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Abstract — This paper presents a new adaptive differen-
tial evolution algorithm namely JADE-vPS for the voltage
stability constrained optimal power flow (VSCOPF) prob-
lem. The active and reactive power dispatch problems are
solved in a single step. The objective is to minimize the
total fuel cost while taking security and voltage stability
constraints into consideration. VSCOPF is formulated as a
mixed-integer nonlinear programming problem. The pro-
posed JADE-vPS algorithm eliminates the common task of
users in tuning control parameters before commencing the
optimization process. Simulations were carried out on
IEEE-30 bus system. Results of JADE-vPS are compared
with few other differential evolution algorithms. It is
shown that JADE-vPS is a convenient and powerful opti-
mization algorithm to handle VSCOPF.

Keywords: Optimal power flow, Voltage stability,
Differential evolution, Control parameter adaptation

1 INTRODUCTION

Optimal power flow (OPF) is an optimization tool
used to schedule the control parameters of power sys-
tems in such a manner that the objective function is
minimized or maximized [1]. Operating constraints of
equipments, security requirement and stability limits are
enforced to the solution. Optimal reactive power and
voltage (Q-U) control is an OPF sub-problem which has
a significant impact on economic and secure operation
of power systems. .

Traditionally, the feasible operation of Q-U control
has been defined by voltage profile criteria ensuring that
system voltage profile is maintained both in normal and
post contingency conditions. In some power utilities
concerned with voltage stability problems, the voltage
profile criteria alone are not sufficient. Reactive power
sources in the transmission system should be properly
scheduled in order to protect the system against voltage
instability by ensuring a sufficient voltage stability
margin at all times [2]. In other words, the Q-U control
problem of those utilities can be considered as the vol-
tage stability constrained OPF problem (VSCOPF) such
as proposed in [3]. This is an important task in operating
modern power systems besides economic objectives,
such as minimization of power generation costs, etc.

In literature several techniques, such as nonlinear
programming, successive linear programming, interior
point methods, have been applied to solve the OPF
problem [4]. Although these methods have demonstrat-
ed efficacy in handling large scale OPF problems, they
may fail to find the global optimum in many difficult
problems and thereby reach a local optimum.

Major difficulties of the OPF are due to non-convex
and discontinuous cost characteristics, mixed integer
variables, a large number of constraints. Moreover, the
solution quality of classical methods is quite sensitive to
the starting points. To eliminate these problems, meta-
heuristics becomes an attractive tool for solving real-
world and complex OPF. These methods include genetic
algorithm (GA) [5, 6], particle swarm optimization
(PSO) [7, 8], differential evolution (DE) [9, 10], evolu-
tionary programming (EP) [11], bacterial foraging op-
timization (BFO) [12], etc. It is a common practice of a
user of these algorithms to specify an appropriate set of
parameters.

To eliminate this process and enhance the search ca-
pability, these control parameters are adapted during the
optimization course. Recently, an adaptive differential
evolution algorithm JADE [13] as named by the authors
has demonstrated significant improvement in quality of
solutions. In JADE, two major parameters namely muta-
tion factor and crossover rate are already self-adapted..
The only remaining parameter; population size (PS)
must be still specified by the user. In this paper, we
explore the possibility of allowing PS to be automatical-
ly adapted in a very similar manner to the other two
parameters. We name this improved version the JADE
with variable population size (JADE-vPS). This algo-
rithm is applied to solve the VSCOPF problem with the
objective to minimize the cost of power generation
while maintaining a sufficient voltage stability margin.
The key advantage of the problem formulation here is
that active and reactive powers are optimized simulta-
neously.

The rest of this paper is organized as follows. Section
2 provides the VSCOPF problem formulation. The de-
veloped JADE-vPS algorithm is presented in Section 3.
A short description of the constraint handling technique
is also given in this section. The test power system and
simulation settings are described at the beginning of
Section 4 and followed by simulation results. Then, the
paper is finally concluded in Section 5.

2 VSCOPF PROBLEM FORMULATION

The VSCOPF problem solves for the optimal settings
of control variables consisting of power output of gene-
rators and settings of reactive power controls. The ob-
jective is to minimize the total fuel cost of all generating
units. Operational ranges of equipments such as trans-
former tap position, security limits and the system vol-
tage stability margin are taken into consideration.
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Therefore, the optimization problem involves solving a
set of nonlinear equations expressed as:

Minimize f (x,u)
subjectto g(x,u)<0 .
h(x,u)=0

(M

The vector x contains control variables and u con-
tains dependent variables. Here, the objective function f
is the total cost of power generation of all n generating
units represented by:

n
f =2 FC(R) )
i=1
where FC; is the fuel cost function of generator i; P; is
the power output of generator i. The valve-point effect
is derived from the opening process of multivalve steam
turbines. It produces ripples in the generator heat rate
characteristic. Therefore, the fuel cost function of the
generator with this characteristic shows the higher de-
gree of nonlinearity as follows:
FC.(R)=aPR’+bP +c +[e sin(f,(A™ -R))| (3)
where a;, b; , ¢; , e;and f; are cost coefficients of genera-
tor i, obtained by the heat-characteristic test; P;"™" is the
minimum generation capacity of generator i.

The set of nonlinear inequality constraints is repre-

send by g(x,u). In this paper, control variables consist

of active and reactive power outputs of generators and
transformer tap positions as shown in (4)-(6). Depen-
dent variables comprise bus voltage, power line flow
and voltage stability margin as given in (7)-(9). All
constraints are listed below.

e  Prohibited operating zone(POZ) limits

Some thermal units cannot be operated in the entire
capacity range due to some physical limitations. These
units may have prohibited operating zones due to faults
in the machines themselves or auxiliary equipments
[14]. Operation in these zones would lead to instability
problems. Hence, a feasible operating point of these
generators should not be in one of these zones. This
constraint can be written as follows:

Pimin < F)I < Pzilv].
Re PZiL,Jk—l <h< Pllk
Pz' <P <P™

i, pz

“

Vi e Sgrz

where P,™" and P,™ are minimum and maximum gen-
eration limits; PZ, and PZ," are lower and upper
bounds of prohibited zone k of unit i, respectively; sgpz
is the set of generator buses with the prohibited operat-
ing zone.

e  Generator reactive power (Q¢) limits

Q" <Qq

The set s contains generator buses.

<

max .
> i Vi € SG

(&)

e  Transformer tap position (fap) limits

tap™ <tap, <tap™ Vi € sy (6)
The set sy contains under-load tap changers.
e Bus voltage (U) limits

um <y, <um™ Vi Esp (7)
The set s contains all buses in the power system.
e Power line flow (S) limits

|Si| < |Simax| Viev, (8)

The set v contains all transmission lines.
e Voltage stability margin () limit

The loading parameter A is used as the voltage stabil-
ity margin (VSM). It is defined by the percentage of
increase in generation and load from a base condition
until the system reaches the voltage collapse point. A
feasible operating condition should guarantee minimum
VSM denoted by A™* as:

A2 2™ )

Continuation power flow [15] is the method to de-

termine A for each operating condition.

h(x,u) is a set of nonlinear equality constraints
representing power flow equations as follows:

N
0=P,; —P,—U,>_U,Y, cos(6, -0, - 5;)

i1

(10)
0=Qs —Qp _UizUjYij sin(6, -0, - ;) (11)
i1

where Pg; and Qg; are active and reactive power genera-
tion at bus i, respectively; Pp; and QOp; are active and
reactive power load at bus i, respectively; Yj; is the ad-
mittance matrix corresponding to the i row j column and
oy is the difference in the voltage angle between the i
and j buses; N is the total number of buses.

3 THE IMPROVED DIFFERENTIAL
EVOLUTION ALGORITHM

3.1 Basics of differential evolution

Differential evolution (DE) initially proposed in [16]
is a popular evolutionary algorithm (EA) gaining signif-
icant interests during recent years due to its simplicity,
efficiency and robustness. DE shares a number of simi-
lar concepts to other EAs. The evident distinction is the
mutation step used to generate a new candidate solution.
A parent individual moves to its new location in the
search space by adding the weighted vector of differ-
ence between the other two vectors randomly chosen
from the population. For an individual i at generation G,
the mutant vector v is computed by:
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G G G G
Vi =X+ FI (Xrl _sz)

(12)

where Iy#n #6, #i are distinct integers uniformly
chosen from the set {1,2,...,NP}; NP is the population
size; F; is the mutation strategy for the individual i
usually in the range (0,1).

To balance the search capabilities between “diversifi-
cation” and “intensification”, the “DE/current-to-best/1”
mutation strategy can be applied as follows:

ViG =XiG + Fi(XSest _XiG)+ Fi(erl_XrGZ)

(13)

where i # 1, #1i are distinct integers uniformly chosen
between 1 and NP. This strategy helps accelerate the
convergence because of the additional information giv-
en by the global best vector.

After the mutation, a trial vector u® is generated by
mixing the components of target vector and mutant
vector as follows:

G
u° _{vm
ij = G
X

ij

ifrand <CR orj=j.,
otherwise
j=12,...D

(14)

where rand is a uniform random number in [0,1]; CR;
€[0,1] corresponds to the crossover rate of the vector i;
Jrana 18 an integer randomly chosen between 1 and D; D
is the total number of variables.

The better vector between the parent x® and the tri-

al uiG is selected to be a member of population in the

next generation G+1 according to their fitness values
fit() . For a minimization problem, the selected vector

is given by:

G
G+1 l‘Ii
Xy = s
X;

3.2 Control parameter adaptation

Research in evolutionary computation has demon-
strated that search performance of an EA depends on the
suitable setting of control parameters. In DE there are
three control parameters namely the mutation factor F,
the crossover rate CR and the population size NP. Al-
though there are some guidelines for appropriate set-
tings for these parameters such as [17, 18], the interac-
tion between the parameter setting and the search per-
formance is quite complicated. Inappropriate control
parameters may lead to false or slow convergence. Clas-
sical trial-and-error tuning is generally computationally
intensive and thereby time consuming. Consequently,
automatic adaptation of control parameters is a solution
to overcome such inconvenience such as [19, 20].

Followed the same line of idea proposed in [13], this
paper extends the original JADE is extended by allow-
ing the population size PS to be adaptively adjusted.
This algorithm is named by the authors the JADE with
variable population size (JADE-vPS). Figure 1 shows
the variable encoding scheme of JADE-vPS with PS at

if fit(u®) < fit(x®)
otherwise

(15)

generation G. An individual is represented by a row
vector consisting of four components: the vector of
candidate solution x, two scalars ' and CR and the new
variable namely NPn. In JADE-vPS, only NP < PS is
updated by the evolutionary operation.

X F® | cr® | NPn?
X5 FS | CrR [ NPng
xS FS | cr¢ | NPn§

G G
xSs Fps | CRSs | NPngs

Figure 1: Encoding scheme of JADE-vPS

At the beginning, PS™ individuals are randomly in-
itialized within the boundaries. In our implementation,
PS™ is set to 3-D where D is the problem dimension. At
the initial stage, NP=PS individuals are updated by the
same evolutionary procedure as JADE. Upon comple-
tion of every generation, the variable NP for the next
generation is determined. If NP >PS, then (PS-NP) new
individuals have to be inserted. In our current version,
PS is bounded in [PS™",PS™] representing the

minimum (0.5-PS™ ) and maximum (2-PS™) allowable
population size, respectively. For each individual i, the

normalized number of individuals is defined by:

NPn® = randn (s, 0.1) (16)

where S, is the mean value of all NPn variables.

When the algorithm starts, f4p, is initialized to 0.5.

The mean value of NPn for the next generation is up-
dated by:

,US;: = (l_Cl):ur(an +C, -mean, (Syp,)
where ¢, is a small constant (in this study set to 0.01);
syp, 1S the vector storing the normalized number of
individuals corresponding to the successful candidates;
meany(-) is the arithmetic mean operator for a vector.
The individual i is defined to be successful if the first
condition of (15) is achieved. Then, the number of indi-
vidual that the algorithm will evolve in the generation
G+1 is determined by:

NP®*™ = PS™ + round{zgm (PS™ —PS™ )}

(17

(18)

where round{} is the round-up function. As stated

earlier, (NP°"'- PS) individuals may have to be in-
serted to the population. There are two simple alterna-
tives to address this issue. First, the best individuals can
be duplicated to fulfill the requirement. The other solu-
tion is to insert new individuals which can be randomly
close to the local best solutions to intensify the search
process or in the other hyper-spheres excluding the local
bests. The latter strategy in some cases is beneficial to
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prevent the population trapping to a local optimum. In
this paper, we adopt the first mechanism in adding local
best solutions. By doing this, as discussed earlier the
search process could be biased toward a not truly op-
timal direction. In this paper, we have restricted the
number of local best solutions PS“““’ that can be in-
serted to the population by offsetting (NP?"'- PS®) ac-
cording to:

PS*® — min{(NP®" —=PS°®),0.05-PS"}  (19)

Hence the population size of the next generation be-
comes:

PSG+1 — PSG + Psadded (20)

To select NP individuals that will be updated at the
generation G, a vector denoted r, whose elements are
random permutation between 1 and PS is generated.
Then, the first NP elements of r,; indicate the individu-
als on which the algorithm will operate.

= rpi(k) 1k=12,..,NP, the

mutant vector is generated by:

For each individual i

V? = X? + I:| (XbGest,p _XiG)+ F| (X(El _sz)

ey
where rl=r2=i are two distinct integers randomly
chosen from {1,2,..,PS}; Xguy  is randomly chosen

from the top best 100p % of the current population de-
noted as Xp at generation G with probability p e[0,1].

Y?z is a vector randomly chosen from the set of

XpuXa where X, is the solution archive storing the
local best solutions that the algorithm has discovered so
far.

The remaining processes of JADE-vPS stay un-
changed from the original JADE.

3.3 Adaptive penalty method

To eliminate the parameter tuning process, the self-
learning penalty function proposed in [21] is applied in
this paper. The elegant feature of this technique is that it
is parameter-less and capable of adjusting the penalized
fitness function at different stages of the search process.
The fitness evaluation function is computed by:

fit(x) =d(X) + p(X) (22)

where d(x) and p(x) represent the distance term and the
penalty term of an individual x, respectively. The dis-
tance value can be determined by:

g V'(X) ifr, =0
b= JH(0?+v(x)?  otherwise

where 7¢ is the ratio of the feasible individuals in the
population; f'(X) is the normalized objective value and

(23)

V'(X) is the total normalized constraint violations. The
penalty term p(X) is set up to ensure that an infeasible

individual will receive the appropriate fitness value at
different stages of the search process in terms of the
feasibility and objective value. For example, when the

population lacks feasible individuals, infeasible individ-
uals with lower constraint violations should receive
relatively less penalty irrespective to the objective val-
ue. On the other hand when there are a reasonable num-
ber of feasible individuals, infeasible individuals with
lower objective value are assigned lower penalty. This
idea can be mathematically expressed by:

P(X) = @—r )X (X)+ 1Y (X) (24)
where
X(X)={ 0 if I =.0 (25)
v'(X) otherwise
V() = { 0 ?f X is feasib!e (26)
f'(x) ifxisinfeasible

3.4 Handling prohibited operating zone constraints

The power generation outputs have to be within its
feasible operating boundaries (4). This constraint be-
comes hard to maintain because of the existence disjoint
search spaces. Therefore, every element of power gen-
eration vector must be checked. If the power production
of the generator j is in the prohibited operating zone &,
the following rule for adjusting the power production is
applied.

_|PZj +rand - (PZ], -PZ], ) ifd <d, (27
b PzY, +rand - (PZ!,,,—PZ!,)  otherwise
d, =|P,—PZ},| and d, =|P, - PZ}, (28)

The variables d, and d, measure the absolute distances
from the power generation inside the prohibited zone &
to the corresponding lower and upper bounds, respec-
tively.

3.5 Termination criteria

In this paper, all of the testing algorithms stop if the
number of fitness evaluation feval reaches the maximum
allowable number feval™.

3.6 JADE-vPS algorithm for VSCOPF
The implementation steps of JADE-vPS applied to
solve the VSCOPF can be depicted as in Figure 2.

4 SIMULATION RESULTS

In this section, the modified IEEE-30 bus test system
has been used to demonstrate effectiveness of the
JADE-VPS algorithm. There are 6 generation buses, 21
load buses, 4 transformers and 41 transmission lines in
this test system [22]. All four transformers are assumed
to be equipped with the on-load tap changer with 13
steps (£6% of the nominal). Modified from the original
test system, shunt reactive power elements are con-
nected to buses 15, 16, 17, 18, 20, 22, 23, 25 and 30. A
feasible operating condition is obtained if the voltage
level is maintained between * 10%, apparent line flows
do not exceed the nominal rating and minimum VSM of
6% is guaranteed. The PSAT software package [23] is
used for power flow and continuation power flow com-
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putation. All six generators are assumed to have prohi-
bited operating zones. For all generating units, the valve
point effect and prohibited operating zones are consi-
dered. The parameters of the fuel cost function of each
unit are given in Table 1. The operating capacity and
ranges of prohibited zones are listed in Table 2. Accord-
ing to the problem formulation presented in section 2,
this problem has 16 (12 continuous and 4 discrete) con-
trol variables.

START

Read power system

data Compute penalized
v fitness

Set
1) G=0
2) pcr = pr = pinen= 0.5
3) PS®=3.D

G_pSG

4) NP™=P Update ucr®,u°and

¢ Hnpn
Randomly initialize
Compute NP®

PS® individuals

Evaluate F, Run PF
and CPF(feval++)

Compute penalized
fitness

Yes
Insert new
individuals

Generate ry and
set k=0

Retain x° ‘ ‘ Replace x® by u® ‘

1

Store F°, CRCand
NPn®

Crossover

Check and enforce
POZ constraints
F  :Fuel cost function
PF : Power flow
CPF : Continuation power flow
feval++ means feval = feval+1

Evaluate F, Run PF
and CPF(feval++)

feval < feval™

No

Figure 2: Flowchart of JADE-vPS for VSCOPF

Generating unit
Coefficients

1 2 3 4 5 6
a; 0 0 0 0 0 0
b; 2000 | 1750 | 2000 | 6500 | 9000 | 9000
ci 375 | 1750 | 12500 | 1668 | 7500 | 7500
e 150 | 100 | 200 100 150 | 150
fi 62.83|89.76 | 295.68 | 418.88 | 753.99 | 554.4

Table 1: Fuel cost characteristic of each generating unit

) ) Prohibited operating zone
Unit  |[P"™",P"™™]
1 2 3
1 [0.5,2.5] | [1,1.25] | [1.75,2] |[2.1,2,25]
2 [0.2,1.6] [[0.35,0.4]| [0.5,0.75] |[1.1,1.25]
3 [0.15,1] | [0.3,0.5] | [0.7,0.85] -
4 [0.1,0.7] [[0.2,0.35]| [0.5,0.6] -
5 [0.1,0.6] [[0.2,0.35]| [0.5,0.6] -
6 [0.12,0.8] | [0.3,0.4] | [0.5,0.6]

[Pi'“i“,Pi'“‘"‘x]: Min. and Max. limit of generator i

Table 2: Generator limits and boundaries of prohibited operat-
ing zones

To verify the performance of the JADE-vPS, differ-
ent DE algorithms were applied as the reference algo-
rithms in order to compare the results. The testing algo-
rithms consist of:

1. DEIl is the classical DE with the “DE/rand/1”

mutation strategy [see (12)];

2. DE2 is the classical DE with the “DE/curren-to-
best/1”” mutation strategy [see (13)];

3. JADE-PSx is the adaptive JADE with the popu-
lation size x and the external solution archive;

4. JADE-vPS is the modified variant of JADE with
the variable population size and the external so-
lution archive;

5. SaDE is the self-adaptive DE proposed in [19].

The codes of the above algorithms are written in
MATLAB 7.6 programming language and executed on
the Pentium Core 2 Quad with CPU 2.83 GHz and
RAM 3.25 GB. The maximum number of fitness eval-
uation feval™ is 5000. The initial population size for all
testing algorithms is 50. The mutation factor F and
crossover rate CR of DE1 and DE are fixed to typical
settings of 0.7 and 0.2, respectively. To fairly compare
the two algorithms, the population size of JADE is set to
25 and 100 representing PS™" and PS™, respectively.
Statistical values of the final results computed from ten
independent trails are given in Table 3.

Statistical values
Algorithm
Min. | Avg. | Max. Std.

DE1 6111.03|18425.89/11329.32|1590.57
DE2 6206.01/6516.50| 6874.96 | 185.58
JADE-PS25 [5957.69/6058.50| 6424.77 | 135.24
JADE-PS50 [6025.43|6156.95|6263.32| 76.27
JADE-PS100 [6541.07|6829.51| 7025.58 | 176.94
JADE-vPS  [6029.66|6110.61| 6167.73 | 48.41
SaDE 6425.22|7089.61| 8192.98 | 697.57

Min.: Minimum  Avg.: Average
Max: Maximum Std.: Standard deviation

Table 3: Statistical results of different algorithms from 10
independent trials
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The classical mutation scheme DE1 shows great dif-
ficulties in solving this problem as reflected by a very
high standard deviation. Then, DE2 improves the solu-
tion quality due to the second term in (21). It is obvious
from the simulation results that the parameter adaptation
plays a significant role in improving the solution quali-
ty. The maximum result of JADE-vPS is also the lowest
among all testing algorithms. From these results, it is
interesting to notice that JADE-PS25 (PS <2-D) can find
the cheapest result. The average of ten results of this
method is also the minimum. We could also observe
influences of the population size to final results of
VSCOPF. It is not always necessary that the large popu-
lation size is beneficial to the search process as JADE-
PS100 gives the worst results among the original JADE.

4

2 r : r
—DE2
P - N N N N B JADE-PS25 |
. ===JADE-PS50
& == JADE-PS100
~ 16 JADE-VPS
c
RS
=]
S 14
o \
o= |
5]
D 1.2
u
o 5 L"a;.‘_
- EY ] ~
8 1 % ‘\‘\h
O k. -‘.‘"'l-
- =
0.8 . } - ‘ ..
B O D R A = -0
06 l r .................... n e R REe

"0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
No. of fitness evaluations

Figure 3: Average convergence property of selected testing
methods

The average convergence characteristic of five se-
lected testing algorithms is shown in Figure 3. The con-
vergence rate of JADE-PS25 is the fastest and finally
arriving to the least average cost. The proposed JADE-
vPS performs nearly similar to JADE-PS50. On the
other hand, the performance of JADE-PS100 is behind
its counterpart with the power sizes and also DE2. We
postulate the reason that a large population size de-
grades the final accuracy as follows. The search land-
scape of this problem could be uni-modal with disjoint
spaces. To deal with the disjoint areas, we have imple-
mented a strategy to move the violating vector compo-
nent to the closet feasible operating zone. This strategy
would help facilitate the search process and alleviate the
searching burden of the optimizer. Therefore, diversifi-
cation of individuals may be not required for this prob-
lem. This issue is beyond the scope of this paper and
thereby not investigated here.

During the optimization process, the decision va-
riables corresponding to the global best individual are
recorded. Based on the best final result of JADE-VPS,
Figure 4 shows the variation of active power output of
generators 2 and 5. It can be clearly seen that the han-
dling method for prohibited operating zones in (27)
works well because there is no solution falling into
these zones. Because the active power output is directly
associated with the objective function, the variable

changes very rapidly at the beginning of the search to
respond to the minimum cost requirement. The variables
settle once the algorithm converges to the optimal or
quasi-optimal solution.
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Figure 4: Variation of active power output of two selected
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Figure 5: Variation of selected control variables (a) transfor-
mer tap position (b) reactive power output

Although transformer taps positions and generator
reactive power outputs do not directly influence the cost
objective, they are included in the VSCOPF because
they are crucial controls for security and voltage stabili-
ty constraints. The variation of these two variables dur-
ing the optimization process is depicted in Figure 5.

The variation of the corresponding VSM is shown in
Figure 6. It can be observed that the control variables
could be adjusted to significantly enhance VSM of the
system. However, those control options do not satisfy
the cost objective and security constraints. Therefore,
the stability constraint should be properly considered in
any OPF problems.

As discussed earlier, the success of JADE-vPS is
primarily owing to the control parameter adaptation.
The evolution of mean values of F, CR and NP is de-
picted Figure 7. We can observe that the algorithm au-
tomatically adapts the parameters to suitable values at
different stages of the search. For instance, the parame-
ter F increases from the initial value of 0.5 and gradual-
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ly reaches 0.8 toward the end. We notice also that the
suitable NP at different stages is also less than 50. This
conforms to the simulation results that the JADE works
best with the population size of 25.
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Figure 6: Variation of voltage stability margin
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Figure 7: Variation of JADE-vPS control parameters

5 CONCLUSION

In this paper, a new adaptive differential evolution
algorithm namely JADE-VPS that eliminates the need of
control parameter tuning is proposed to solve the
VSCOPF problem. The proposed methodology provides
offline solutions to optimal active and reactive control
settings that minimize the economic cost objective
while maintain security and stability constraints. Simu-
lation results of JADE-vPS are compared to those of the
two classical DEs and an adaptive DE and the original
JADE with different population sizes. These results
demonstrate the superiority of JADE-VPS in providing
robust results. A synergy of evolutionary algorithms can
be introduced in the future work to improve the results.
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