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ABSTRACT This paper proposes an adaptive grasshopper optimization algorithm (AGOA) for solving the
optimal power flow (OPF) problem with the optimal incorporation of a center-node unified power flow
controller (C-UPFC). The C-UPFC which is an advanced flexible AC transmission system (FACTS) device
is inserted in series with a transmission line (TL) at its midpoint for providing the power flow control together
with independent voltage control. The proposed AGOA is based on applying the Levy flight distribution
and spiral path orientation of search agents to the traditional grasshopper optimization algorithm (GOA)
to diminish the stagnation problem of the basic GOA at local optima and enhance its searching ability.
Therefore, this AGOA technique is implemented for optimal sizing and siting of the C-UPFC on standard
IEEE 30-bus and 57-bus systems as well as 26-bus system, and then compared with other well-known
techniques to verify its effectiveness. To assess the installation of the C-UPFC in a power system, the optimal
capacities and locations of the C-UPFC are determined for different objective functions, such as the fuel
cost, fuel cost with a valve point loading effect (VPLE), piecewise cost and emission. Simulation results
reveal that the proposed algorithm is more efficient and superior for OPF solution compared with the other
algorithms reported in the literature. Furthermore, the optimal integration of the C-UPFC in the power system
is considerably minimizing the power loss and improving the voltage profile.

INDEX TERMS Optimal power flow, C-UPFC, adaptive grasshopper optimization algorithm, fuel cost,
emission.

I. INTRODUCTION
A. PROBLEM DEFINITION
The optimal power flow (OPF) problem is considered one
of the most important problems in electric power systems.
Dommel and Tinney [1] first discussed and formulated the
OPF problem. The OPF problem solution refers to assigning
the most adequate points, including generator output power,
generator voltage, transformer tap, compensator output VAr,
and FACTS parameters, to minimize the predefined objective
functions while satisfying the operating system constraints.
The considered objective functions include the fuel cost,
power loss, harmful emissions due to thermal unit oper-
ation and enhancement of the voltage profile loadability
and stability. Generally, flexible AC transmission systems
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(FACTSs) are typically connected to power systems to change
the system parameters to enhance the performance and sta-
bility of electrical systems. The two main types of FACTS
are categorized based on their power electronic components:
variable impedance types, such as static VAr compensators
(SVCs), thyristor-controlled phase shifting transformers
(TCPSTs) and thyristor-controlled series capacitors (TCSCs),
and voltage source converter (VSC)–based types, such as
generalized power flow controllers (GUPFC)s, interline
power flow controllers (IPFCs), static synchronous compen-
sators (STATCOMs), static unified power flow controllers
(UPFCs) and synchronous series compensators (SSSCs).
It is worth mentioning that modeling VSC-based FACTS
controllers in load flow algorithms requires more effort com-
pared to variable impedance-based FACTS because complex
modifications are required to incorporate their control param-
eters in the load flow algorithm, which leads to a loss of
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Jacobian symmetry, admittance, and power mismatch
matrices. Therefore, modeling these FACTSs is not an easy
task [2], [3]. A C-UPFC is an effective FACTS device that is
inserted in series with a transmission line (TL) at its midpoint
to control the voltage at this point, the active power in the TL,
the sending side reactive power flow and the receiving side
reactive power flow in the TL [4]–[8]. There are few studies
that examine C-UPFC modeling, and there are no papers
that assess the optimal allocation of C-UPFCs in power
systems. It should be pointed out that the reason for selection
of the C-UPFC instead of the UPFC is that the C-UPFC
is superior compared to the UPFC in terms of the control
ability where the C-UPFC consists of three voltage source
converters (VSCs) capable of providing complex control and
adjusting four power system parameters including the voltage
magnitude of the midpoint of the TL, the active power flow
in this line and the reactive power at sending and receiving
sides of the TL while the UPFC consists of VSCs can adjust
only three parameters including the voltage magnitude of a
certain bus as well as the active and reactive powers flow in
the TL [6] and [72].

The GOA is a swarm-based technique that simulates the
migration and grasshoppers in nature [9] and has been applied
to solve several engineering problems [10]–[14]. It should be
noted that the GOA is prone to local solutions in some cases.
Therefore, many modifications have been made to the GOA
technique to enhance its searching ability [15]–[18]. In this
paper, the searching ability of the basic GOA is improved by
applying the Levy flight distribution (LFD) to allow the algo-
rithm to jump to new areas to avoid stagnation and enhance
its exploration process, and the exploitation of the algorithm
is enhanced by updating the positions of the grasshoppers in
the spiral path with respect to the best solution.

B. BACKGROUND OUTLOOK
Many classic methods and meta-heuristic techniques have
been employed to address the OPF problem. The classic
methods include quadratic programming, Newton’s method,
linear programming, interior point and nonlinear program-
ming [19]–[24]. The classic methods are prone to stagnation
and may converge to local minima due to the highly nonlinear
nature of OPF problems.Meta-heuristic algorithms have been
widely applied to OPF problem solutions because they can
offer notable performance compared with classic techniques;
the main merits of meta-heuristic algorithms are as follows:
(1) High reliability to capture the optimal solutions.
(2) Applied systems are small and large.
(3) Rarely trapped in local minima.
(4) Exhibit good convergence characteristics.
Meta-heuristic techniques are categorized based on their

inspiration concepts as follows:
(1) Swarm-based algorithms such as particle swarm opti-

mization (PSO) [25], glowworm swarm optimization [26],
artificial bee colony (ABC) [27], grasshopper optimiza-
tion [28], and the grey wolf optimizer [29], [30]. Also,
the modified shuffle frog leaping algorithm [31], moth-flame

algorithm [32], flower pollination algorithm [33], and stud
krill herd algorithm [34].

(2) Human-based algorithms such as teaching–learning-
based optimization (TLBO) [35], improved harmony
algorithm [36], Tabu search [37], imperialist compet-
itive algorithm [38], and symbiotic organisms search
algorithm [39].

(3) Evolutionary-based algorithms such as the differen-
tial evolutionary (DE) algorithm [40], genetic algorithm
(GA) [41], evolutionary algorithm (EA) [42], improved
genetic algorithm [43], etc.

(4) Physics-based algorithms such as colliding bodies opti-
mization [44], gravitational search algorithm [45], [46], black
hole-based optimization [47], simulated annealing [48], etc.

(5) Hybrid-based algorithms such as the fuzzy harmony
search algorithm [49], artificial bee colony algorithm with
quantum theory [50], particle swarm optimization and the
shuffle frog leaping algorithm [51], etc. The authors in [52]
produced an excellent survey for conventional and advanced
metaheuristic optimization techniques that have been utilized
for OPF solutions.

VSC-based FACTS devices have notable performance
compared with variable impedance-based FACTS, as VSC-
based FACTS can inject voltages with controllable magni-
tudes and controllable phase angles. Thus, these controllers
can control the active and reactive power flows in a sys-
tem separately or concurrently. Moreover, they have a fast
response to any change in power systems. Several efforts
have been made to optimally integrate VSC-based FACTSs
in transmission systems for different objective functions,
as depicted in Table 1.

C. CONTRIBUTION OF THIS WORK
The main aim of the presented work is an OPF solution using
an AGOA that includes a C-UPFC. The contributions of this
paper can be summarized as follows:
(1) The OPF problem is solved by incorporating a devel-

oped model of the C-UPFC, where the main merits of
the proposed model are that the complex modifications
of load flow are avoided by including a C-UPFC.

(2) A novel version of the GOA is presented for improving
the exploration and exploitation phases of the basic
GOA by implementing the Levy flight distribution
along with adaptive spiral path orientation.

(3) The proposed algorithm is successfully implemented
for the OPF problem and validated on a standard IEEE
system.

(4) The optimal integration of the C-UPFC is assessed in
terms of fuel cost, the fuel cost considering VPLE,
piecewise cost and emission minimization.

(5) The optimal parameter settings and positions of the
C-UPFC are successfully determined using the AGOA
for the considered objective functions.

D. PAPER LAYOUT
The remaining sections in this paper are arranged as follows.
Section 2 shows the modeling and operation principle of
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TABLE 1. Summary regarding optimization techniques for optimal
integration of VSC-based FACTSs.

the C-UPFC. Section 3 describes the problem formulation,
including the considered objective functions and the oper-
ating constraints. Section 4 illustrates the basic GOA.
Section 5 depicts the proposed AGOA. Section 6 provides
the obtained results and a discussion. The conclusions of this
paper are outlined in section 7.

II. C-UPFC MODELING AND OPERATING PRINCIPLE
A C-UPFC is a developed controller inserted in series with a
TL to control four parameters, including the midpoint volt-
age magnitude

(
Vj
)
, the active power flow in a TL (Psp),

the reactive power flow at the sending side of a TL
(
Qsps

)
and the reactive power at the receiving side of a TL

(
Qspr

)
.

The C-UPFC comprises three VSCs. The first converter is

installed as a shunt at the midpoint of the TL, while the
sending side converter and the receiving side converter are
connected in series with the TL, as depicted in Fig. 1 [5]–[8].
These converters are connected to the system using three
coupling transformers (Tsh, Tr, Ts), and the other sides of the
VSCs share a common DC bus.

FIGURE 1. Structure of the C-UPFC.

The control strategy of the C-UPFC in steady state is simi-
lar to the other VSC -based controllers where the C-UPFC can
control the power flow and the voltagemagnitude by injecting
AC voltages with controllable magnitudes and phase angles
at center node.

FIGURE 2. Voltage source model of C-UPFC.

The voltage source-based modeling of the C-UPFC is
depicted in Fig. 2, where three voltage sources denote the
C-UPFC representation. The C-UPFC terminals are repre-
sented by three buses (k, j, n) to determine the power flow
through the controller. The midpoint bus (j) is represented
as a PV bus, while the others (k, n) are represented as PQ
buses. According to Fig. 2, the transmission line impedance
and susceptance are divided. To model the series converters,
the voltage source model of the series converter is converted
to the current source model according to (1) and (2) as
follows:

Is =
Vs
jX s

(1)

Ir =
Vr
jX r

(2)

Then, these currents are converted to shunts, as depicted
in Fig. 3, and calculated as a function of the specified values
(Psp,Qsps ,Q

sp
r ,Vj) by implementing the Kirchhoff current

law at buses (k, n) as follows:
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FIGURE 3. Shunt-injected current representations of series. converters.

KCL at bus k:

Is = Ikj − I
sp
s,k =

Vk − Vj
jX s

−

(
Ssps,k
Vk

)∗
(3)

where

Ssps,k = Psp + jQsps,k (4)

Ise1 = −I
sp
s,k = −

(
Ssps,k
Vk

)∗
(5)

Qsps,k = Qsps + V
2
i
B
4
− I2ik

X
2
+ V 2

k
B
4

(6)

KCL at bus n:

Ir = I spr,n − Ijn =
(
Sspr,n
Vn

)∗
−
Vj − Vn
jX r

(7)

where

Ise2 = I spr,n =
(
Sspr,n
Vn

)∗
(8)

Sspr,n = Psp + jQspr,n (9)

Qspr,n = Qspr − V
2
l
B
4
+ I2nl

X
2
− V 2

n
B
4

(10)

The shunt currents are represented by complex loads as
follows:

Sk = −Vk × (Is)∗ (11)

Sn = −Vn × (Ir )∗ (12)

Sj = Vj × (Is + Ir )∗ (13)

The series-injected voltages can be determined using (11)
and (12) by substituting the values of Is and Ir from (1) and (2)
into (3) and (7), respectively.

Vs = −

(
Ssps,k
Vk

)∗
× jX s+V k − Vj (14)

Vr =
(
Sspr,n
Vn

)∗
× jX r−V j + Vn (15)

From Fig. 2, the injected active powers from the sending
and receiving converters (Pex1,Pex2) into the TL are found as
follows:

Pex1 = Re
(
Vs (Ise1)∗

)
(16)

Pex2 = Re
(
Vr (Ise2)∗

)
(17)

In the C-UPFC, similar to a VSC-based FACTS in terms
of the power flow in the controller, the net exchange of real

power between the controller and the system equals zero if
the converter losses are neglected. The shunt converter injects
apparent power to the system (Psh+ jQsh). The main function
of Psh is to balance the power through the converters. Thus,
Psh is calculated using (18) as follows:

Psh = −Pex1 − Pex2 (18)

The injected complex loads at the midpoint node are given
as follows:

Ploadj = Pj − Psh and Qloadj = Qj

where Pj denotes the real term of Sj, while Qj denotes the
imaginary part. The injection Qsh by the shunt converter
controls the magnitude of the midpoint voltage at the required
value. Thus, the midpoint node is represented as a PV bus.
The reactive power (Qsh) can be founded using the balanced
reactive power at the midpoint as described in (19).

Qsh = VjVk
(
Gkj sin δkj − Bkj cos δij

)
+VjVn

(
Gnj sin δnj − Bnj cos δnj

)
+ Qloadj (19)

Referring to Fig. 1, the injected Vsh c and injected Ish can be
found using (17) and (18).

Vsh = Vj + jXsh

(
Psh + jQsh

Vj

)∗
(20)

Ish = Ise1 + Ise2 (21)

Fig. 4 depicts the final proposed C-UPFC model, where
the C-UPFC is represented by injected complex loads
(Sk , Sn,Ploadj ) and generated reactive power (Qsh) at bus j.
These loads are included in the power mismatch vector of the
Newton-Raphson load flowmethod and updated as a function
of Psp,Qsps ,Q

sp
r and Vj.

FIGURE 4. The developed power injection model of the C-UPFC.

III. PROBLEM FORMULATION
The OPF aims to assign the best operating point of power
system control variables considering the predefined objective
function while satisfying the system operating constraints.
The optimal power flow is considered a nonlinear problem
and is represented as follows [52]:

Minmization J (x, u) (22)

subject to gj (x, u) = 0 j = 1, 2, . . . , (23)

hi (x, u) ≤ 0 i = 1, 2, . . . ,k (24)
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where J denotes the considered objective function, and u
denotes the control variables x in the system, while denotes
the dependent variables .gj and hj denote the equality and
inequality system constraints, respectively. The control and
dependent variables considering the C-UPFC variables are
indicated in (25) and (26), respectively, as follows:

u=
[
PG2. . .PG,NG,VG1. . .VG,NG,QC1. . .QC,NC ,T1. . .TNT,

Psp,Qsps ,Q
sp
r ,V j

]
(25)

x =
[
PG1,VL,1. . .VL,NQ,QG1. . .QG,NG, STL1. . .STL,NTL,

Vs,Vr ,Vsh

]
(26)

where
PG : The generation unit active power.
VG : The generation bus voltage.
QC : The VAr output of the shunt compensator.
T : The transformer tap setting.
QG : The generation unit reactive power.
VL : The load bus voltage.
STL : The apparent power flow in the TL.
NQ : No. of load buses.
NTL : No. of TLs.
NG : No. of generators.
NC : No. of compensator units.
NT : No. of transformers.

A. OBJECTIVE FUNCTIONS
The considered objective functions in this paper are listed as
follows:

1) FUEL COST MINIMIZATION
The first considered function is the total production fuel cost,
which is described in (27).

J1 =
NG∑
i=1

(
ai + biPGi + ciP2Gi

)
(27)

where ai, bi and ci denote the cost coefficients.

2) FUEL COST FUNCTION MINIMIZATION WITH VPLE
The steam admission in generation units is subject to the con-
tinuous change in steam valves, which is known as the valve
point loading effect (VPLE). The VPLE leads to fluctuations
in the fuel cost, which can be considered by adding a sine
term embedded in the fuel cost function [38], [39], [42], [81]
and [82] as depicted in (28),

J2=
NG∑
i=1

(
ai+biPGi+ciP2Gi

)
+

∣∣∣disin(ei(PminGi −PGi))
∣∣∣ (28)

where di and ei are the VPLE cost coefficients.

3) EMISSION MINIMIZATION
The third objective function is emission minimization, which
is described using (29) as follows:

J3=Emission=
NG∑
i=1

ωiP2Gi+σiPGi+αi+ζie
(λiPGi) (29)

where ωi, σi, αi, λi and ζi denote the emission coefficients.

4) PIECEWISE COST FUNCTION MINIMIZATION
The fourth considered function is the piecewise cost function.
That cost is related to thermal generation, which consists of
numerous fuel resources, including coal, oil and natural gas.
Therefore, the cost function is represented as the collection
of different cost functions for different fuel types as follows:

J4 = F (PGi)

=


ai1 + bi1PGi + ci1P2Gi PminGi ≤ PGi ≤ PG1
ai2 + biPGi2 + ciP2Gi PG1≤ PGi ≤ PG2
. . .

aik + biPGik + ciP2Gi PGi(k−1)≤ PGi ≤ PmaxGi

(30)

B. CONSTRAINTS
1) EQUALITY CONSTRAINTS

PGi − PDi = |Vi|
NB∑
j=1

∣∣Vj∣∣ (Gijcos deltaij + Bijsinδij) (31)

QGi − QDi = |Vi|
NB∑
j=1

∣∣Vj∣∣ (Gijcosδij + Bijsinδij) (32)

where PDi denotes the active load demand, whileQDi denotes
the reactive load demand. Bij and Gij denote the susceptance
and conductance of TL, respectively.

2) INEQUALITY CONSTRAINTS

PminGn ≤ PGn ≤ P
max
Gn n = 1, 2, . . . ,NG

Vmin
Gn ≤ VGn ≤ V

max
Gn n = 1, 2, . . . ,NG

QminGn ≤ QGn ≤ Q
max
Gn n = 1, 2, . . . ,NG

Tminn ≤ Tn ≤ Tmaxn n = 1, 2, . . . ,NT
QminCn ≤ QCn ≤ Q

max
Cn n = 1, 2, . . . ,NC

SLn ≤ SmaxLn n = 1, 2, . . . ,NTL
Vmin
Ln ≤ VLn ≤ V

max
Ln n = 1, 2, . . . ,NQ

Vmin
S ≤ Vs ≤ Vmax

S

Vmin
r ≤ Vr ≤ Vmax

r

Vmin
sh ≤ Vsh ≤ V

max
sh

(33)

where the min and max superscripts are the allowable lower
and upper limits of the control variables, respectively. The
dependent variables are considered in the optimization prob-
lem as well as there are three constraints related to the
C-UPFC which are the series injected voltages (Vs, Vr ) and
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the shunt injected voltage (Vsh) are considered into the objec-
tive functions follows:

Jg (x, u)= Ji (x, u)+ωG
(
PG1−PlimG1

)2
+ωQ

NG∑
n=1

(
QGn−QlimGn

)2
+ωV

NQ∑
n=1

(
VLn−V lim

Ln

)2
+ωS

NTL∑
n=1

(
SLn − SmaxLn

)2
+ωVs

(
Vs−V lim

s

)2
+ωVr

(
Vr−V lim

r

)2
+ωVsh

(
Vsh−V lim

sh

)2
(34)

where ωG, ωQ, ωV , ωS , ωVs, ωVr and ωVsh are the penalty
factors. {

If PG1 > PmaxG1 then PlimG1 = PmaxG1

elseIf PG1 < PminG1 then PlimG1 = PminG1
(35){

If QGn > QmaxGn then QlimGn = QmaxGn

elseIf QGn < QminGn then QlimGn = QminGn
(36){

If VLn > Vmax
Gn then V lim

Ln = Vmax
Gn

elseIf VLn < Vmin
Gn then V lim

Ln = Vmin
Gn

(37){
If Vs > Vmax

S then V lim
s = Vmax

S

elseIf Vs < Vmin
Gn then V lim

s = Vmin
Gn

(38){
If Vr > V lim

r then V lim
r = Vmax

r

elseIf Vr < V lim
r then V lim

r = Vmin
r

(39){
If Vsh > Vmax

sh then V lim
sh = Vmax

sh

elseIf Vsh < Vmin
sh then V lim

sh = Vmin
sh

(40)

IV. OVERVIEW OF GOA
The GOA is an innovative algorithm that mimics the migra-
tion and interaction of grasshoppers in real life, where the
adult grasshoppers travel in large swarms over a far distance,
which simulates the exploration process of the algorithm, and
the nymphs travel over a small distance, which simulates
the exploitation process. The swarms are collected together
when a large group of individuals interact. The orientation
of the swarm depends on environmental factors, including
wind speed, air temperature and sunshine. It is well known
that grasshopper swarms move in a rolling motion when
downwind, where the insects in the front of the swarm go
down to the ground to eat and rest and then start to fly
again. Fig. 5 shows the movement of the grasshoppers along
with the wind. The grasshopper swarming action is based
on downwind advection—the interaction between the insects
and gravity. Therefore, themathematical representation of the
swarm behavior is represented as follows [9]:

Xk = m1γ k + m2βk + m3ϕk (41)

where Xk represents the grasshopper location.m1,m2 andm3
denote random numbers within [0,1]. γk , βk and ϕk are the
social collaborations between the grasshopper and the gravity
force on the k-th grasshopper.

FIGURE 5. Movement of grasshoppers along with wind.

The collaboration between grasshoppers is represented as
follows:

γk =

N∑
j=1
k 6=j

s
(
Dkj
) (xk − xj

Dkj

)
(42)

where

Dkj =
∣∣xk − xj∣∣

s
(
Dkj
)
= Ae

Dkj
h − eDkj (43)

where A denotes the attractive force. h denotes the attrac-
tive length. The gravity forces lead to a direct effect on the
grasshopper swarm, which can be represented as follows:

βk = −g
−→eg (44)

where g denotes a gravitational constant. −→eg represents a
unit vector toward the center of the earth. The third factor
that affects swarm behavior is wind motion, which can be
formulated as follows:

ϕk = u−→ew (45)

where u is a constant. ew is a unit vector based on the wind
direction. Substituting the values of γk , βk and ϕk from (42),
(44) and (45) into (41) gives the following equation:

Xk =
N∑
j=1
i6=j

s
(
Dkj
) (xk − xj

Dkj

)
− g−→eg + u

−→ew (46)

where N denotes the number of grasshoppers. Herein,
applying eq. (46) is unfitted to directly solve optimization
problems because the grasshoppers quickly come to comfort
zone, but the swarm does not move towards a specific point.
Therefore, the modified transition of subsequent eq. (47) sug-
gested by Saremi et al. [9] can predict the subsequent position
of a grasshopper according to several potential positions such
as current position, target position and all other grasshoppers’
position as follows:

Xk=C

 N∑
j=1
k 6=j

C
(
Uk−Lk

2

)
s
(
Dkj
) (xk−xj

Dkj

)+Xbest (47)
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FIGURE 6. Procedure of the AGOA for solving OPF problem with allocation of the C-UPFC.

where Uk denotes the upper limit of the control variables,
while Lk denotes the lower limit. Xbest represents the best
location. C denotes a linearly changed coefficient, which is

calculated as follows:

C = Cmax − T
(
Cmax − Cmin

Tmax

)
(48)
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TABLE 2. The selected parameters of the AGOA.

FIGURE 7. IEEE 30 bus system.

where Cmax is the maximum limit of C , while Cmin denotes
the minimum limit. T represents the current iteration, and
Tmax denotes the maximum number of iterations.

V. OVERVIEW OF AGOA
The AGOA depends upon improving the exploitation and
exploration processes of the basic GOA technique. The explo-
ration phase of the basic GOA is enhanced using the Levy
flight distribution (LFD) to allow the algorithm to jump to
new positions to overcome GOA stagnation, while improving
the exploitation of technique is based on updating the posi-
tions of the grasshoppers in a spiral path along with the best
captured location. It is well-known that Levy flight denotes a
random process to find novel solutions and depends upon a
random walk. Its procedures are captured from the LFD. The
novel location based on LFD can be obtained using (49):

Xnewk = Xk+ ∝ ⊕Levy (β) (49)

where ∝ denotes a random step parameter. ⊕ denotes the
entry-wisemultiplication. β is a parameter related to the LFD.

TABLE 3. Cost coefficients of generation units.

TABLE 4. Emission coefficients of generation units.

TABLE 5. Piecewise cost coefficients of generation units.

The step size is given as:

∝ ⊕Levy (β) ∼ 0.01
u

|v|1/β
(
X ti − X

t
best
)

(50)

where u and v denote variables obtained by normal
distribution as :

u ∼ N
(
0, φ2u

)
, v ∼ N

(
0, φ2v

)
(51)

φu =

[
0 (1+ β)× sin (π × β/2)

0 [(1+ β) /2]× β

]1/β
, φv = 1 (52)

where0 represents the standard gamma function; 0 ≤ β ≤ 2;
for improving the exploitation of the GOA, the grasshop-
per position is updated by a logarithmic spiral function as
depicted in (53).

Xnewk = |Xbest − Xk | ebt cos (2π t)+ Xbest (53)

where b is a constant used to define the logarithmic spiral
shape. To balance the transposition between the exploration
and exploitation processes, an adaptive parameter is utilized
for this task, which can be given as follows:

A(T ) = Amin +
(
Amax − Amin

Tmax

)
× T (54)

where Amax and Amin denote the maximum and minimum
limits ofA. It should be noted that the value of theA parameter
increases gradually with iteration progress when the value of
A is small, as at the beginning of the iterative process. The
grasshopper position is updated using LFD according to (49),
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TABLE 6. Results of the OPF solution for different studied cases without including C-UPFC (IEEE 30-bus system).

while at the final iterative steps of the iterative process,
the grasshopper position is updated using a logarithmic spi-
ral function according to (53) to improve the exploitation
of the optimization technique. The AGOA implementation
steps for solving the OPF with the C-UPFC are depicted
in Fig. 6. It should be highlighted here that for calculating the
parameters of the C-UPFC in this work, the specified values
(Psp,Qsps ,Q

sp
r ,V j) are defined by the optimization algorithm

in each solution then the equations that describe the pro-
posed power injection model of the C-UPFC are incorporated
into Newton Raphson power flow. After convergence of the
Newton Raphson method the parameters of the C-UPFC
including Vs, Vr and Vsh are calculated according to (14), (15)
and (20).

VI. SIMULATION RESULTS
The proposed algorithm is used for solving the OPF problem
on the IEEE 30-bus, 26-bus and IEEE 57-bus test system
to verify its validity. Moreover, the proposed algorithm is
exploited to capture the optimal ratings and locations of
the C-UPFC in the system to assess the optimal allocation
of the C-UPFC in system performance with the considered
objective functions. The proposed algorithm with the devel-
oped C-UPFC model was written using the MATLAB cod-
ing environment (MATLAB R2018b). The simulations were

performed on a PC (Core I5, RAM 4.0 GB). The case studies
are presented as follows:

A. IEEE 30-BUS TEST SYSTEM
The system load demandwas 283.4MW+j 126.2MVAr. The
IEEE 30 system consists of the following components:

- 6 generators at bus 1, bus 2, bus 5, bus 8, bus 11 and bus
13.

- 4 transformers branches at 6–9, 4–12, 6–10, and 27–28.
- 41 transmission lines.
- 9 capacitor banks at bus 10, bus 12, bus 15, bus 17, bus
20, bus 21, bus 23, bus 24 and bus 29.

The details of system data can be found in [73]. The system
topology is depicted in Fig. 7. The voltage limit of the
PV buses is [0.95, 1.1] p.u., while the PQ bus voltage
limit is [0.95, 1.05] p.u. The transformer tap setting is set
to [0.9, 1.1] p.u. The capacitor bank limit is set to [0.0,
5.0] MVAr. The allowable power flows in the transmission
lines are listed in [75]. The allowable limit of injected series
voltages of C-UPFC (Vs,Vr ) is [0.001, 0.2] p.u., while the
shunt voltage limit of C-UPFC is [0.9-1.1] p.u. The penalty
factors of Eq. (34) are set to 1000. The selected parameters
of the AGOA are tabulated in Table 2. The cost and emission
coefficients of generators are depicted in Tables 3, 4 and 5.
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TABLE 7. The obtained results of OPF solution for different studied cases including C-UPFC.

TABLE 8. Optimal setting and sizing of C-UPFC for different studied cases (IEEE 30-bus system).

CASE 1: FUEL COST MINIMIZATION
In this case, the proposed algorithm is applied to reduce
the fuel cost of generation units according to (27) with and
without incorporating the C-UPFC. The obtained results of
implementing the AGOA and the traditional GOA for solv-
ing the OPF problem over 30 runs without and with the
C-UPFC are listed in Table 6 and Table 7, respectively.
The optimal locations and sizing of the C-UPFC are listed
in Table 8. The obtained fuel cost with applying the AGOA is
800.0212 $/h, which is better than the fuel cost using theGOA

(800.9728 $/h) by 0.1188 %. Table 9 shows a comparison
of the fuel costs obtained by different techniques. As shown
in Table 8, it is clear that the minimum fuel cost is obtained
by the AGOA compared with the GA [76], ITS [77], EP [77],
TS/SA [77], TS [77], IEP [17],MDE [78], TS [37], ABC [27],
SOS [39], MSA [79], GWO [30], DGWO [30], MFO [32]
and IMFO [32]. In the case of optimal integration of the
C-UPFC, the fuel cost has been reduced from 800.0212 $/h
to 791.222 $/h, i.e., the fuel cost is reduced by 8.7992 $/h
(1.0998 %) with inclusion of the C-UPFC. In this case,
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TABLE 9. Comparative results by AGOA and other optimization techniques for case 1.

FIGURE 8. Convergence plot for case 1: (a) without C-UPFC; (b) with
C-UPFC.

the optimal rating and location of the C-UPFC are tabulated
in the 2nd and 3rd columns of Table 8. Fig. 8 shows the trends
of the objective function. It is clear that the AGOA has stable
and robust convergence characteristics.

CASE 2: FUEL COST MINIMIZATION WITH VPLE
The objective function for this case is reducing fuel cost by
considering the VPLE, as described in (28). The optimal fuel
costs for this case determined by the AGOA are 824.6063 $/h
and 836.2123$/h; thus, the obtained cost by the AGOA
is better than that obtained by the GOA. Table 10 shows
the fuel cost obtained by the AGOA and other well-known
optimization algorithms. Referring to Table 10, the cost
obtained by the AGOA is better than the tabulated algorithms,
including GA-MPC [83], SA [82], PSO [82], SFLA [82],
SFLA-SA [82], BSA [81], SOS [39] and GWO [30]. In the
case of optimal integration of the C-UPFC, the fuel cost

FIGURE 9. Convergence plot for case 2: (a) without C-UPFC; (b) with
C-UPFC.

has been reduced from 824.6063 $/h (without C-UPFC) to
812.6948 $/h, i.e., the fuel cost is reduced by 11.9115 $/h
(1.444 %) with inclusion of the C-UPFC. The placement and
size of the C-UPFC for this case are depicted in the 4th and
5th columns of Table 8. Fig. 9 illustrates the convergence
plot of the considered objective function. It is notable that
the AGOA converged quite smoothly to the best solution.

CASE 3: EMISSIONS MINIMIZATION
Reducing the emissions is the required objective function
according to (29). The optimal assigned values of the con-
trol variables determined by the AGOA and GOA with-
out a C-UPFC are depicted in the 8th and 9th columns
of Table 6, while those with the C-UPFC are depicted in
the 6th and 7th columns of Table 7. The emissions value
obtained by the AGOA is 0.20484 ton/h, which is less than
the emissions value obtained by the GOA (0.20492 ton/h).
Table 11 depicts the optimal emission values assigned by
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TABLE 10. Comparative results by AGOA and other optimization techniques for case 2.

TABLE 11. Comparative results by AGOA and other optimization techniques for case 3.

TABLE 12. Comparative results by AGOA and other optimization techniques for case 4.

well-known algorithms. Judging from Table 11, the best
obtained emission value can be obtained by implementing the
AGOA compared with SKH [84], KH [84], ARCBBO [85],
ABC [27], TLBO [86] and MTLBO [86]. In the case of
optimal integration of the C-UPFC, the emissions have
been minimized from 0.20484 ton/h (without C-UPFC) to
0.20464 ton/h using the AGOA, which verifies the effec-
tiveness of optimal integration of the C-UPFC. The location
and parameter settings of the C-UPFC using the AGOA and
GOA for this case are depicted in the 6th and 7th columns
of Table 8, respectively. Fig. 10 illustrates the convergence
plot of the emissions values. The AGOA exhibits excellent
convergence characteristics.

CASE 4: PIECEWISE FUEL COST MINIMIZATION
The piecewise fuel cost functions are the considered function
depicted in (30). In this case, generator#1 and generator#2 are

represented by piecewise cost functions [87]. The generator
coefficients are listed in Table 5. The optimal costs obtained
by implementation of the AGOA and GOA are 646.2795 $/h
and 647.3438 $/h, respectively. From the presented com-
parison in Table 12, the obtained result by the AGOA
is better than the obtained costs by the reported algo-
rithms, including ITS [77], TS/SA [77], TS [77], EP [77],
ABC [27], MDE [32], TLBO [80], PSO [25], LTLBO [80],
GSA [46] and GWO [30]. In the case of optimal installa-
tion of the C-UPFC, the piecewise cost has been reduced
from 646.2795 $/h (without C-UPFC) to 636.6191 $/h using
the AGOA., i.e., the fuel cost is reduced by 9.6604 $/h
(1.49477%)with inclusion of the C-UPFC,which verifies the
effectiveness of optimal integration of the C-UPFC. The loca-
tion and parameter settings of the C-UPFC using the AGOA
and GOA for this case are shown in the 8th and 9th columns
of Table 7, respectively. The convergence characteristic for
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FIGURE 10. Convergence plot for case 3: (a) without C-UPFC; (b) with
C-UPFC.

FIGURE 11. Convergence plot for case 4: (a) without C-UPFC; (b) with
C-UPFC.

FIGURE 12. The voltage profile of IEEE 57-bus with UPFC and C-UPFC.

this case is depicted in Fig. 11. The proposed algorithm shows
excellent convergence performance.

Referring to Tables 9, 10, 11, and 12, the simulation time of
the AGOA is slightly more than GOA and some algorithms
due to the additional steps for modifying of the traditional
GOA but the obtained results by AGOA are better than those
obtained by other reported techniques.

TABLE 13. Optimal setting and sizing of C-UPFC ( 26-bus system).

B. 26-BUS TEST SYSTEM
The 26 system is the second test system which consists of the
following components:

- 6 generators at bus 1, bus 2, bus 3, bus 4, bus 5 and bus 26.
- 7 transformers branches at 2–3, 2–13, 3–13, 4–8, 4–12,

6–19 and 7–19.
- 46 transmission lines.
- 9 capacitor banks at bus 1, bus 4, bus 5, bus 6, bus 9,

bus 11, bus 12, bus 15 and bus 19.
The details of system data can be found in [88-89]. The

considered objective function in this case is the quadratic
fuel cost according to (27). The fuel cost obtained by appli-
cations of the GOA and the AGOA are 15448.409 $/h and
15432.817 $/h, respectively. This verified that the application
of the AGOA for this case is better than GOA. The optimal
locations and parameters setting of the C-UPFC are listed
in Table 13 while the optimal settings of control values of
this case are tabulated in Table 14. In case of incorporating
C-UPFC optimally, the fuel cost is reduced to 15421.895 $/h
and 15408.845 $/h using GOA and AGOA i.e., the fuel cost
is reduced by 26.514 $/h (0.1716 %) and 23.972 $/h (16 %).

C. IEEE 57-BUS TEST SYSTEM
In this section, the C-UPFC is tested on IEEE 57-bus for
minimizing the power losses and the voltage deviations as
well as the obtained results are compared with those results
obtained by optimal inclusion of the UPFC in system. The
system load equals to 1250.8 MW + j 336.4 MVAR while
the system data is given in [90]. The used model of the UPFC
is simplified as depicted in [72]. The considered objective
function in this section can be represented as follows:

VD =
NB∑
n=1

|Vn − 1| (55)

Ploss =
NTL∑
i=1

Gij(V 2
i + V

2
j − 2ViVjcosδij) (56)
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TABLE 14. Results of the OPF solution with and without including C-UPFC (26-bus system).

TABLE 15. Optimal setting and sizing of C-UPFC (IEEE 57-bus system).

where, VD and P loss are the summation of voltage deviations
and system power losses in system, respectively.

The optimal setting of the C-UPFC and UPFC are listed
in Table 15 and 16, respectively. Table 17 shows the opti-
mal power flow solution of the IEEE 57-bus with inclusion
the C-UPFC and the UPFC using the AGOA. Referring

TABLE 16. Optimal setting and sizing of UPFC (IEEE 57-bus system).

to Table 15 the system power loss without incorporating
FACTS devices in system is 11.8112 MW while the power
loss is reduced to 11.1153 MW and 10.7081 MW with opti-
mal inclusion of the UPFC and C-UPFC, respectively which
verifies the effectiveness of the C-UPFC compared with the
UPFC.

TheVD of systemwithout incorporating FACTS devices in
system is 0.7721 p.u. while the VD is alleviated to 0.7596 p.u.
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TABLE 17. Results of the OPF solution with and without including C-UPFC (IEEE 57-bus system).

and 0.7076 p.u. with optimal inclusion of the UPFC and
C-UPFC, respectively which verifies that the C-UPFC is
more efficient for voltage profile improvement compared
with the UPFC. The voltage profile for IEEE 57-bus with the
C-UPFC and the UPFC is depicted in Fig. 12.

VII. OUTCOMES AND UNIQUE FEATURES
The unique features of this paper can be summarized as
follows:

(1) Proposing a new Adaptive Grasshopper Optimization
Algorithm (AGOA) for solving the stagnation problem of the
traditional GOA based on Levy flight distribution and spiral
path orientation.

(2) Application of the proposed AGOA can solve the opti-
mal power problem efficiently compared with the basic GOA
and other well-known published algorithms in terms of the
objective functions where notable results are obtained and it
can be depicted as:

-The fuel cost is reduced to 800.0212 ($/h) which is the
best among the listed techniques in Table 9.

-Fuel Cost with VPE is reduced to 824.6063 ($/h) which is
the best among the listed techniques in Table 10.

-Emission is reduced to 0.20484 (Ton/h) which is the best
among the listed techniques in Table 11.

-Piecewise cost is reduced to 646.2795 ($/h) which is the
best among the listed techniques in Table 12.

(3) Assigning the optimal location and size of the C-UPFC
in power system is one of the main features presented in this
paper where the location and size of the C-UPFC have not
been presented so far.

(4) An optimal integration of the C-UPFC can reduce
the fuel cost, the fuel cost with VPE, emission and piece-
wise cost considerably to 791.222 ($/h), 812.6948 ($/h),
0.20464 (Ton/h) and 636.6191 ($/h), respectively.

(5) The minimum fuel cost that obtained by incorporating
the C-UPFC is 791.222 ($/h) which is better than the cost was
obtained by optimal inclusion of UPFC (798.0251 ($/h)) [72].

(6) A comparison between the C-UPFC and the UPFC in
terms of power loss and voltage profile improvement was
carried out to verify the superiority of the C-UPFC.
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VIII. CONCLUSION
This paper proposed an AGOA for solving the OPF problem
with the optimal incorporation of a C-UPFC. The proposed
algorithm was based on applying Levy flight distribution
and spiral path orientation of search agents to the traditional
grasshopper optimization algorithm to diminish the stagna-
tion problem of the basic GOA and enhance its searching
ability. The AGOA technique has been implemented on a
standard IEEE 30-bus, 26-bus and IEEE 57-bus systems, and
it has been compared with other well-known techniques to
verify its effectiveness. The optimal capacities and locations
of the C-UPFC have been determined for different objective
functions to assess the installation of the C-UPFC in a
power system. The results revealed that the proposed algo-
rithm was a superior and more effective technique compared
with the reported algorithms for solving the OPF problem.
Moreover, encouraging results have been obtained with
the optimal integration of a C-UPFC, where the fuel cost
has been reduced from 800.0212 $/h (without C-UPFC) to
791.222 $/h. Additionally, the fuel cost with the VPLE has
been reduced from 824.6063 $/h to 812.6948 $/h, the emis-
sions have been reduced from 0.20484 ton/h to 0.20464 ton/h,
and the piecewise fuel cost has been considerably reduced
from 646.2795 $/h to 636.6191 $/h. Furthermore, the optimal
integration of the C-UPFC minimized the power loss and
improved the system voltage profile efficiently compared
with the UPFC. In the future, multiple C-UPFCs can be opti-
mally incorporated considering the uncertainties in a power
system.
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