with
valve effect & emission &
L-index & Ploss& piecewise
cost & VD

IEEE
30-bus,
IEEE-57,
IEEE-118
bus

2017 [24]

Adaptive
partitioning
flower
pollination

Fuel cost & Ploss & VD IEEE
30-bus,
IEEE 57-bus

2016 [27]

Glow-worm
swarm
optimization

Fuel cost & emission IEEE
30-bus,
Indian
75-bus

2016 [28]

Best-guided
artificial bee
colony
algorithm

Fuel cost IEEE
30-bus,
IEEE 57-bus

2016 [30]

Oppositional
krill herd
algorithm

Fuel cost & fuel cost with
valve effect emission &
Ploss

IEEE
30-bus,
IEEE-57

2016 [32]

Chaotic krill
herd algorithm

Fuel cost & fuel cost with
valve effect & Ploss & VD

IEEE-26-,
IEEE 57-bus

2015 [36]

Improved
group search
optimization

Fuel cost with valve effect 26-bus,
IEEE
30-bus,
IEEE 118-
bus

2015 [39]

Chaotic
artificial bee
colony
algorithm

Fuel cost & transient
stability

IEEE
30-bus,
New
England
39-bus
systems

2015 [41]

Adaptive
clonal
selection

Fuel cost & Ploss &
L-index & VD

IEEE 30-bus 2014 [45]
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TABLE 1 Summary of the Literature Review Regarding Nature

Inspired Algorithms for OPF Problem—cont’d

Algorithm Objective Function System Year Ref.

Multihive bee
foraging
algorithm

Fuel cost with valve
effect & emission & Ploss

IEEE 30-bus 2014 [47]

Artificial bee
colony
algorithm

Fuel cost & fuel cost with
valve effect & emission &
L-index & Ploss& piecewise
cost & VD

IEEE 9-bus,
IEEE
30-bus,
IEEE 57-bus

2013 [50]

Moth-flame
algorithm

L-index & Ploss & VD IEEE 30-bus 2016 [53]

Modified
artificial bee
colony
algorithm

Fuel cost with valve
effect & emission & Ploss &
piecewise cost & VD

IEEE
30-bus,
IEEE 118-
bus

2013 [55]

Modified
shuffle frog
leaping
algorithm

Fuel cost & emission IEEE 30-bus 2011 [60]

Chaotic
invasive weed
optimization
algorithms

Fuel cost & fuel cost with
valve effect & fuel cost
considering the prohibited
zones & piecewise cost

IEEE 30-bus 2014 [65]

Particle swarm
optimization

Fuel cost & L-index &
piecewise cost & VD

IEEE 30-bus 2002 [68]

Group search
optimization

Fuel cost with valve
effect & emission &
L-index & piecewise cost &
VD

IEEE
30-bus,
57-bus,
118-bus

2016 [72]

Gray wolf
optimizer

Fuel cost with valve
effect & Ploss & Qloss

IEEE
30-bus,
118-bus

2016 [74]

Moth-flame
optimizer

Fuel cost & L-index &
Ploss & VD

IEEE 30-bus 2016 [77]

Stud krill herd
algorithm

Fuel cost & fuel cost with
valve effect & emission &
L-index & Ploss

IEEE
14-bus,
IEEE
30-bus,
IEEE 57-bus

2016 [78]

Artificial bee
colony
algorithm

Fuel cost & fuel cost with
valve effect & piecewise
cost

IEEE 30-bus 2014 [82]

Continued
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TABLE 1 Summary of the Literature Review Regarding Nature

Inspired Algorithms for OPF Problem—cont’d

Algorithm Objective Function System Year Ref.

Enhanced ant
colony
optimization

Fuel cost & emission IEEE
30-bus,
IEEE 118-
bus

2012 [86]

Biogeography-
based
optimization

Fuel cost & fuel cost with
valve effect & VD &
L-index

IEEE 30-bus 2010 [89]

The modified
flower
pollination

Fuel cost & Ploss VD IEEE 30-bus 2017 [92]

Modified
honey bee
mating
optimization

Fuel cost & fuel cost with
valve effect

IEEE 14,
IEEE
30-bus,
IEEE 118-
bus

2011 [96]

Particle swarm Fuel cost & emission &
L-index & Ploss

IEEE 30-bus 2015 [99]

TABLE 2 Summary of the Literature Review Regarding Human Inspired

Algorithms for OPF Problem

Algorithm

Objective

Function System Year Ref.

Biogeography-
based optimization

Fuel cost &
emission &
L-index & Ploss & VD

IEEE 30-bus,
IEEE 57-bus

2015 [35]

Imperialist
competitive
algorithm

Fuel cost &
Emission &
Ploss & VD

IEEE 30-bus,
IEEE 57-bus

2014 [40]

The league
championship
algorithm

Fuel cost & fuel cost
with valve effect &
emission &
L-index & Ploss & VD

Algerian
power
system
network

2014 [42]
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TABLE 2 Summary of the Literature Review Regarding Human Inspired

Algorithms for OPF Problem—cont’d

Algorithm

Objective

Function System Year Ref.

Modified
imperialist
competitive
algorithm

Fuel cost & Ploss &
VD

IEEE 57-bus 2014 [44]

Teaching learning
based optimization

Fuel cost &
L-index & Ploss &
piecewise cost & VD

IEEE 30-bus,
IEEE 118-
bus

2014 [46]

Quasioppositional
teaching learning-
based optimization

Fuel cost with valve
effect & emission &
L-index & Ploss

IEEE 30-bus,
Indian
utility
62-bus, IEEE
118-bus

2014 [48]

Modified teaching-
learning based
optimization

Fuel cost with valve
effect & emission

IEEE 30-bus,
IEEE 57-Bus

2013 [50]

Improved harmony
search algorithm

Fuel cost with valve
effect

6-bus,
14-bus,
30-bus,
57-bus,118-
bus

2013 [54]

Tabu search
algorithm

Fuel cost & fuel cost
with valve effect &
VD

30-bus 2002 [71]

Symbiotic
organisms search
algorithm

Fuel cost & fuel cost
with valve effect &
fuel cost considering
the prohibited zones

IEEE 30-bus 2016 [87]

Improved
teaching-learning

Fuel cost & fuel cost
with valve effect &
emission &
piecewise cost & VD

IEEE 30-bus,
IEEE 57-bus

2015 [100]
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TABLE 3 Summary of the Literature Review Regarding Physics Inspired

Algorithms for OPF Problem

Algorithm Objective Function System Year Ref.

Improved
colliding bodies
optimization
algorithm

Fuel cost & fuel cost
with valve effect &
emission & L-index &
Ploss & piecewise
cost & VD

IEEE 30-bus,
IEEE 57- IEEE
118-bus

2016 [33]

Opposition based
gravitational
search algorithm

Fuel cost & fuel cost
with valve effect &
emission & L-index &
Ploss & piecewise
cost & VD

IEEE 30-bus 2015 [38]

Black-hole-based
optimization
approach

Fuel cost & L-index &
Ploss & VD

30-bus,
Algerian
59-bus
system

2014 [43]

Gravitational
search algorithm

Fuel cost & fuel cost
with valve effect &
L-index & Ploss &
piecewise cost & VD

IEEE 30-bus,
57-bus

2012 [58]

Simulated
annealing

Fuel cost IEEE 6-bus,
IEEE 30-bus

2003 [67]

Improved
electromagnetism-
like mechanism
method

Fuel cost & L-index &
Ploss & Qloss &
piecewise cost & VD

IEEE 30-bus,
IEEE 57-bus

2016 [37]
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5.4 Evolutionary-Inspired Optimization Techniques

The evolutionary optimization algorithms are derived from the mechanics of

natural selection and genetics or living organism or creatures. The

evolutionary-based optimization techniques that applied for OPF problem are

listed in Table 4.
5.5 Hybrid Optimization Techniques

Several hybrid optimization algorithms have been proposed to capture merits of

several techniques and to gain superior results compared to singular technique.

Hybrid optimization techniques that have been applied for OPF are listed in

Table 5.



TABLE 4 Summary of the Literature Review Regarding Evolutionary Inspired

Algorithms for OPF Problem

Algorithm Objective Function System Year Ref.

Enhanced self-
adaptive
differential
evolution

Fuel cost & emission&
L-index & Ploss

IEEE 30-bus,
IEEE 57-bus

2017 [21]

Improved
evolutionary
algorithm

Fuel cost & emission IEEE 30-bus,
IEEE 57-bus

2017 [23]

Backtracking
search
optimization

Fuel cost & fuel cost
with valve effect
emission & L-index &
piecewise cost & VD

IEEE 30-bus,
IEEE 57-bus,
and IEEE
118-bus

2016 [25]

Modified
evolutionary
algorithm based
decomposition

Fuel cost emission &
L-index & VD & Ploss

IEEE 30-bus 2016 [26]

Differential search
algorithm

Fuel cost & emission &
L-index & Ploss & VD

IEEE 9-bus,
IEEE 30-bus
IEEE 57-bus

2016 [29]

Enhanced charged
system search
algorithm

Fuel cost with valve
effect & piecewise cost
with valve effect

IEEE 30-bus,
IEEE 118-bus

2012 [57]

Multiagent-based
differential
evolution
approach

Fuel cost & fuel cost
with valve effect &
piecewise cost with
valve effect

6-bus, IEEE
30-bus

2012 [59]

Differential
evolution
algorithm

Fuel cost & VD &
L-index & piecewise
cost

IEEE 30-bus 2010 [61]

Enhanced genetic
algorithm

Fuel cost & L-index &
Ploss

IEEE 30-bus 2010 [62]

Modified
differential
evolution
algorithm

Fuel cost & piecewise
cost & fuel cost with
valve effect

6-bus,
IEEE30-bus

2008 [63]

Evolutionary
programming

Fuel cost IEEE 30-bus 2004 [64]

Differential search
algorithm

Fuel cost & emission &
L-index & Ploss & VD

IEEE 30-bus 2014 [69]

Continued
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TABLE 4 Summary of the Literature Review Regarding Evolutionary Inspired

Algorithms for OPF Problem—cont’d

Algorithm Objective Function System Year Ref.

Improved
evolutionary
programming

Fuel cost & piecewise
cost & fuel cost with
valve effect

IEEE 30-bus 2014 [70]

Adapted genetic
algorithm

Fuel cost & VD IEEE 30-bus 2012 [75]

Evolutionary
programming

Fuel cost & piecewise
cost

IEEE 30-bus,
Indian utility
62-bus

2005 [76]

Differential
evolution

Fuel cost with valve
effect emission &
L-index & piecewise
cost & Ploss

IEEE 30-bus,
IEEE 118-bus

2012 [79]

Backtracking
search algorithm

Fuel cost & fuel cost
with valve effect & fuel
cost considering the
prohibited zones

IEEE 30-bus 2015 [81]

Differential
evolution

Fuel cost & fuel cost
with valve effect &
L-index & Ploss

IEEE 30-bus 2017 [83]

Forced initialized
differential
evolution
algorithm

Fuel cost & VD &
L-index & Ploss

IEEE 30-bus,
IEEE 57-bus

2016 [88]

Enhanced genetic
algorithm

Fuel cost IEEE 30-bus,
IEEE RTS96

2002 [90]

Evolutionary
programming

Fuel cost & piecewise
cost & fuel cost with
valve effect & VD

IEEE 30-bus 1999 [91]

Genetic-algorithm Fuel cost & severity
index

IEEE 30-bus,
IEEE 118-bus

2005 [93]

Improved genetic
algorithms

Fuel cost IEEE 30-bus 1997 [97]

Genetic algorithm Fuel cost IEEE 6-bus 2004 [98]

Faster evolutionary
algorithm

Fuel cost & fuel cost
with valve effect

IEEE 30-bus,
IEEE 118-
bus, IEEE
300-bus

2014 [101]
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TABLE 5 Summary of the Literature Review Regarding Hybrid Inspired

Algorithms for OPF Problem

Algorithm

Objective

Function System Year Ref.

Fuzzy logic
system with
harmony search
algorithm

Cost & severity
index

IEEE 30 bus,
IEEE 57 bus,
IEEE 118 bus

2016 [31]

Particle swarm
optimization
with an aging
leader and
challengers
algorithm

Fuel cost & fuel cost
with valve effect &
Ploss & VD

IEEE 30 bus,
IEEE 118 bus

2016 [34]

Artificial bee
colony algorithm
with quantum
theory

Fuel cost & fuel cost
with valve effect

IEEE 30-bus,
IEEE 118-bus

2015 [37]

Fuzzy particle
swarm
optimization and
Nelder-Mead
algorithm

Fuel cost & fuel cost
with valve effect &
emission &
L-index &
piecewise cost &
VD

IEEE 30-bus 2014 [49]

Fuzzy
evolutionary and
swarm
optimization

Fuel cost IEEE 30-bus 2013 [52]

Particle swarm
optimization and
the shuffle frog
leaping
algorithms

Fuel cost with valve
effect & piecewise
cost with valve
effect & emission

IEEE 30-bus,
IEEE 57-bus,
IEEE 118-bus

2013 [56]

Imperialist
competitive
algorithm and
teaching learning
algorithm

Fuel cost & fuel cost
with valve effect &
fuel cost
considering the
prohibited zones &
piecewise cost

IEEE 30-bus,
IEEE 57-bus

2014 [66]

GA-fuzzy and
PSO-fuzzy

Fuel cost IEEE 30-bus 2014 [80]

Genetic evolving
ant direction

Fuel cost & fuel cost
with valve effect &
piecewise cost

IEEE 30-bus,
IEEE 118-bus

2012 [84]

Continued
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TABLE 5 Summary of the Literature Review Regarding Hybrid Inspired

Algorithms for OPF Problem—cont’d

Algorithm

Objective

Function System Year Ref.

Hybrid genetic
algorithm and
particle swarm

Fuel cost & fuel cost
with valve effect

IEEE 30 bus 2017 [85]

Harmony search
algorithm and an
ant system

Ploss & VD &
performance index

IEEE 30-bus
and Taiwan
Power
Company
345kV
simplified
systems

2014 [94]

GA with SA Fuel cost & Ploss &
security margin
index & emission

IEEE 30-bus,
IEEE 118-bus

2003 [95]

Shuffle frog
leaping
algorithm and
simulated
annealing

Fuel cost & fuel cost
with valve effect &
fuel cost
considering the
prohibited zones

IEEE 30-bus 2012 [102]
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5.6 Artificial Neural Networks (ANN) and Fuzzy Logic Approach

Artificial neural networks (ANNs) are computational methods mimic the oper-

ation of biological neural networks while the fuzzy set theory is a natural and

suitable tool to represent inexact relations. The optimizations methods based on

ANNs and fuzzy logic approach are listed in Table 6.
TABLE 6 Summary of the Literature Review Regarding ANNs and Fuzzy

Approach Inspired Algorithms for OPF Problem

Algorithm Objective Function System Year Ref.

Neural network PLoss 22-bus
system

1997 [103]

Artificial neural
network

Fuel cost & maximize
the voltage stability
margin

IEEE 30-bus 2003 [104]

Fuzzy logic
model

Fuel cost & emission IEEE 14-bus 2010 [105]



TABLE 6 Summary of the Literature Review Regarding ANNs and Fuzzy

Approach Inspired Algorithms for OPF Problem—cont’d

Algorithm Objective Function System Year Ref.

Fuzzy logic
approach

Fuel cost IEEE 14-bus 1997 [106]

Fuzzy
mathematical
programming

PLoss IEEE 14-bus 1988 [107]

Hopfield neural
network

Minimum deviations in
real power generations
and loads at buses

IEEE 6-bus 1996 [108]

Fuzzy linear
programming

Fuel cost & maximizing
the generation reserve

IEEE 5-bus,
IEEE 14-bus

2005 [109]
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6 CONCLUSIONS

This chapter has presented a survey related to the optimal power flow (OPF)

problem. However, the chapter has described the following:

- OPF problem formulation, including the common objective functions of

power system, control variables and operating constraints.

- The conventional methods that have been employed to solve OPF problem,

including the pros and cons of these methods.

- The recent optimization techniques that have been applied for OPF. In addi-

tion, the recent optimization algorithms have been categorized based on

inspiration methods such as evolutionary, human, nature, bio-inspired,

and physics inspired techniques.

However, the recent optimization techniques have a superiority than the con-

ventional techniques due to the following merits:

- These methods can be applied in both small and large-scale systems

- High reliability to obtain the optimal solutions

- These methods rarely suffer from stagnations or trapped in local minima

solutions

- These methods converged rapidly to the optimal solution compared with

conventional methods.
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[81] U. Kılıç, Backtracking search algorithm-based optimal power flow with valve point effect

and prohibited zones, Electr. Eng. 97 (2015) 101–110.

[82] S.S. Jadon, J.C. Bansal, R. Tiwari, H. Sharma, Artificial bee colony algorithmwith global and

local neighborhoods, Int. J. Syst. Assur. Eng. Manag. 8 (2014) 1–13.

[83] S.S. Reddy, P. Bijwe, Differential evolution-based efficient multi-objective optimal power

flow, Neural Comput. Appl. (2017) 1–14.

[84] K. Vaisakh, L. Srinivas, K. Meah, Genetic evolving ant direction PSODV hybrid algorithm

for OPF with non-smooth cost functions, Electr. Eng. Arch. Elektrotech. 95 (2012) 1–15.

[85] A. Gacem, D. Benattous, Hybrid genetic algorithm and particle swarm for optimal power

flow with non-smooth fuel cost functions, Int. J. Syst. Assur. Eng. Manag. 8 (2017) 146–153.

[86] V. Raviprabakaran, R.C. Subramanian, Enhanced ant colony optimization to solve the opti-

mal power flow with ecological emission, Int. J. Syst. Assur. Eng. Manag. 5 (2012) 1–8.

[87] S. Duman, Symbiotic organisms search algorithm for optimal power flow problem based on

valve-point effect and prohibited zones, Neural Comput. Appl. (2016) 1–15.

[88] A.M. Shaheen, R.A. El-Sehiemy, S.M. Farrag, Solving multi-objective optimal power flow

problem via forced initialised differential evolution algorithm, IET Gener. Transm. Distrib.

10 (2016) 1634–1647.

[89] A. Bhattacharya, P. Chattopadhyay, Application of biogeography-based optimisation to solve

different optimal power flow problems, IET Gener. Transm. Distrib. 5 (2011) 70–80.

[90] A.G. Bakirtzis, P.N. Biskas, C.E. Zoumas, V. Petridis, Optimal power flow by enhanced

genetic algorithm, IEEE Trans. Power Syst. 17 (2002) 229–236.

[91] J. Yuryevich, K.P. Wong, Evolutionary programming based optimal power flow algorithm,

IEEE Trans. Power Syst. 14 (1999) 1245–1250.

[92] E. Barocio, J. Regalado, E. Cuevas, F. Uribe, P. Zúñiga, P.J.R. Torres, Modified bio-inspired
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