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Abstract: In this paper, reference point based neural network (NN) algorithm is proposed for solving fuzzy multiobjective
environmental/economic dispatch problem (FM-EEDP). There are instabilities in the global market, implications of global
financial crisis and the rapid fluctuations of prices, for this reasons a fuzzy representation of environmental/economic dispatch
problem (EEDP) has been investigated. Our approach has two characteristic features. Firstly, FM-EEDP has been defuzzified.
Secondly reference point based NN algorithm is implemented in such a way that the decision-maker (DM) participate early in
the optimization process instead of leaving him/her alone with the final choice. The target is to identify the Pareto-optimal
region closest to the DM preference so as to achieve the pollution limitations which controlled using environmental protection
rules and to carry out the maximum cost limitation. Moreover to help the DM to identify the best compromise solution from a
finite set of alternatives, TOPSIS (Technique for Order Performance by Similarity to Ideal Solution) method is implemented.
On the basis of the application of the standard IEEE 30-bus 6-genrator test system, we can conclude that the proposed method
can provide a sound optimal power flow by considering the multiobjective problem. Also, with a number of trade-off solutions
in the region of interests, we proved that the DM able to make a better and more reliable decision.

Keywords: Environmental/Economic Dispatch Problem, Neural Network, Reference Point, Fuzzy Numbers,
TOPSIS Method

are the main reasons to fuzzy representation of the
multiobjective EEDP; where the input data involve many
parameters whose possible values may be assigned by the
experts. In practice, it is natural to consider that the possible
values of these parameters as fuzzy numerical data which can
be represented by means of fuzzy subsets of the real line
known as fuzzy numbers.

In this paper, an attempt is made to identify a satisfactory
operation point for FM-EEDP. Based on Alpha concept, FM-
EEDP is defuzzified at certain degree of a (a-cut level) [2-4].
Also, a combination between one of the preference based
strategy and NN methodology to obtain a set of solutions
near the reference points. Moreover, to help the DM to
identify the best compromise solution from a finite set of
alternatives, TOPSIS method is implemented. It is based
upon simultaneous minimization of distance from an ideal
point (IP) and maximization of distance from a nadir point
(NP). Such procedures will provide the DM with a best
compromise solution to achieve his/her requirements, so that

1. Introduction

EEDP is one of the most important optimization problems
from the view point of power system to derive optimal
Environmental/Economic. Traditional economic dispatch to
minimize the fuel cost is inadequate when environmental
emissions are also to be included in the operation of power
plants. With the increase in the environmental awareness and
the passage of environmental regulations, the environmental
constraints are having a significant impact on the operation
of power systems. The purpose of EEDP is to figure out the
optimal amount of the generated power for the fossil-based
generating units in the system by minimizing the fuel cost
and emission level simultaneously, subject to various equality
and inequality constraints including the security measures of
the power transmission/distribution.

The instabilities in the global market, implications of
global financial crisis and the rapid fluctuations of prices [1]
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a better and a more reliable decision can be made. Simulation
results are presented for the standard IEEE 30-bus system-6
generator which shows the effectiveness and potential of the
proposed approach to solve EEDP.

2. Literature Review

Various optimization techniques, which pertaining the
EEDP, have been proposed by many researchers [5-11].
Instead of simplifying the multiobjective problem to a single
objective problem; there is a direction is to handle both
objectives simultaneously as competing objectives [12-16].

There has been much research using the deterministic
approach to solve the EEDP such as: An interactive search
method, based on the golden section search technique [9],
Newton-Raphson convergence technique [17], an improved
Box complex method [18] and epsilon-constraint method
[19]. More recently, multiobjective evolutionary techniques
have been applied to solve the EEDP. Abido has pioneered
this research by applying NSGA [12], NPGA [20] and SPEA
[13] to the standard IEEE 30-bus system. In fact, it has been
shown that NSGA-II can obtain minimum solutions
comparable to tabu search [21].

The introduction of the environmental consideration in the
economic dispatch problem is led to develop the heuristics-
based multiobjective optimization techniques and use them to
solve EEDP. Heuristics-based techniques use a population in
their search and multiple Pareto-optimal solutions can be
found in one single run. These techniques can be efficiently
used to eliminate the most of difficulties in classical methods
[22-30]. For instance, Xie et al. [24] adopted the fuzzy theory
to convert the multiobjective EEDP into single-objective
problem, and tackled it through dynamic programming
algorithm. In [25] the authors use Simulated Annealing (SA)
algorithm where it is an optimization technique inspired from
the process of annealing in thermodynamics. On the other
hand, by applying the weighted sum method (WSM) and the
conic scalarization method (CSM), multiobjective EEDP is
transformed into a single-objective EEDP. Then, the pseudo
spot price of electricity algorithm (PSPA) is used to solve the
transformed problem [26]. In [27] the EEDP has been
addressed using Artificial Bee Colony (ABC) and Particle
Swarm Optimization (PSO); which are two efficient
optimization methods. Furthermore, Mousa and Kotb [29]
presented a hybrid approach; which is a combination between
two optimization techniques, genetic algorithm (GA) and
local search. Additionally, Gargeya 1 et al. [30] presented a
hybrid algorithm, GA and pattern search methods and the
equality constraint is satisfied by penalty approach method.

Newly, many approaches are introduced to solve EEDP
such as: modified PSO technique [31], reference point based
multiobjective optimization using a combination between
trust region algorithm and PSO [32], Grey wolf optimization
[33], flower pollination algorithm [34], Kinetic gas molecule
optimization [35], Colonial competitive differential evolution
[36], chaotic teaching—learning-based optimization with Lévy
flight (CTLBO) [37], one rank cuckoo search algorithm [38],

Hybrid Ant Colony Optimization (ACO), ABC and
Harmonic Search (HS) algorithms [39], and differential
evolution particle swarm optimizer [40].

Neural networks (NNs) are massively paralleled distributed
computation, fast convergence and can be considered as an
efficient method to solve real-time optimization problems. Due
to the parallel mechanism and massive computing unit-neurons
of NNs, the large-scale optimization problem can be solved
efficiently [41, 42]. NNs have become widely used tools in
many fields such as decision support tool, pattern recognition
and secure communication [43-46].

The EEDP:

(1) Have complex, non-smooth, nonlinear, non-convex
characteristics, large number of equality and inequality
constraints [23].

(2) Very complex to solve by conventional methods
because of non-linear objective function [18].

(3) Evolutionary techniques suffer from the large number
of solutions in the Pareto set; where the DM must be
identifying one solution of the problem [13].

(4) Fuzzy representation of EEDP makes it more realistic;
where there are instabilities in the global market, and
the rapid fluctuations of prices [14].

To overcome these reasons, this paper intends to present a
novel methodology to solve the EEDP. In the new
methodology, a reference point based NN with fuzziness is
presented. In such a way, the DM participate early in the
process of optimization instead of leaving him/her alone in the
final choice. The aim is to identify the Pareto-optimal region
nearest to the preference of DM to achieve the pollution
restrictions which controlled using environmental preservation
rules and to carry out the maximum cost limitation.

3. Description of the EEDP

EEDP aims to find a solution; which minimize two competing
objective functions and satisfy several equality and inequality
constraints. In general the EEDP is described as follows:

3.1. Objective Functions

¢ Fuel Cost Objective:
N
Min f,(x)=) (a,+bP, +c.Py) $/hr; (1)
i=1

where
a;,b;,c;: Fuel cost coefficients of generator i,
F, : Power generated (p.u) by generator i,
N: Number of generators.
* Emission Objective:

N

Min f,(0= Y1107 (a, + BE, +V.P2)+ & exp(AB,)] ton | hr (2)

i=1

where
ai’ 16’," }/i’ é’i’ Ai .
emission characteristic.

Coefficients of the ith generator’s
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3.2. Constraints
e Limits Of Power Generation:

PGi min Gimax

<P, <P i =1,y N 3)

where
Py min - Minimum power generated
P max - Maximum power generated.
* Power balance constraint

ZPGi_PD_})LnSS:O (4)
i=1

where
P, : Total load demand (p.u.),
P, : Transmission losses (p.u.) [47].
¢ Security Constraints:

S, <8, sl =1 un,; (5)

where
n,: The number of transmission lines.

The system is considered as losses and the security
constraint is released.

4. Fuzzy Multiobjective Optimization
Problem
Fuzzy multiobjective optimization problem (F-MOP) with

fuzzy parameters in the objective functions and constraints
takes the following form:

{£(X,a), f,(X,@)seeees [, (X, @)}
g (X,a)<0,i=1,2,...,r

Minimize :
(6)

subject to:

where

X: Vector of decision variable,

fu (X,a@) : The mth objective function,

g.(X,d),i =1,2,.....,r : The rth constraint vector,

a=(a,,a,,....da,) : Vector of fuzzy parameters.

Fuzzy parameters are described by real fuzzy numbers. The
real fuzzy numbers a form a convex continuous fuzzy subset of
the real line whose membership function 4;(a) is defined by:

1) a continuous mapping from R' to the closed interval

[0, 11

2) H;(a)=0 forall al(-=,a,];

3) strictly increasing onl[a,,a,];

4) Y;(a)=1forall aUla,,a,];

5) strictly decreasing on [a;,a,];

6) M;(a)=0 forall alla,,+w).

Definition 1. (o-level set). The a-level set (a-cut) of the
fuzzy numbers ais defined as the ordinary set L,(a) for
which the degree of their membership functions exceeds the

level D[O,l] :

L,(a@)={a|p;(a)2aj. @)

For a certain degree a, the (F-MOP) can be represented as
a non-fuzzy as follows:

Minimize:  {f,(X,a), f,(X,a),..... f,,(X,a)}
subject to:  g,(X,a)<0, i=L2,...,r
X =(x,%,,...,%,), (8)
a=(a,a,,...,a,)
L,<a <U,k;

where constraint L,, and U ,, are the lower and upper bound
for the parameters 4, .

Definition 2. (a—Pareto optimal solution). x* [0 X is said to
be an a—Pareto optimal solution to the (a-VMP), if and only if
there exist no other solution xOX and aOL,(@) such that
fm(x,a)zfm(x*,a*), O m=12,..,.M, with
inequality holding for at least one i; where the corresponding
values of parameters a, are called a-level optimal parameters.

strictly

5. Solution Methodology

In this section, a framework for the proposed approach that
involves three phases was presented. The first one
defuzzified the F-MOP to the crisp multiobjective
optimization problem (C-MOP) by using Alpha-cut, while
the second phase employs a reference point based on NNs
algorithm to solve the crisp optimization problem. Finally,
identifies the best compromise solution from a finite set of
alternatives using TOPSIS Technique in the phase three.

Phase 1: Defuzzified the F-MOP

Step 0: Formulate F-MOP

(XD LX) fy (XD
g,(X,a)<0,i=12,....r ’

Minimize :

subject to:

Step 1: Defuzzified F-MOP into C-MOP using Alpha-
Level cut as follows:

Minimize:  {f(X,a), f,(X,a),..., f,,(X,a)}
subjectto:  g,(X,a)<0,i=12,...,r
X =(x,%,...,X,) (10)
a=(a,a,,...a,)
L,<a <U,

Phase 2: Reference point based on NNs algorithm
Step 2: Creating an achievement scalarizing problem using
preferred reference point, where the DM plays an important
role in the problem domain.
* Minimize and maximize the objective functions
individually in the feasible region. This information
must be given to the DM.
* The DM suggest preferred reference point z , the
reference point is a feasible or infeasible point in the
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objective space. The suggested reference point is used
to derive achievement scalarizing functions as follows:

m 1/p
Minimize : (z w, (fI(X) —Z)pj

i=l
g, (X,a)<0,i=12,...,r

X =(x,%y,..0,%,),

subject to:

(11)

a=(a,,a,,...,a,)
Lai < a SUai;

To make the procedure interactive and useful in practice,
Wierzbicki [48] suggested a procedure in which the obtained
solution 7' is used to create 777 new reference points, as follows:

2V =7 +(z'-72).e"; (12)
where ¢ is the j-th coordinate direction vector.

Step 3: NN method is implemented for solving convex
nonlinear programming problem (CNPP), which formulated
in the previous step. The distinguishing features of the
proposed network are that the primal and dual problems can
be solved simultaneously [49].

I- Let the following be a general convex Nonlinear
Programming (CNPP) problem:

Minimize: f(X), XOR"
g,-(X)EO, i:1,2, ..... .

- T - .
h=a,X=b,,j=12,..,p (p<n),

subject to:

(13)

where f(X) and g,(X) are convex functions.
II- The dual problem of CNPP is formulated as follows
[50]:

max >L(X,Au), XOR"
XA u
(14)

subject to:  0,L(X,A,1)=0

A=0;
where A= (A, Ay A), U=ty i)

LXAD = FD=F A8 (0= uh(N=LE)  (15)
and

r P
Oy L(X, A, 1) = 0f (X) = D ADg, (X) — X 4,0k, (X) . (16)
i=1 j=1
IITI- Parameter Initialization, Let t=0. Arbitrary choose
initial vector x(z)OR" , A®)OR" , u®)dR? |, Ar>0
(At = 0.0001) and error £ =107 .

IV- Computation of gradient:

u(t) =0, E(2) = A" g(X).g(X)" A+ 0g(X) [g(X) = [g(X)[1+ 0% L(2)0, L(z) + A" (4X =)

V(1) = 0,E(2) = A g(X).g(X) - Og(X)D, L(z) +[A = [A]]

w(t) = 0,E(z) =40, L(z)

V- States Updating:
X@+A) =X @)-Dtu(t), At +At)=A@)-Atv (),

M +D8) = u@)—Dtw (). (18)
VI- Calculation:
n r )4
5 =2 ul(D), s, =D V), sy =) wi(b). (19)
i=1 j=1 j=1

VII- Stopping criteria: if s, <&, s, <& and s; <& then

amn

output X (¢ +A¢),A(t +At), p(t +At) otherwise ¢ =t +At
and go to step I'V.

New Pareto optimal solutions are then found by forming
new achievement scalarizing problems. If the DM is not
satisfied with any of these Pareto-optimal solutions, a new
reference point is suggested and the above procedure is
repeated.

Phase IlI: Identifying a Satisfactory operation point

Input data for N alternatives over O attributes «<—x, (i = L.

Calculate normalized rating r, .

Develop a set of weights 17" for each attribute: which are usually reflective of relative importance «v  =w

Identify the ideal alternative $° <87 ={ v . v . v/

Identify the nadir alternative S~ « 8§ = (T TSN LS. U

¥
-

v L j=L..,0) .

U
min v, |jeJ ol J, : emission attributes

. . slo=lgld : )
mn v, |jeJ, J, :cost attributes

[min v, |jeJ,

I i=L..N
[min v, [jeJ,

Calculate the distance between each attribute and both ideal ( D™ Yand nadir (D7)

. ) ) D~
For each alternative. determine the ratio R <R =

D™ +D"

Rank alternative according to ratio R in descending order.
Recommend the alternative with the maximum ratio

Fig. 1. The pseudo code of TOPSIS.
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Optimization of the above-formulated problem wusing compromise solution) that satisfies different goals of the DM,
reference point based NN method yields a set of Pareto optimal =~ TOPSIS method given by Hwang and Yoon [51, 52] is used.
solutions closed to the preferred reference point. To determine ~ The Pseudo code of TOPSIS can be expressed in figure 1, while
one operating points or identify satisfactory operation point (best ~ Figure 2 shows the flow chart of the proposed algorithm.

[ Formulate fuzzy multiobjective optimization problem ]

Defuzzified fuzzy multiobjective optimization problem into C-MOP using]
Alpha-Level cut

v

| Minimize and maximize the objective functions individually

!

—»| DM suggest preferred reference point |

- - - 1<
I Construct convex nonlinear programming €

| Construct DNLP of CNLP |

| Computation of gradient 147

I States Updating ]

Forming new achievement
e | scalarizing problems
1Y

| Calculation of 5,, s,,

NO
Stopping criterion
satisfied?

Is the number of
iterations is met to
obtain Pareto-
optimal solutions?

If the DM is
satisfied with the
obtained Pareto-
optimal solutions?

Identifying a Satisfactory operation point

Fig. 2. The flow chart of the proposed algorithm.
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6. Implementation of the Proposed Approach

The proposed approach has been applied to the standard IEEE 30-bus 6-generator test system. The single-line diagram of
this system is shown in Figure 3 while the detailed data are given in Table 1 [53-55].

.y ' .
m 13 —Ll—ru'
i 18 l//

Fig. 3. Single line diagram of IEEE 30-bus 6-generator test system.

the instabilities in the global market and rate of prices
fluctuations or from interviewing DMs.

Table 1. Generator cost and emission coefficients.

G1 G2 G3 G4 G5 G6 A
Cost 10 10 20 10 20 10

200 150 180 100 180 150

100 120 40 60 40 100
Emission 4.091 2543 4258 5426 4258  6.131

6.490 4.638 4586 3380 4.586  5.151 a—Level
2.0E-4 50E4 10E-6 20E-3 1.0E-6 1.0E-5
2857 3333 8.000 2.000 8.000 6.667

a
b
C
a
B -5554 6047 -5.094 -3.550 -5.004 -5.555
y
7
p)

P

7 = >
These data (cost and emission coefficients) have many 4 a 4 g 105, @ (Parameter values)

controlled parameters, that values are vague and uncertain.
So, each numerical value can be assigned by a specific grade
of membership; where O represents the smallest possible
grade of membership, and 1 is the largest one. Figure 4 show
the fuzzy numbers that have been obtained from observing

Fig. 4. Fuzzy numbers of the effectiveness of resource.

To transform a problem with these fuzzy parameters to a
crisp version o-cut level is used with the following
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membership function:

1, a=a;
20
=19 0.95a, Sasa,
a, : i
a,)= (20)
: 20
21-22 a; <a<1.05q,
a ‘ ‘
0 a<0.95a; or a>1.05q,
By this way, the fuzzy parameters can be transformed to a
crisp one having upper and lower bounds [aé,afj] ] , which

declared in figure 4. Consequently, each a-cut level can be
represented by the two end points of the Alpha level.

7. Validation and Evaluation of Results

In order to study the influence of fuzzy parameters on the
obtained Pareto optimal solutions, all the range of the

parameter fluctuation (cost and emission coefficients) were
scanned, two bounds of Alpha value have been considered
a=0,a=1 with some values between these bounds
a=0.2,0.4,0.6,0.8 .

The DM plays an important role; where he/she expected to
be an expert in the problem domain and provide us with
different preferred reference point for each case as in figures
(5-10). Figures (5-10) declare partial set of nondominated
solutions which obtained by exploring the optimal Pareto
frontier using different a-cut level and certain preferred
reference point. For every reference point, partial set of the
Pareto frontier were found closely to the preferred reference
point. Graphical presentations of the experimental results are
presented in  figures (5-10) for six instances

(a' =0, 0.2, 04, 0.6, 0.8, 1) with different three preferred
reference point. Also, it is obvious from figures (5-10), that

the results maintain the diversity and convergence for all a-
cut level.

0.225- R 0.2251 R 0.2251 q
0.22f E 0.22 E 0.22 ,
0.215} g 0.215}F g 0.215} —
021+ R 0.21- R 0.21- q
< < <
§ 0.2051 g 5 0.205¢ g 5 0.205¢ Ref;rence Point 1
= = < g
S k) k)
8 o2f 1 & o2 1 & o2 ° 8
£ £ Reference Point £
w w w .
0.195 g 0.195} ¢ g 0.195} ,
0.19} Reference Point | 0.19} \ L i 0.19 ]
.\
0.185} [ E 0.185}F E 0.185} ,
® n
® o
0.18 - B 0.18 - R 0.18 q
°®
0.175 L L L L 0.175 L L L . L L L L L L
560 580 600 620 640 580 600 620 640 570 580 590 600 610 620 630 640
Cost($/h) Cost($/h) Cost($/h)
Fig. 5. Pareto optimal set for a cut level =0.
0.23 T T T T T 0.23 0.23
0.22¢ Reference Point ] 0.22¢ ] 0.221 i
o
[
0.21F g 0.21F g
u
b 021 g
Reference Point
< o2 x B < o2 \L B £
k E L E
8 8 ® - & 02r y
4 3 3
€ 0191 q € 0191 ® ' q € Reference Point
w w w
0.19} ° \L g
0.18} g 0.18} R ® % u
(] o0
0.18} g
017} g 017} g
0, 16 L L L L L 0 16 L L L L L 0 1 7 L L L L L
580 590 600 610 620 630 640 580 590 600 610 620 630 640 580 590 600 610 620 630 640
Cost($/h) Cost($/h) Cost($/h)

Fig. 6. Pareto optimal set for a cut level =0.2.
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0.22 T T T T T 0.22 T T T T T 0.22 T T T T T
0.2151 B 0.2151 B 0.215-
0.21- Reference Point 7 0.21- 7 0.21-
. i
0.2051 B 0.2051 b 0.205
\ - z z
S S
i) i)
L i = L i = L
02 : 2 02 Reference Point 2 02
2 ® 2
£ ' ¢ £
w w
0.1951 B 0.195 o = B 0.195- Reference Point
. v
®
0.19+ B 0.19+ B 0.19 u
[
e oy
0.185F B 0.185F B 0.185-
0.18 . . . . . 0.18 . . . . . 0.18 . . . . .
580 590 600 610 620 630 640 580 590 600 610 620 630 640 580 590 600 610 620 630
Cost($/h) Cost($/h) Cost($/h)
Fig. 7. Pareto optimal set for a cut level =0.4.
0.215 T T T T T 0.215 T T T T T 0.215 T T T T

Reference Point
0.21F

b i
u
0.205 ‘ q 0.205 q 0.205
[ ]
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0.2+ Bl % 0.2+ ‘ Bl % 0.2+
= ' n =
s § Reference Point
2 \ 2
0.195} Bl ‘E 0.195} Bl ‘E 0.195}
[} (]
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Fig. 8. Pareto optimal set for a cut level =0.6.
0.22 T T T T T 0.23 T T T T T 0.22 T T T T T
Reference Point
. / 0.225} B
0.215+ g 0.215+
i n
0.22+ B
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2 S
02051 7 S 021 Reference Point ) IS 02051
2 ]
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0.205- B
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0.2 B ‘
0.195} Bl 0.195}
0.195} B
[
0.19 I I I I I 0.19 I I I I I 0.19 I I I I I
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Fig. 9. Pareto optimal set for a cut level =0.8.
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0.215 0.215 0.215
: Reference Point
[ ]
[
0.21 B 0.211 + 0.211 B
< 0205 1 < 0.205¢ Referenge Point < 02051 1
= = =
) ) =)
= : \ / <
o o | | 2
@ @ 73
2 2 2
£ £ £ .
W 02F q w02 % 4 w02 Reference Point -
) v
L) n
0195 1 0195 . 0.195} ‘.... 1
®e
0.19 | | | . | 0.19 | | | | | 0.19 . . | . |
580 590 600 610 620 630 640 580 590 600 610 620 630 640 580 590 600 610 620 630 640
Cost($/h) Cost($/h) Cost($/h)

Fig. 10. Pareto optimal set for a cut level =1.0.

We can say that, such procedure will provide the DM with
a set of Pareto solutions near her/his preference; which
allows the DM to concentrate only to those regions on the
Pareto optimal frontier which are of interest to her/him
preference. However the proposed procedure is able to find
solutions near the supplied reference points, it can’t find one
operation point on the entire Pareto-optimal front
corresponding to the preferred reference point. A technique
to identify best compromise solution is implemented, which
mean that the task of choosing a single preferred Pareto
optimal solution from the resulting partial set is also an
important task which has discussed below.

7.1. Identifying a Satisfactory Solution

For this practical application (EEDP), we need to select
one solution, which will satisfy the different goals, such a
solution is called best compromise solution. These goals are
to avoid breaching environmental protection rules, or the
generating cost must not exceed allowable limitation. To
select the best compromise solution, TOPSIS method is used.

TOPSIS method has the ability to identify the best
alternative from a finite set of alternatives quickly, where it
can incorporate relative weights of criterion importance

640

0.19

620

according DM preference and environmental protection
rules. Here, the human DM plays an important role; where
he/she expected to be an expert in the problem domain. The
effect of changing the weights on the fuel cost and emission
was studied. In each case one weight is changed linearly, and
the other weight are generated in such a way that w, +w, =1,
In contrast, we observed the weights and the corresponding
values of f, (D /5(D) to conclude best compromise operating
point. In each case, one weight is changed linearly taking six
values. Consequently, six solutions of the objective functions
is obtained corresponding to the six weights are drawn vs.
weights for the three cases as shown in Figures (11-16). From
Figures (11-16) the following points may be concluded:
(1) One operation point has been selected, depending on
the user defined weights.
(2) From a finite set of alternatives, the proposed algorithm
has the ability to identify the best operating point quickly.
(3) The best compromise solution which is identified by
the proposed scheme satisfies all the different goals
given by the DM.
(4) From the computational results, this scheme saved the time
taken by the DM to select best comprise solution, and this
due to reducing the Pareto set to a manageable size.

0.195 588

600

—m— T,
—eo—f,

580 . .
0 0.2 0.4

Wy

L . ID 185
0.6 0.8 1

Fig. 11. Best compromise solution for different weights for a cut level =0.
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Fig. 12. Best compromise solution for different weights for a cut level =0.2.
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Fig. 13. Best compromise solution for different weights for a cut level=0.4.
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Fig. 14. Best compromise
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solution for different weights for a cut level=0.6.
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0 0
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Fig. 15. Best compromise solution for different weights for a cut level=0.8.
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Fig. 16. Best compromise solution for different weights for a cut level=1.

7.2. Comparative Study

In this subsection, a comparative study has been carried
out to assess the proposed approach. Firstly, our approach
uses only the objective function information, not derivatives
or other auxiliary knowledge. Therefore it can deal with the
non-smooth, non-continues and non-differentiable functions
which are actually existed in practical optimization problems.
Furthermore, most of the conventional techniques give single
point (at each iteration) of problem solving by converting the
multiobjective problem to a single objective problem by
linear combination of different objectives as a weighted sum.
On the other hand, the proposed approach generates a set of a
manageable size accordingly to DM preference.

Additionally, evolutionary techniques suffer from the large
size of the Pareto set, where the DM must identify one

alternative solution. Therefore, the proposed approach has
been used to reduce the Pareto set to a manageable size
closed to the DM preference. Moreover, our approach goal is
not only to prune a given set, but also to generate a
representative subset, which maintains the characteristics of
the general Pareto set and take the DM preference into
consideration.

In addition, the proposed algorithm by using TOPSIS
technique has the ability to identify the best operating
compromise point from a finite set of alternatives quickly,
which will satisfy the different goals, given by the DM. So
we can say that this scheme saved the time taken by the DM
to select the best compromise solution.

Finally, our approach has many major advantages which
can be mentioned in the following points:
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* Suitable to handle EEDP

* Simple concepts.

* Easy implementation.

* Less execution efforts.

* More flexible and adaptive to a wide variety of
problems and robust than the conventional methods.

* Can handle implications of global financial crisis,
instabilities in the global market, and the rapid
fluctuations of prices.

* Able to reduce the Pareto set to a manageable size
closed to the DM preference.

* Able to identify the best operating point from a set of
alternatives quickly.

» Satisfy the different goals, such as environmental
protection rules, and allowable limitation of the
generating cost.

¢ Its limitation that it have time consuming for solving
EEDP, but this not represent any problem to us; where
the EEDP is solved off-line before operating the system.

8. Conclusions

In this paper, reference point based NN algorithm is
proposed for solving FM-EEDP. The fuzzy representation of
the EEDP introduced because there are instabilities in the
global market, implications of global financial crisis and the
rapid fluctuations of prices. Firstlyy, FM-EEDP has been
converted to C-MOP using a-cut level. Secondly reference
point based NN algorithm is implemented in such a way that
the DM participates early in the optimization process instead
of leaving him/her alone with the final choice. Moreover to
help the DM to identify the best compromise solution from a
finite set of alternatives, TOPSIS method is implemented.
Such procedure gives the DM a better and more reliable
decision. Simulation results are presented for the standard
IEEE 30-bus system-6 generator which shows the
effectiveness and potential of the proposed approach to solve
EEDP. The main features of the proposed algorithm could be
summarized as follows:

(i) Our approach can deal with the non-smooth, non-
continues and non-differentiable functions which are
actually existed in practical optimization problems.

(ii)) Our approach suitable to handle EEDP, simple
concepts, easy implementation, less execution efforts,
more flexible and adaptive to a wide variety of
problems and robust than the conventional methods.

(ii1) Fuzzy representation of the EEDP make our approach
can deal with instabilities in the global market,
implications of global financial crisis and the rapid
fluctuations of prices.

(iv) From the computational results, our approach saved
the time taken by the DM to select best comprise
solution, and this due to reducing the Pareto set to a
manageable size.

(v) Using TOPSIS technique has the ability to identify
the best operating compromise point from a finite set
of alternatives quickly, which will satisfy the different

goals, given by the DM.

(vi) The proposed approach can identify the best operating

point without applying the method again and again.

In future works, more complex real-world applications is
tested by the proposed algorithm. In addition, conduct
research on the parallel mechanism of multi-reference point
algorithms and multi-criteria decision group problems to
improve the efficiency of such approaches; which are very
relevant for real- world scenarios.
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