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This paper presents a novel heuristic algorithm for solving economic dispatch (ED) problems, by employ-
ing iteration particle swarm optimization with time varying acceleration coefficients (IPSO-TVAC)
method. Due to the effect of valve-points and prohibited operation zones (POZs) in the generating units’
cost functions, ED problem is a non-linear and non-convex optimization problem. The problem even may
be more complicated if transmission losses are taken into account. The effectiveness of the proposed
method is examined and validated by carrying out extensive tests on three different test systems.
Valve-point effects, POZs, ramp-rate constraints and transmission losses are modeled. Numerical results
show that the IPSO-TVAC method has a good convergence property. Furthermore, the generation costs of
the IPSO-TVAC method are lower than other optimization algorithms reported in recent literature.

� 2012 Elsevier Ltd. All rights reserved.
1. Introduction

Economic dispatch (ED) problem is one of the important prob-
lems in the operation of power systems. The purpose of ED problem
is to determine economical combination of generators’ production
to satisfy system load and constraints. ED problem is a non-convex
and non-linear optimization problem. Due to the high economic
benefits of better solutions, many researches have tried to present
a proper solution method over the years. A lot of optimization
methods including classical and stochastic search approaches have
been applied to solve ED problem. Applying conventional methods
is always accompanied with some restrictions. The most popular
conventional approach to solve ED problem is lambda-iteration
method [1] which needs a continuous and monotonically increas-
ing cost function. However, the actual cost function is not continu-
ous due to prohibited operation zones (POZs). In the quadratic
programming algorithm [2] and non-linear programming algo-
rithm [3], the objective function should be continuous and differen-
tiable. But, the cost function considering valve-point effects is not
differentiable. Using Maclaurin series approximation [4,5] leads to
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non-optimal solution with great economic loss, but with the advan-
tage of low solution time.

Also, many heuristic search methods were used to solve the ED
problem more efficiently. Genetic algorithm (GA) [6,7], improved
GA [8,9], atavistic GA [10], hybrid GA [11] and self adaptive real-
coded GA [12] have been proposed to solve different types of ED
problem.

Hybrid particle swarm optimization (HPSO) has been presented
in [13] to solve ED problem considering valve-point effects. A hy-
brid multi-agent PSO algorithm proposed by [14] to solve ED prob-
lem with valve-point constrained. Also, other modifications of PSO
method like parallel PSO [15], quantum-behaved PSO [16], fuzzy
adaptive hybrid PSO algorithm [17], fuzzy adaptive modified PSO
algorithm [18] and anti-predatory PSO [19] have been applied to
solve ED problem. Differential evolution (DE) is used in [20] to
solve ED problem. Application of modified DE and hybrid DE in
ED presented in [21] and [22], respectively. A review of optimal dy-
namic economic dispatch solution methods is provided in [23].
Application of honey bee mating algorithm (HBMO) in solution of
non-convex ED problems is studied in [24].

PSO method has the flexibility to enhance both global and local
exploration abilities [25]. It is observed that original PSO suffers
from premature convergence, especially for problems with multi-
ple local optimums [26,27]. Two stochastic acceleration compo-
nents (known as cognitive component and social component)
guide the particles in the original PSO method to the optimum
point. The cognitive component controls local search ability, and
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social component wanders the particles around the search space
and controls the global search ability. Tuning relative values of cog-
nitive and social components plays important role in solution qual-
ity of the PSO. Many researches have been done to find the best
combination of these components [25,28]. In this paper a novel
iteration PSO with time varying acceleration coefficients (IPSO-
TVAC) approach is proposed to solve non-convex and non-contin-
uous ED problem. TVAC structure leads to a proper balance be-
tween the cognitive and social components in the initial phase
and latter iterations [26]. Iteration PSO (IPSO) enriches the solution
quality and avoids being trapped into local optimum [29]. The pro-
posed method inherits advantages of both TVAC-PSO and IPSO
methods, simultaneously.

The remainder of the paper is organized as follows: Section 2
gives the mathematical formulation of the ED problem considering
POZs, ramp-rate limits, valve-point effects and transmission losses.
Section 3 describes the proposed IPSO-TVAC algorithm. Implemen-
tation of the proposed IPSO-TVAC algorithm to solve ED problem is
provided in Section 4. Section 5 presents three application cases
and compares corresponding results with most recent applied
methods. Conclusions are finally given in Section 6.
2. Formulation of economic dispatch problem

The objective of ED problem is minimizing the total power pro-
duction cost. The objective function is mathematically stated as
follows:

min
XN

i¼1

FiðPiÞ ð1Þ

where Fi is the ith unit production cost, N is the number of power
generation units and Pi is the power output of ith unit. The produc-
tion cost of ith generation unit is defined as:

FiðPiÞ ¼ aiP
2
i þ biPi þ ci ð2Þ

Quadratic cost function (2) is used in the most of the literature. In a
practical generation units, steam valve admission effects lead to the
ripple in the production cost. In order to model this phenomenon
more accurately, a sinusoidal term is added to the quadratic cost
function. Considering valve-point effects made the problem non-
convex and non-differentiable. The unit cost function considering
valve-point effects is represented as follows:

FiðPiÞ ¼ aiP
2
i þ biPi þ ci þ ei sin fi Pmin

i � Pi

� �� ���� ��� ð3Þ

where ai, bi, ci, ei, and fi are coefficients of the cost function of unit i.
The power production cost should be minimized subject to fol-

lowing constraints:

� Capacity limits of thermal units
Pmin
i 6 Pi 6 Pmax

i i ¼ 1; . . . ;N ð4Þ
where Pmin
i and Pmax

i are the minimum and the maximum
power outputs of ith unit.
� Ramp-rate limit constraints
Pi � P0
i 6 URi i ¼ 1; . . . ;Nð5Þ

P0
i � Pi 6 DRi i ¼ 1; . . . ;Nð6Þ
where P0
i is the previous output power of unit i; URi and DRi

are up ramp limit and down ramp limit of the ith generator
(MW/h), respectively. By considering ramp-rate limits of gen-
erator, generator capacity limit (4) is rewritten as follows:
max Pmin
i ; P0

i � DRi

� �
6 Pi 6min Pmax

i ; P0
i þ URi

� �
Pi

2 AZi; i ¼ 1; . . . ;N ð7Þ
where AZi is the allowed operation zones of unit i which is de-
fined in following.
� Prohibited operation zones (POZs)

Generating units may have certain restricted operation zone
due to limitations of machine components or instability
concerns. The allowed operation zones of ith generation unit
is defined as:
AZi ¼
Pmin

i 6 Pi 6 Pl
i;1

Pu
i;m�1 6 Pi 6 Pl

i;m m ¼ 2;3; . . . ;Mi; i ¼ 1; . . . ;N

Pu
i;Mi
6 Pi 6 Pmax

i

8>><
>>:

ð8Þ
where Pl
i;m and Pu

i;m are the lower and upper limits of mth POZ
of unit i, respectively. Mi is the number of allowed operation
zones of unit i.
� Power balance

Power balance considering system losses is written as:
XN

i¼1

Pi ¼ PD þ Ploss ð9Þ
where PD and Ploss are system total load demand and trans-
mission losses, respectively. Transmission system loss is a
function of units’ power production and can be calculated
using the B �matrix coefficients (Kron’s loss formula) as sta-
ted in following:
Ploss ¼
XN

i¼1

XN

j¼1

PiBijPj þ
XN

i¼1

Bi0Pi þ B00 ð10Þ
3. Iteration PSO with time varying acceleration coefficients
method

3.1. Classic particle swarm optimization

PSO is one of the algorithms based on swarm intelligence and
introduced by Kennedy and Eberhart in 1995 for the first time
[30]. PSO models the swarm behaviors such as birds flocking and
fishes schooling. PSO has been applied to solve many real-world
problems after inception in 1995 and many researches have been
carried out to improve its performance in recent years. PSO starts
with a fixed number of randomly initialized particles (potential
solutions) in an N-dimensional solution space. A particle i at itera-

tion k has a position vector Xk
i ¼ xk

i1; x
k
i2; . . . ; xk

iN

� �
and a velocity vec-

tor Vk
i ¼ vk

i1;vk
i2; . . . ;vk

iN

� �
. The best solution achieved by ith particle

until the current iteration (k) is defined as Pk
besti
¼ pk

besti1
; pk

besti2
; . . . ;

�
pk

bestiN
Þ. The best Pk

besti
among the entire particles is denoted as global

best gk
best

� �
. A particle approaches to better position (better solution)

with randomly weighted acceleration using its current velocity, pre-
vious experience, and the experience of other particles. Then, the
velocity and position of nth particle will be updated using following
equations:

vkþ1
in ¼ x� vk

in þ C1 � rn
1 � pk

bestin
� xk

in

� �
þ C2 � rn

2

� gk
best � xk

in

� �
ð11Þ

xkþ1
in ¼ xk

in þ C � vkþ1
in ð12Þ
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Fig. 1. Variation of C1, C2, and C3 according to iteration number (k).
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where x is inertia weight, rn
1 and rn

2 are two independently gener-
ated random numbers between 0 and 1. C1 and C2 are cognitive
and social component acceleration coefficients, respectively. C is
the constriction factor and can be calculated using (13) [31]. The
inertia weight (x) is linearly decreasing as the iterations proceed
and can be calculated using (14) [32].

C ¼ 2

2� /�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
/2 � 4/

q ð13Þ

x ¼ xmax �
xmax �xmin

K
� k ð14Þ

where / equals to C1 + C2 P 4. xmax and xmin are initial and final
weights. K is the maximum iteration number.

3.2. IPSO-TVAC

It has been observed by most researchers that in PSO, problem-
based tuning of parameters is a key factor to find the optimum
solution accurately and efficiently [33]. With this in view, a novel
PSO strategy in which time varying acceleration coefficients are
employed is being employed in this paper to solve the ED problem.
In order to enrich the searching behavior, solution quality and to
avoid being trapped into local optimum, a new index named as
iteration best is added to (11). This method is known as Iteration
PSO (IPSO) [29]. The velocity updating formula considering itera-
tion best will be as follows:

vkþ1
in ¼ x� vk

in þ C1 � rn
1 � pk

bestin
� xk

in

� �
þ C2 � rn

2

� gk
best � xk

in

� �
þ C3 � rn

3 � Ik
best � xk

in

� �
ð15Þ

where Ik
best is the best solution that has been obtained by any parti-

cle in iteration k and C3 is the weighting factor of the stochastic
acceleration. rn

3 is a random number in the interval of [0 1].
In the classic PSO algorithm, the acceleration coefficients are set

to a fixed value (conventionally fixed to 2.0). Relatively high value
of the social component C2 in comparison with cognitive compo-
nent C1 leads particles to a local optimum prematurely and rela-
tively high values of cognitive components results to wander the
particles around the search space [30,28]. To improve the solution
quality, these coefficients are updated in a way that the cognitive
component is reduced and social component is increased as itera-
tion proceeds. The acceleration coefficients are updated using the
following equations:

C1 ¼ C1i þ
C1f � C1i

K
� k ð16Þ

C2 ¼ C2i þ
C2f � C2i

K
� k ð17Þ

where C1i, C1f, C2i, and C2f are initial and final values of cognitive and
social components acceleration factors, respectively.

At initial iterations, the particles are far away from the optimum
point, and hence adding a new term (i.e. iteration best) to the
velocity formula, will help the algorithm to converge to a better
solutions, due to this fact that Ik

best is the best solution obtained
in the current iteration. Due to this, in this paper, C3 is updated
as follows:

C3 ¼ C1 � ð1� expð�C2 � kÞÞ ð18Þ

To explain (18), consider a numerical example as follows. By
assuming C1i = 2.5, C1f = 0.5, C2i = 0.5 and C2f = 2.5, and K = 100
The coefficients C1,C2 and C3 are depicted in Fig. 1.

As it is evidently observed from Fig. 1, when iterations proceed,
C1/C2 decreases/increases monotonically. But, C3 is increased
swiftly at the initial iterations, and then, decreases slowly. This
feature helps us to use benefits of Ibest at the initial iterations,
where the algorithm aims to find proper direction for search. But,
when the iterations proceed, the algorithm reaches to the near of
the solution, and hence due to the high value of the social compo-
nent C2 in comparison with cognitive component C1 leads particles
to the optimum solution.
4. Implementation of IPSO-TVAC for ED problem

The flowchart of proposed IPSO-TVAC algorithm is depicted in
Fig. 2. The steps of solution of non-convex ED problem using
IPSO-TVAC algorithm are as follows:
Step 1. Initialization of the particles: Real power outputs are the
decision variables in the ED problem and used to form the
swarm. The real power outputs of generators are represented
with the positions of particles. Each particle shows a feasible
solution of ED problem. Then they should satisfy the problem
constraints. The ith particle is represented as Pi = [Pi1, -
Pi2, . . . , PiN]. Initial position of the jth element (generation of
jth unit in this paper) of particle i is generated randomly as
follows:

Pij ¼ Pmin
j þ r � Pmax

j � Pmin
j

� �
ð19Þ
where r is a random number between 0 and 1.

Step 2. Fitness evaluation: Fitness function is defined to evalu-
ate the quality of each particle. The fitness function should be
minimized while satisfying the constraints. The most popular
way of constraint handling is adding penalties for violated
constraints. Hence, the fitness function (Ft) is defined as the
summation of the non-convex cost function (3) and penalties
as follows:

FtðPiÞ ¼
XN

j¼1

FjðPijÞ þ b1

XN

j¼1

ðPijÞ � PD � Ploss

" #2

þ b2

XN

j¼1

Pij � Plim
ij

��� ���þ b3

XN

j¼1

Pij � Ppozlim
ij

��� ��� ð20Þ
where b1, b2, and b3 are penalty parameters and assumed to
be 5000 in this paper. The first penalty term handles the load
and generation balance constraint, second penalty term han-
dles power generation limits and ramp-rate constraints, and

the third penalty term handles the POZ constraints. Plim
ij and

Ppozlim
ij are constraint violation indicator and defined as

follows:



Fig. 2. Flowchart of the proposed IPSO-TVAC.
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Fig. 3. Convergence characteristic of the IPSO-TVAC for test case I.
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Fig. 4. Convergence characteristic of the IPSO-TVAC for test case II
(demand = 1800 MW).
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Plim
ij ¼

max Pmin
j ; P0

ij � DRj

� �
if Pij 6max Pmin

j ; P0
ij � DRj

� �
min Pmax

j ; P0
ij þ URj

� �
if Pij P min Pmax

j ; P0
ij þ URj

� �
Pij otherwise

8>>><
>>>:

ð21Þ

Ppozlim
ij ¼

Pmin
j if Pij 6 Pmin

j

Pl
j;1 if Pij P Pl

j;1

Pu
j;m�1 if Pij 6 Pu

j;m�1

Pl
j;m if Pij P Pl

j;m

Pu
j;Mi

if Pij 6 Pu
j;Mj

Pmax
j if Pij P Pmax

j

Pij otherwise

8>>>>>>>>>>>>><
>>>>>>>>>>>>>:

ð22Þ

Step 3. Initialization of Pbest and gbest: The fitness values calcu-
lated using (20) for the initial particles of the swarm are set as
the initial Pbest values of the particles. The best value among
all the Pbest values is identified as gbest.
Step 4. Velocity update: in the IPSO-TVAC, the velocity of each
particle is updated using the following equation:

vkþ1
in ¼ x � vk

in þ C1i þ
C1f � C1i

K
� k

� 	
� rn

1

� pk
bestin
� xk

in

� �
þ C2i þ

C2f � C2i

K
� k

� 	
� rn

2

� gk
best � xk

in

� �
þ C1 � 1� expð�C2 � kÞð Þð Þ � rn

3

� Ik
best � xk

in

� �
ð23Þ

Step 5. Velocity evaluation: The obtained new velocities should
be in the range defined in (24).

�
Pmax

j � Pmin
j

R
6 v ij 6

Pmax
j � Pmin

j

R
ð24Þ
where R is the parameter to control the number of intervals in
jth dimension. The maximum velocity is set to 10–20% of the
dynamic range of the variable on each dimension [29,?].

Step 6. Position update: The particles’ position is updated using
(12).
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Fig. 6. Convergence characteristic of the IPSO-TVAC for test case III.

Table 1
Comparison of simulation results for 6-unit test system (load = 1263 MW).

Unit MTS [34] NPSO-LRS
[33]

BFO [35] NAPSO [36] SOH-PSO
[27]

1 448.1277 446.9600 449.4600 446.4232 438.2100
2 172.8082 173.3944 172.8800 172.6080 172.5800
3 262.5932 262.3436 263.4100 262.6183 257.4200
4 136.9605 139.5120 143.4900 142.7752 141.0900
5 168.2031 164.7089 164.9100 164.6650 179.3700
6 87.3304 89.0162 81.2520 86.3230 86.8800
Total

generation
1276.0232 1275.9351 1275.4020 1275.4127 1275.5500

Total loss 13.0205 12.9351 12.4020 12.4127 12.5500
Minimum cost 15450.0600 15450.0000 15443.8497 15443.7656 15446.0200
Average cost 15451.17 15450.5 15

446.95383
15443.7657 15497.35

Maximum cost 15453.64 15,452 NA 15443.7657 15609.64

NA denotes that the value was not available in the literature.
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Fig. 5. Convergence characteristic of the IPSO-TVAC for test case II
(demand = 2520 MW).
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Step 7. Check stopping criterion: The stopping criterion is
selected to be the maximum number of iterations. The algo-
rithm will be terminated if the maximum iteration number
reached, otherwise it is continued from Step 4.
5. Case studies and numerical results

In this section, the proposed IPSO-TVAC algorithm is applied on
various standard test systems with different number of generating
units (6, 13, and 40-units) to solve the constrained ED problem and
the results are compared with those obtained by other algorithms.
The parameter selection procedure is discussed in Section 5.1.

5.1. IPSO-TVAC parameter selection

The selection of proper values for algorithm control parameters
plays a significant role in solution’s quality. In order to obtain the
best population size for different test cases, minimum cost was cal-
culated for different set of population sizes and depicted in Figs. 3a,
4a, 5a, and 6a. It can be observed from these figures that proper
population size for Case I is 40, for Case II is 100 and for Case III is
350. Similar approach is implemented to evaluate the convergence
speed of the algorithm in finding the best solution. It should be
noted that the convergence test is performed using the aforemen-
tioned size of population for each case. It is evidently observed from
Figs. 3b, 4b, 5b, and 6b that the maximum number of iterations
needed for cases I, II and III are 60, 150 and 600, respectively. The
effect of the initial and final values of cognitive and social compo-
nents acceleration factors on solution performance are studied by
varying their values. Table 8 shows the best, average and worst
solutions obtained from 100 runs for test case III. Results of the pro-
posed method are in bold. It should be noted that in Table 8 the
population size and maximum iteration number are fixed to 350
and 600, respectively. In all case studies; xmax, xmin and R are fixed
to 0.9, 0.4, and 5, respectively. Penalty factors are set to 5000.

5.2. Test system I

The first test system is a 6-unit system. System total demand is
1263 MW. The data for this system is provided in [34]. In this test
system, the transmission losses, POZs and ramp-rate constraints
are considered.

Table 1 shows the obtained results for this system. Results of the
proposed method are in bold. Minimum cost, Mean cost and maxi-
mum cost over the 100 trial runs are compared with the results of
multiple Tabu search (MTS) algorithm [34], new PSO with local ran-
dom search (NPSO-LRS) [33], bacterial foraging optimization (BFO)
HHS [37] GA [33] PSO [33] IPSO [29] Proposed

447.4960 462.0444 447.5823 440.5711 447.5840
173.3140 189.4456 172.8387 179.8365 173.2010
263.4450 254.8535 261.3300 261.3798 263.3310
139.0550 127.4296 138.6812 131.9134 138.8520
165.4750 151.5388 169.6781 170.9823 165.3280
87.1250 90.7150 74.8963 90.8241 87.1500
1275.9100 1276.0400 1276.0660 1275.5072 1275.4460

12.9500 13.0260 13.0066 12.5480 12.4460
15449.0000 15457.9600 15450.1400 15444.0000 15443.063
15,450 15,469 15,454 15446.3 15443.582

15,453 15,524 15,492 NA 155445.114



Table 2
Comparison of simulation results for 13 units (load = 1800 MW).

Unit HMAPSO
[14]

MDE
[21]

FAPSO-VDE
[13]

SHDE
[22]

MSL [5] PSM [39] HGA [40] QPSO
[25]

PSO [14] PSO-TVAC
[28]

Proposed

1 538.5611 628.318 628.3185 628.3172 628.3 538.5587 628.3185 538.56 538.561 628.319 628.3185
2 224.4831 149.594 222.749 149.5986 310.85 224.6416 222.7491 224.7 299.355 149.597 149.5996
3 150.0622 222.758 149.599 222.7987 310.85 149.8468 149.5996 150.09 75.037 222.749 222.7489
4 109.8862 109.865 60 109.8673 60 109.8666 109.8665 109.87 159.734 109.867 109.8666
5 109.9902 109.864 109.8665 109.8418 60 109.8666 109.8665 109.87 60.078 109.867 109.8666
6 109.8666 109.866 109.8665 60 60 109.8666 109.8665 109.87 109.864 109.867 109.8666
7 109.9903 109.865 109.8665 109.8641 60 109.8666 109.8665 109.87 109.913 109.867 109.8666
8 109.8688 60 109.8665 109.8547 60 109.8666 60 159.753 109.87 109.867 60
9 109.8668 109.866 109.8665 109.8576 60 109.8666 109.8665 109.87 60.069 60 109.8666
10 40 40 40 40 40 77.4666 40 77.41 40.035 40 40
11 77.4247 40 40 40 40 40.2166 40 40 77.561 40 40
12 55 55 55 55 55 55.0347 55 55.01 55.042 55 55
13 55 55 55 55 55 55.0347 55 55.01 55 55 55
Total

generation
1800 1799.996 1799.9990 1800 1800 1799.9993 1799.9997 1800.002 1800 1800 1800

Minimum cost 17969.31 17960.39 17963.82 17963.89 18158.68 17969.17 17963.83 17969.01 18014.16 17963.879 17960.3703
Average cost 17969.31 17967.19 17963.82484 18046.38 NA 18088.84 17988.04 18075.11 18104.65 18154.562 17960.641
Maximum

cost
17969.31 17969.09 17963.832 NA NA 18233.52 NA NA 18249.89 18358.31 17961.273

NA denotes that the value was not available in the literature.

Table 3
Comparison of relative frequency of convergence for 13-unit test case (load = 1800 MW).

Method 17,950–18,000 18,000–18,050 18,050–18,100 18,100–18,150 18,150–18,200 18,200–18,250 18,250–18,300 >18,300

CEP [25] – 2 6 34 16 18 8 16
FEP [25] – 2 12 18 26 14 16 12
MFEP [25] – 2 2 32 26 12 12 14
IFEP [25] 2 12 22 26 22 14 2 –
EGA [25] – 6 30 24 22 15 1 2
FIA [25] – 4 30 29 23 9 5 –
SPSO [25] 2 11 35 40 7 5 – –
QPSO [25] 5 28 47 18 2 – – –
Proposed 100 – – – – – – –

Table 4
Comparison of simulation results for 13 units (load = 2520 MW).

Unit HGA [40] DE [20] FAPSO-VDE [13] ICA-PSO [41] Proposed

1 628.3184 628.3185 628.3185 628.32 628.319
2 299.1992 299.1993 299.1993 299.19 299.199
3 299.1988 299.1993 299.1993 294.51 295.878
4 159.733 159.7331 159.7331 159.73 159.265
5 159.7329 159.7331 159.7331 159.73 159.733
6 159.7324 159.7331 159.7331 159.73 159.733
7 159.733 159.7331 159.7331 159.73 159.733
8 159.733 159.7331 159.7331 159.73 159.733
9 159.7331 159.7331 159.7331 159.73 159.733
10 77.3994 77.3999 77.3999 114.8 77.363
11 77.3996 77.3999 77.3999 77.4 77.397
12 87.6879 92.3999 87.6845 55 92.397
13 92.3992 87.6845 92.3999 92.4 91.517
Total generation 2519.9999 2519.9999 2519.9999 2520.0000 2520.0000
Minimum cost 24169.9177 24169.9177 24169.9176 24168.9100 24166.8
Average cost NA NA 24169.9176 24175.34 24167.37
Maximum cost NA NA 24169.9176 24184.92 24169.41

NA denotes that the value was not available in the literature.
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[35], new adaptive PSO (NAPSO) algorithm [36], self-organizing
hierarchical PSO (SOH-PSO) method [27], hybrid harmony search
(HHS) method [37], GA [33], PSO [33] and Iteration PSO (IPSO)
[29] in Table 1. Although the obtained solution is not guaranteed
to be the global optimum, the obtained results outperform the
existing methods, and hence the proposed method is quite effective
for solving such ED problems. Convergence characteristic of the
IPSO-TVAC for this test system is presented in Fig. 3.
5.3. Test system II

This test system is a 13-generator system with valve-point
loading effect. The coefficients of fuel cost functions are provided
in [38]. The ED problem is solved for two different load levels
(PD = 1800 MW and PD = 2500 MW). This test system has many lo-
cal optima and no global solution has been reported yet. The ob-
tained result for load demand equal to 1800 MW is presented in



Table 5
Comparison of simulation results for 40-unit test system (load = 10,500 MW).

Unit DE/BBO [43] FAPSO-VDE [13] QPSO [25] HMAPSO [14] BBO [44] HGA [40] Proposed

1 110.7998 110.80182 111.2 111.136 111.0465 111.3793 110.8
2 110.7998 110.80003 111.7 111.135 111.5915 110.9278 110.8
3 97.3999 97.399913 97.4 120 97.60077 97.4104 97.4
4 179.7331 179.7331 179.73 177.221 179.7095 179.7331 179.733
5 87.9576 87.799785 90.14 88.699 88.30605 89.2188 87.8
6 140 140 140 140 139.9992 140 140
7 259.5997 259.59965 259.6 260.157 259.6313 259.6198 259.6
8 284.5997 284.59966 284.8 284.723 284.7366 284.657 284.6
9 284.5997 284.59965 284.84 285.523 284.7801 284.6588 284.6

10 130 130 130 130 130.2484 130 130
11 168.7998 94 168.8 168.805 168.8461 168.8214 94
12 94 94 168.8 168.689 168.8329 168.8496 94
13 214.7598 214.75979 214.76 304.123 214.7038 214.7524 214.76
14 394.2794 394.27937 304.53 304.678 304.5894 394.2848 394.279
15 394.2794 394.27937 394.28 304.317 394.2761 304.5361 394.279
16 304.5196 394.27937 394.28 304.317 394.2409 394.2987 394.279
17 489.2794 489.27937 489.28 489.187 489.2919 489.2877 489.279
18 489.2794 489.27937 489.28 489.455 489.4188 489.2869 489.279
19 511.2794 511.27937 511.28 512.097 511.2997 511.2752 511.279
20 511.2794 511.27937 511.28 511.349 511.3073 511.2857 511.279
21 523.2794 523.27937 523.28 523.247 523.417 523.2961 523.279
22 523.2794 523.28065 523.28 523.515 523.2795 523.3202 523.279
23 523.2794 523 523.29 523.454 523.2793 523.2916 523.279
24 523.2794 523 523.28 523.453 523.3225 523.3014 523.279
25 523.2794 523 523.29 523.492 523.3661 523.2675 523.279
26 523.2794 523 523.28 523.307 523.4362 523.2787 523.279
27 10 10 10.01 10 10.05316 10 10
28 10 10 10.01 10 10.01135 10 10
29 10 10 10 10 10.00302 10 10
30 97 87.799891 88.47 88.691 88.47754 88.6376 87.8
31 190 190 190 190 189.9983 190 190
32 190 190 190 190 189.9881 190 190
33 190 190 190 190 189.9663 190 190
34 164.7998 164.80149 164.91 164.218 164.8054 164.9795 164.8
35 200 194.39276 165.36 200 165.1267 165.997 194.4
36 200 200 167.19 200 165.7695 165.0464 199.999
37 110 110 110 110 109.9059 110 110
38 110 110 107.01 110 109.9971 110 110
39 110 110 110 110 109.9695 110 110
40 511.2794 511.27937 511.36 511.009 511.2794 511.3005 511.279
TGa 10500.0005 10498.882519 10,500 10499.997 10499.90869 10,500 10,500
TCb 121420.9 121412.56 121448.21 121586.9 121426.953 121418.27 121412.545

a Total generation.
b Total cost.

Table 6
Comparison of solution quality for test case III.

Method Maximum cost
($/h)

Average cost
($/h)

Minimum cost
($/h)

DE/BBO [43] 121420.8963 121420.8952 121420.8948
FAPSO-VDE [13] 121412.7800 121412.6100 121412.5600
QPSO [25] NA 124793.4000 123488.2900
HMAPSO [14] 121586.9000 121586.9000 121586.9000
BBO [44] 121688.6634 121503.3329 121426.9530
HGA [40] NA NA 121418.2700
Proposed 121423.8000 121419.3000 121412.545

NA: not available.
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Table 2. Results of the proposed method are in bold. The results are
compared in terms of minimum cost, mean cost, and maximum
cost over 100 runs with the results of hybrid multi-agent based
PSO (HMAPSO)[14], modified differential evolution algorithm
(MDE) [21], variable DE with the fuzzy adaptive PSO (FAPSO-
VDE) [13], self-tuning hybrid differential evolution algorithm
(SHDE) [22], Maclaurin series-based Lagrangian (MSL) [5], pattern
search method (PSM) [39], hybrid genetic algorithm (HGA) [40],
quantum-inspired PSO (QPSO) [25], PSO [14] and PSO with time
varying acceleration coefficients (PSO-TVAC) [28]. The results of
the aforementioned methods that presented in Table 2, have been
directly quoted from their respective references. Convergence
characteristic of the IPSO-TVAC for 13-generator test case with
load demand of 1800 MW is depicted in Fig. 4. The relative fre-
quency of convergence over the 100 trial runs are compared with
the convergence frequency of modified versions of evolutionary
programming algorithm (CEP, FEP, MFEP, and IFEP), elite GA
(EGA), fuzzy immune algorithm (FIA), and improved PSO (SPSO)
[25] in Table 3. It can be observed that the solution obtained from
the proposed method is better than other techniques reported in
the literature.

Also, simulation is done for power demand of 2520 MW. The
obtained results are presented in Table 4 and compared with the
results of hybrid genetic algorithm (HGA) [40], differential evolu-
tion (DE) [20], FAPSO-VDE [13] and improved coordinated aggrega-
tion-based PSO (ICA-PSO) algorithm [41]. The minimum, average
and maximum costs presented in Table 4 are obtained over the
100 trial runs. Results of the proposed method are in bold. It can
be observed from Table 4 that the proposed technique provided
significantly better results in comparison with the previously
developed techniques. The convergence behavior of the proposed
IPSO-TVAC for power demand of 2520 MW is depicted in Fig. 5.



Table 7
Comparison of relative frequency of convergence for 40-unit test case.

Method 121,000–
121,500

121,500–
122,000

122,000–
122,500

122,500–
123,000

123,500–
124,000

123,500–
124,000

124,000–
124,500

124,500–
125,000

>125,000

CEP [25] – – – – 2 4 42 22 30
FEP [25] – – – 6 24 26 20 10 14
MFEP

[25]
– – – 10 50 26 14 – –

IFEP [25] – – – 22 50 18 4 4 2
EGA [25] – – 8 37 42 10 3 – –
FIA [25] – 10 31 41 16 2 – – –
SPSO [25] – 4 55 34 5 1 1 – –
QPSO [25] 4 40 41 14 1 – – – –
Proposed 100 – – – – – – – –

Table 8
Effect of the algorithm parameters on solution performance for test case III.

C1i & C2f C1f &C2i

0.3 0.4 0.5 0.6 0.7 0.8

Best solution 2.1 121491.100 121466.800 121436.500 121466.500 121413.100 121449.000
2.2 121452.800 121430.700 121432.400 121501.100 121448.000 121414.200
2.3 121440.200 121454.400 121438.900 121462.000 121512.300 121418.900
2.4 121436.700 121489.100 121465.500 121423.600 121495.700 121486.300
2.5 121583.300 121490.600 121412.545 121470.500 121441.600 121457.200
2.6 121501.300 121517.600 121503.100 121428.600 121498.000 121452.900
2.7 121526.000 121471.900 121415.100 121504.200 121496.300 121524.700

Average solution 2.1 121493.891 121471.225 121442.961 121471.986 121425.156 121457.423
2.2 121460.443 121436.414 121444.051 121505.760 121448.262 121415.412
2.3 121441.387 121464.821 121449.396 121463.480 121518.604 121427.762
2.4 121442.097 121492.301 121477.260 121432.343 121498.479 121491.565
2.5 121586.524 121492.596 121419.3000 121476.330 121451.537 121457.790
2.6 121502.707 121524.399 121510.407 121432.141 121509.439 121462.691
2.7 121531.836 121481.595 121423.983 121514.459 121497.758 121527.080

Worst solution 2.1 121494.782 121471.321 121443.170 121472.828 121426.368 121457.946
2.2 121460.527 121436.768 121444.529 121505.853 121448.545 121415.491
2.3 121442.457 121465.324 121450.178 121463.559 121519.768 121428.524
2.4 121442.710 121493.424 121478.154 121433.354 121498.495 121492.348
2.5 121586.844 121492.886 121423.800 121477.234 121452.498 121458.038
2.6 121503.876 121524.938 121511.044 121432.233 121510.116 121463.438
2.7 121532.134 121482.363 121424.616 121514.631 121498.250 121527.914
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5.4. Test system III

This test case consists of 40 generating units with valve-point
effects [42]. Total load demand of the system is 10,500 MW. The
obtained results by the proposed IPSO-TVAC algorithm are pre-
sented in Table 5. Results of the proposed method are in bold.
The obtained results are compared with the results of hybrid DE
with biogeography-based optimization (DE/BBO) algorithm [43],
variable DE with the fuzzy adaptive PSO (FAPSO-VDE) [13], quan-
tum-inspired PSO (QPSO) [25], multi-agent based hybrid PSO tech-
nique (HMAPSO) [14], biogeography-based optimization (BBO)
algorithm [44] and hybrid GA (HGA) [40]. By studying the results
of Table 5, it can be found that the proposed algorithm succeeded
in finding better solution for this test system and IPSO-TVAC has
shown the superiority to the existing methods. Convergence char-
acteristic of the proposed algorithm for 40-generator test case is
presented in Fig. 6. In order to compare the quality of the solution
obtained by the proposed algorithm, the performance of the IPSO-
TVAC over the 100 trial runs is compared with other methods in
terms of average cost, maximum cost and minimum cost as
described in Table 6. Results of the proposed method are in bold.
The relative frequency of convergence are compared with the con-
vergence frequency of modified versions of evolutionary program-
ming algorithm (CEP, FEP, MFEP, and IFEP), Elite GA (EGA), fuzzy
immune algorithm (FIA), and improved PSO (SPSO) [25] in Table 7.
6. Conclusion

This paper introduces a new approach to solve power systems
economic dispatch (ED) problem, called time varying acceleration
coefficients iteration particle swarm optimization (IPSO-TVAC).
Valve-point effect, prohibited operation zones, ramp-rate con-
straints and transmission losses are modeled and the resulting
non-convex optimization problem has been solved by IPSO-TVAC
algorithm. The ED constraints are handled using appropriate pen-
alty factors in the fitness function. By selecting the proper penalty
factors, it is observed that all constraints are well satisfied. The effi-
ciency of original PSO algorithm is enhanced by combining itera-
tion PSO and TVAC-PSO. The proposed method has been applied
on three test cases with 6, 13, and 40 units. Simulation results
show that the proposed method is capable to get lower fuel cost
compared to previously reported algorithms. The detailed analysis
over the 100 trial runs show that IPSO-TVAC has lower variance in
results and hence is more reliable. Simulation results validate the
applicability of the IPSO-TVAC to solution of constrained ED
problems.
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