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a b s t r a c t
A meta-heuristic algorithm called harmony search (HS), mimicking the improvisation process of music
players, has been recently developed. The HS algorithm has been successful in several optimization problems. The HS algorithm does not require derivative information and uses stochastic random search
instead of a gradient search. In addition, the HS algorithm is simple in concept, few in parameters, and
easy in implementation. This paper presents an improved harmony search (IHS) algorithm based on
exponential distribution for solving economic dispatch problems. A 13-unit test system with incremental
fuel cost function taking into account the valve-point loading effects is used to illustrate the effectiveness
of the proposed IHS method. Numerical results show that the IHS method has good convergence property. Furthermore, the generation costs of the IHS method are lower than those of the classical HS and
other optimization algorithms reported in recent literature.
Ó 2009 Elsevier Ltd. All rights reserved.

1. Introduction
The economic dispatch problem (EDP) is related to the optimum
generation scheduling of available generators in a power system to
minimize the total fuel cost while satisfying the load demand and
operational constraints. EDP plays an important role in operation
planning and control of modern power systems [1].
Over the past few years, a number of approaches have been
developed for solving the EDP using classical mathematical programming methods [2–8]. Meanwhile, classical optimization
methods are highly sensitive to starting points and frequently
converge to local optimum solution or diverge altogether. Linear
programming methods are fast and reliable but the main disadvantage associated with the piecewise linear cost approximation.
Nonlinear programming methods have a problem of convergence
and algorithmic complexity. Newton based algorithm have a
problem in handling large number of inequality constraints [9].
Recently, in order to make numerical methods more convenient
for solving the EDPs, modern optimization techniques [10–15]
have been successfully employed to solve the EDP as a non-smooth
optimization problem. A global optimization technique known as
the harmony search (HS) is one of these modern techniques [16].
HS algorithm proposed in [17] has been recently developed in an
analogy with music improvisation process where musicians in an
ensemble continue to polish their pitches in order to obtain better
harmony. Jazz improvisation seeks to ﬁnd musically pleasing har-
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mony similar to the optimum design process which seeks to ﬁnd
optimum solution. The pitch of each musical instrument determines the aesthetic quality, just as the objective function value is
determined by the set of values assigned to each decision variable
[18]. In addition, HS uses a stochastic random search instead of a
gradient search so that derivative information is unnecessary.
However, recent studies [19–21] have identiﬁed some deﬁciencies
related to the premature convergence in the performance of classical HS.
In this paper, we propose a novel approach for solving the EDP
using an improved harmony search (IHS) algorithm. An EDP based
on a 13-unit test system [22] with incremental fuel cost function
taking into account the valve-point loading effects is employed
to demonstrate the performance of the IHS. The valve-point loading effects introduce multiple minima in the solution space.
Numerical results obtained with the proposed IHS approach were
compared with classical HS method and other optimization results
reported in literature.
The remainder of this paper is organized as follows. Section 2
explains the formulation of the EDP. In Sections 3 and 4, the
classical HS and the proposed IHS are described. Simulation results of HS and IHS are presented and compared with those of
other algorithms in Section 5. Lastly, Section 6 outlines our
conclusions.
2. Economic dispatch
The primary concern of an EDP is to minimize the total fuel cost
at thermal power plants subjected to the operating constraints of a
power system. Therefore, it can be formulated mathematically
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with an objective function and two constraints. The equality and
inequality constraints are represented by [23]:
n
X

Pi  PL  PD ¼ 0

ð1Þ

i¼1

6 Pi 6 Pmax
P min
i
i

ð2Þ

In the power balance criterion, an equality constraint must be
satisﬁed, as shown in Eq. (1). The generated power should be the
same as the total load demand plus total line losses. The generating
power of each generator should lie between maximum and minimum limits represented by Eq. (2), where Pi is the power of generator i (in MW); n is the number of generators in the system; PD is
the system’s total demand (in MW); PL represents the total line
and P max
are, respectively, the output of
losses (in MW) and P min
i
i
the minimum and maximum operation of the generating unit i
(in MW). The total fuel cost function is formulated as follows [23]:

min f ¼

n
X

F i ðP i Þ

tion algorithms seek a best state (i.e. global optimum) determined
by objective function value. It has been successfully applied to various optimization problems in computation and engineering ﬁelds
[17–21,23–28].
The optimization procedure of the HS algorithm consists of
steps 1–5, as follows:
Step 1: Initialize the optimization problem and algorithm
parameters.
Step 2: Initialize the harmony memory (HM).
Step 3: Improvise a new harmony from the HM.
Step 4: Update the HM.
Step 5: Repeat Steps 3 and 4 until the termination criterion has
been satisﬁed.
The detailed explanation of these steps can be found in
[17,18,24] which are summarized in the following:

ð3Þ

Step 1. Initialize the optimization problem and HS algorithm
parameters. First, the optimization problem is speciﬁed as
follows:

i¼1

where Fi is the total fuel cost for the generator unity i (in $/h), which
is deﬁned by equation:

F i ðP i Þ ¼

ai P2i

þ bi P i þ c i

Minimize f ðxÞ subject to xi 2 X i ;

ð4Þ

where f(x) is the objective function, x is the set of each decision
variable (xi); Xi is the set of the possible range of values for each
design variable (continuous design variables), that is,
xi,lower 6 Xi 6 xi,upper, where xi,lower and xi,upper are the lower and
upper bounds for each decision variable; and N is the number
of design variables. In this context, the HS algorithm parameters
that are required to solve the optimization problem are also
speciﬁed in this step. The number of solution vectors in harmony memory (HMS) that is the size of the harmony memory
matrix, harmony memory considering rate (HMCR), pitch
adjusting rate (PAR), and the maximum number of searches
(stopping criterion) are selected in this step. Here, HMCR and
PAR are parameters that are used to improve the solution vector. In this context, both are deﬁned in Step 3.
Step 2. Initialize the harmony memory (HM). The harmony memory (HM) is a memory location where all the solution vectors
(sets of decision variables) are stored. In Step 2, the HM matrix,
shown in Eq. (8), is ﬁlled with randomly generated solution vectors using a uniform distribution, where

where ai, bi and ci are cost coefﬁcients of generator i.
The sequential valve-opening process for multi-valve steam turbines produces ripple like effect in the heat rate curve of the generator. This effect is included in EDP by superimposing the basic
quadratic fuel cost characteristics with a rectiﬁed sinusoidal component. In this context, Eq. (4) can be modiﬁed as:


 



F~i ðP i Þ ¼ F i ðPi Þ þ ei sin fi Pmin
 P i  or
i

 



 Pi 
F~i ðP i Þ ¼ ai P2i þ bi Pi þ ci þ ei sin fi Pmin
i

ð5Þ
ð6Þ

where ei and fi are valve-point loading coefﬁcients of generator i.
Hence, the total fuel cost that must be minimized, according to
Eq. (3), is modiﬁed to:

min f ¼

n
X

F~i ðP i Þ

ð7Þ

i¼1

where F~i is the cost function of generator i (in $/h) deﬁned by Eq.
(6). In the case study presented here, we disregarded the transmission losses, PL (mentioned in Eq. (1)), i.e., in this work PL = 0.
3. Harmony search to solve the economic dispatch problem
This section presents a brief overview of the HS. After, in Section
4, the modiﬁcation procedure of the proposed IHS algorithm is
detailed.
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Step 3. Improvise a new harmony from the HM. A new harmony
vector, x0 ¼ ðx01 ; x02 ; . . . ; x0N Þ, is generated based on three rules:
(i) memory consideration, (ii) pitch adjustment, and (iii) random selection. Generating a new harmony is called
‘improvisation’.
In the memory consideration, the value of the ﬁrst decision variable (x01 ) for the new vector is chosen from any value in the
Þ. Values of the other decision
speciﬁed HM range ðx01  xHMS
1
variables ðx02 ; . . . ; x0N Þ are chosen in the same manner. The HMCR,
which varies between 0 and 1, is the rate of choosing one value
from the historical values stored in the HM, while (1  HMCR)
is the rate of randomly selecting one value from the possible
range of values.

3.1. Classical harmony search algorithm
Recently, Geem et al. [17] proposed a new HS meta-heuristic
algorithm that was inspired by musical process of searching for a
perfect state of harmony. The harmony in music is analogous to
the optimization solution vector, and the musician’s improvisations are analogous to local and global search schemes in optimization techniques [24]. The HS algorithm does not require initial
values for the decision variables. Furthermore, instead of a gradient
search, the HS algorithm uses a stochastic random search that is
based on the harmony memory considering rate and the pitch
adjusting rate so that derivative information is unnecessary.
In the HS algorithm, musical performances seek a perfect state
of harmony determined by aesthetic estimation, as the optimiza-

i ¼ 1; . . . ; N

(
x0i



x0i 2 x1i ; x2i ; . . . ; xHMS
with probability HMCR
i
x0i 2 X i

with probabilityð1  HMCRÞ

ð9Þ
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After, every component obtained by the memory consideration
is examined to determine whether it should be pitch-adjusted.
This operation uses the PAR parameter, which is the rate of
pitch adjustment as follows:

Pitch adjusting decision for x0i



Yes with probability PAR
No with probabilityð1-PARÞ:
ð10Þ

The value of (1  PAR) sets the rate of doing nothing. If the pitch
adjustment decision for x0i is Yes, then x0i is replaced as follows:

x0i

x0i  r  bw;

ð11Þ

where bw is an arbitrary distance bandwidth, r is a random
number generated using uniform distribution between 0 and 1.
In Step 3, HM consideration, pitch adjustment or random selection is applied to each variable of the new harmony vector in
turn.
Step 4. Update the HM. If the new harmony vector,
x0 ¼ ðx01 ; x02 ; . . . ; x0N Þ is better than the worst harmony in the
HM, judged in terms of the objective function value, the new
harmony is included in the HM and the existing worst harmony
is excluded from the HM.
Step 5. Repeat Steps 3 and 4 until the termination criterion has
been satisﬁed.

4. Improved HS algorithm
HS is good at identifying the high performance regions of the
solution space at a reasonable time, but gets into trouble in performing local search for numerical applications. In order to improve the performance of the HS algorithm and eliminate the
drawbacks lie with ﬁxed values of HMCR and PAR, Mahdavi et al.
[19] proposed an improved harmony search algorithm that uses
variable PAR and bw in improvisation step. Also, Omran and Mahdavi [20] proposed a new variant of harmony search, called the global best harmony search, in which concepts from swarm
intelligence are borrowed to enhance the performance of HS such
that the new harmony can mimic the best harmony in the HM.
The IHS proposed in this work has exactly the same steps of
classical HS with exception that Step 3, where the IHS dynamically
updates PAR. In this case, PAR is update as follows:

PARðtÞ

1
;
HMS  N

ð12Þ

where PAR(t) is the pitch adjusting rate for generation t. In addition,
the Eq. (11) is changed by generation of x0i using an exponential
probability distribution with density function given by [29]:

f ðyÞ ¼


1
jy  aj
exp
;
2b
b

1 6 y 6 1

It is evident that one can control the variance by changing the
parameters a and b. Generating random numbers using exponential distribution sequences may provide a good compromise between the probability of having a large number of small
amplitudes around the current points (ﬁne tuning) and a small
probability of having higher amplitudes, which may allow particles
to move away from the current point and escape from local minima [29].
In the HIS, the x0i is given by:

x0i þ e  bw;

5. Case study of 13 thermal units and analysis of optimization
results
This case study consisted of 13 thermal units of generation with
the valve-point effects, as given in Table 1. The system data shown
in Table 1 is also available in [22,33]. In this case, the load demand
expected to be determined was PD = 1800 MW.
Each optimization method was implemented in Matlab (MathWorks). All the programs were run on a 3.2 GHz Pentium IV processor with 2 GB of random access memory. In each case study,
50 independent runs were made for each of the optimization
methods involving 50 different initial trial solutions for each optimization method.
The total number of solution vectors in classical HS, i.e., the
HMS, was 15, and the HMCR and the PAR were 0.85 and 0.45,
respectively. In IHS, the setup were HMS, was 15 and the HMCR
was 0.85. In this paper, the optimization approaches are adopted
using 22,500 cost function evaluations in each run.
A key factor in the application of optimization methods is how
the algorithm handles the constraints relating to the problem. In
this work, a penalty-based method inspired in [34] was used. In
this context, to avoid the violation of equality constraint given by
Eq. (1) of the power balance criterion, a repair process is applied
to each solution in order to guarantee that a generated solution
by HS or IHS is feasible. The adopted procedure here is presented
in Fig. 1. After the application of the repair procedure the solution
given by HS or IHS approaches can be evaluated by Eq. (7).
Numerical results obtained for this case study are given in Table
2, which shows that the IHS has both a better economic cost and
lower mean cost than the classical HS. The best results obtained
for solution vector Pi, i = 1,. . .,13 with IHS with minimum cost of
17960.3661 $/h is given in Table 3. Table 4 compares the results
obtained in this paper with those of other studies reported in the
literature. Note that in studied case, the best result reported here
using IHS is comparatively lower than recent studies presented
in literature.
6. Conclusions and future research
Economic dispatch is an important function in the power system operation. Different techniques have been reported in the literature pertaining to EDP [1–15]. In this study, application of HS
and IHS algorithms to solve EDPs has been investigated.

with a; b > 0
ð13Þ

x0i

spired in works about the tuning of control parameters in evolutionary algorithms based on probability distributions (see details
in [29–32]).

ð14Þ

where e is a random number generated with truncated exponential
distribution in range [1, 1] with a = 0.30 and b = 1. Eq. (14) is in-

Table 1
Data for the 13 thermal units.
Thermal unit

P min
i

P max
i

A

b

c

E

f

1
2
3
4
5
6
7
8
9
10
11
12
13

0
0
0
60
60
60
60
60
60
40
40
55
55

680
360
360
180
180
180
180
180
180
120
120
120
120

0.00028
0.00056
0.00056
0.00324
0.00324
0.00324
0.00324
0.00324
0.00324
0.00284
0.00284
0.00284
0.00284

8.10
8.10
8.10
7.74
7.74
7.74
7.74
7.74
7.74
8.60
8.60
8.60
8.60

550
309
307
240
240
240
240
240
240
126
126
126
126

300
200
150
150
150
150
150
150
150
100
100
100
100

0.035
0.042
0.042
0.063
0.063
0.063
0.063
0.063
0.063
0.084
0.084
0.084
0.084
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Fig. 1. Constraints handling used in HS and IHS approaches.

Table 2
Convergence results (50 runs) of a case study of 13 thermal units with valve-point
and PD = 1800 MW.
Optimization
method

Maximum
cost ($/h)

Minimum
cost ($/h)

Mean cost
($/h)

Standard
deviation ($/h)

HS
IHS

18070.1762
17971.6512

17965.6204
17960.3661

17986.5626
17965.4152

26.3702
16.9531

Table 3
Best result (50 runs) obtained for the case study using IHS.
Power

Generation (MW)

P1
P2
P3
P4
P5
P6
P7
P8
P9
P10
P11
P12
P13
P13

628.3185
149.5994
222.7491
109.8666
60.0000
109.8666
109.8666
109.8666
109.8666
40.0000
40.0000
55.0000
55.0000
1800.0000

i¼1 P i

Table 4
Comparison of results for EDP with 13 thermal units.
Optimization technique

Case study with
13
thermal units

Cultural differential evolution [35]
Chaotic differential evolution with sequential quadratic
programming [36,37]
Chaotic particle swarm optimization [38]
Differential evolution [34]
Genetic algorithm based on differential evolution [39]
Hybrid differential evolution [40]
Hybrid evolutionary programming with sequential quadratic
programming [41]
Hybrid genetic algorithm [42]
Improved evolutionary programming [22]
Improved genetic algorithm [43]
Particle swarm optimization [41]
Particle swarm optimization with sequential quadratic
programming [41]
Pattern search method [44]
Quantum particle swarm optimization [23]
Self-tuning hybrid differential evolution [40]
Best result of this paper using IHS

17963.94
17963.94
17963.96
17963.83
17963.83
17975.73
17991.03
17992.92
17994.07
17963.98
18030.72
17969.93
17969.17
17963.95
17963.79
17960.3661

The IHS algorithms ability has been demonstrated using an
illustrative example consisting of 13 thermal units whose incremental fuel cost function takes into account the valve-point loading effects. Moreover, in order to handle constraints effectively, a
constraint treatment mechanism inspired in [34] is devised in calculus of cost function used in HS and IHS approaches. Numerical
results reveal that the IHS algorithm converged to good solutions
in comparison with results using HS and results of recent
literature.
In future work, we plan to study the HS algorithms in multiobjective EDPs with units having prohibited zones and valve-point
loading effects.
Acknowledgment
This work was supported by the National Council of Scientiﬁc
and Technologic Development of Brazil – CNPq – under Grants
302786/2008-2/PQ and 309646/2006-5/PQ.
References
[1] Hou YH, Lu LJ, Xiong XY, Wu YW. Economic dispatch of power systems based
on the modiﬁed particle swarm optimization algorithm. In: Proceedings of
IEEE/PES transmission and distribution conference and exhibition: Asia and
Paciﬁc Dalian, China; 2005.
[2] Chen CL, Wang CL. Branch-and-bound scheduling for thermal generating units.
IEEE Trans Energy Convers 1993;8(2):184–9.
[3] Lin CE, Viviani GL. Hierarchical economic dispatch for piecewise quadratic cost
functions. IEEE Trans Power Apparatus Syst 1984;103(6):1170–5.
[4] Granville S. Optimal reactive dispatch through interior point methods.
In: IEEE Summer Meeting, Paper no. 92 SM 416-8 PWRS, Seattle, WA,
USA; 1992.
[5] Yang HT, Chen SL. Incorporating a multi-criteria decision procedure into the
combined dynamic programming/production simulation algorithm for
generation expansion planning. IEEE Trans Power Syst 1989;4(1):165–75.
[6] Liang ZX, Glover JD. A zoom feature for a programming solution to economic
dispatch including transmission losses. IEEE Trans Power Syst
1992;7(3):544–50.
[7] Yan X, Quintana VH. An efﬁcient predictor-corrector interior point algorithm
for security-constrained economic dispatch. IEEE Trans Power Syst
1997;12(2):803–10.
[8] Lin CE, Chen ST, Huang CL. A direct Newton–Raphson economic dispatch. IEEE
Trans Power Syst 1992;7(3):1149–54.
[9] Swarup KS, Kumar PR. A new evolutionary computation technique for
economic dispatch with security constraints. Electr Power Energy Syst
2006;28(4):273–83.
[10] Basu M. A simulated annealing-based goal-attainment method for economic
emission load dispatch of ﬁxed head hydrothermal power systems. Int J Electr
Power Energy Syst 2005;27(2):147–53.
[11] Lin WM, Cheng FS, Tsay MT. An improved tabu search for economic dispatch
with multiple minima. IEEE Trans Power Syst 2002;17(1):108–12.
[12] Yuan X, Wang L, Yuan T, Zhang Y, Cao B, Yang BA. A modiﬁed differential
evolution approach for dynamic economic dispatch with valve-point effects.
Energy Convers Manage 2008;49(12):3447–53.
[13] Kuo CC. A novel string structure for economic dispatch problems with practical
constraints. Energy Convers Manage 2008;49(12):3571–7.

2526

L.S. Coelho, V.C. Mariani / Energy Conversion and Management 50 (2009) 2522–2526

[14] Pothiya S, Ngamroo I, Kongprawechnon W. Application of multiple tabu search
to solve dynamic economic dispatch considering generator constraints. Energy
Convers Manage 2008;49(4):506–16.
[15] Panigrahi BK, Pandi VR, Das S. Adaptive particle swarm optimization approach
for static and dynamic economic load dispatch. Energy Convers Manage
2008;49(6):1407–15.
[16] Vasebi A, Fesanghary M, Bathaee SMT. Combined heat and power economic
dispatch by harmony search algorithm. Electr Power Energy Syst
2007;29(10):713–9.
[17] Geem ZW, Kim JH, Loganathan GV. A new heuristic optimization algorithm:
harmony search. Simulation 2001;76(2):60–8.
[18] Saka MP. Optimum design of steel sway frames to BS5950 using harmony
search algorithm. J Constr Steel Res 2009;65(1):36–43.
[19] Mahdavi M, Fesanghary M, Damangir E. An improved harmony search
algorithm for solving optimization problems. Appl Math Comput
2007;188(2):1567–79.
[20] Omran MGH, Mahdavi M. Global-best harmony search. Appl Math Comput
2008;198(2):643–56.
[21] Coelho LS, Bernert DLA. An improved harmony search algorithm for
synchronization of discrete-time chaotic systems. Chaos Solitons Fract 2008.
doi:10.1016/j.chaos.2008.09.02.
[22] Sinha N, Chakrabarti R, Chattopadhyay PK. Evolutionary programming
techniques for economic load dispatch. IEEE Trans Evolut Comput
2003;7(1):83–94.
[23] Coelho LS, Mariani VC. Particle swarm approach based on quantum mechanics
and harmonic oscillator potential well for economic load dispatch with valvepoint effects. Energy Convers Manage 2008;49(11):3080–5.
[24] Lee KS, Geem ZW. A new meta-heuristic algorithm for continuous engineering
optimization: harmony search theory and practice. Comput Methods Appl
Mech Eng 2005;194(36–38):3902–33.
[25] Kim JH, Geem ZW, Kim ES. Parameter estimation of the nonlinear muskingum
model using harmony search. J Am Water Resour Assoc 2001;37(5):
1131–8.
[26] Geem ZW, Kim JH, Loganathan GV. Harmony search optimization: application
to pipe network design. Int J Model Simulat 2002;22(2):125–33.
[27] Geem ZW. Optimal cost design of water distribution networks using harmony
search. Eng Opt 2006;38(3):259–80.
[28] Lee KS, Geem ZW. A new structural optimization method based on the
harmony search algorithm. Comput Struct 2004;82(9–10):781–98.
[29] Krohling RA, Coelho LS. PSO-E: Particle swarm with exponential distribution.
In: Proceedings of IEEE congress on evolutionary computation, Vancouver, BC,
Canada; 2006. p. 5577–82.

[30] Coelho LS, Alotto P. Global optimization of electromagnetic devices using an
exponential
quantum-behaved
particle.
IEEE
Trans
Magnet
2008;44(6):1074–7.
[31] Krohling RA, Coelho LS. Coevolutionary particle swarm optimization using
Gaussian distribution for solving constrained optimization problems. IEEE
Trans Syst Man Cyber – Part B: Cyber 2006;36(6):1407–16.
[32] Krohling RA. Gaussian swarm: a novel particle swarm optimization algorithm.
In: Proceedings of the IEEE conference on cybernetics and intelligent systems
(CIS), Singapore; 2004. p. 372–6.
[33] Wong KP, Wong YW. Genetic and genetic/simulated-annealing approaches to
economic dispatch. IEE Proc. Control, Generation, Transmission and
Distribution 1994;141(5):507–13.
[34] Noman N, Iba H. Differential evolution for economic load dispatch problems.
Electr Power Syst Res 2008;78(3):1322–31.
[35] Coelho LS, Souza RCT, Mariani VC. Improved differential evolution approach
based on cultural algorithm and diversity measure applied to solve economic
load dispatch problems. Math Comput Simulat 2009;79(10):3136–47.
[36] Coelho LS, Mariani VC. Combining of chaotic differential evolution and
quadratic programming for economic dispatch optimization with valve-point
effect. IEEE Trans Power Syst 2006;21(2):989–96.
[37] Coelho LS, Mariani VC. Correction to ‘‘Combining of chaotic differential
evolution and quadratic programming for economic dispatch optimization
with valve-point effect”. IEEE Trans Power Syst 2006;21(3):1465.
[38] Coelho LS, Mariani VC. Economic dispatch optimization using hybrid chaotic
particle swarm optimizer. In: Proceedings of IEEE international conference on
systems man and cybernetics (SMC), Montreal, Canada; 2007. p. 1963–8.
[39] He D, Wang F, Mao Z. A hybrid genetic algorithm approach based on
differential evolution for economic dispatch with valve-point effect. Electr
Power Energy Syst 2008;30(1):31–8.
[40] Wang SK, Chiou JP, Liu CW. Non-smooth/non-convex economic dispatch by a
novel hybrid differential evolution algorithm. IET Generat Transmi Distribut
2007;1(5):793–803.
[41] Victoire TAA, Jeyakumar AE. Hybrid PSO-SQP for economic dispatch with
valve-point effect. Electr Power Sys Res 2004;71(1):51–9.
[42] Da-kuo H, Fu-li W, Zhi-zhong M. Hybrid genetic algorithm for economic
dispatch with valve-point effect. Electr Power Syst Res 2008;78(4):626–33.
[43] Chiang CL. Improved genetic algorithm for power economic dispatch of units
with valve-point effects and multiple fuels. IEEE Trans Power Syst
2005;20(4):1690–9.
[44] Al-Sumait JS, Al-Othman AK, Sykulski JK. Application of pattern search method
to power system valve-point economic load dispatch. Electr Power Energy Syst
2007;29(10):720–30.

