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Abstract- This paper proposes a novel meta-heuristic optimization methodology aimed at solving large scale and non-
convex economic dispatch problems. The proposed approach is based on a hybrid shuffled differential evolution (SDE) 
algorithm which combines the benefits of shuffled frog leaping algorithm and differential evolution. The SDE algorithm 
integrates an improved technique for equality constraints representation and a novel differential mutation operator 
specifically designed to effectively address the problem under study. In order to validate the proposed methodology, detailed 
simulation results obtained on three standard test systems are presented and discussed. A comparative analysis with other 
settled bio-inspired solution algorithms demonstrates the superior performance of the proposed methodology in terms of both 
solution accuracy and convergence performances. 
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I. INTRODUCTION 
 
Economic dispatch is one of the most fundamental 
and most heavily used tools in power engineering 
studies. It allows power systems analysts to schedule 
the committed generating unit outputs so as to meet 
the required load demand at minimum operating cost 
while satisfying all unit and system equality and 
inequality constraints. The overall problem can be 
formalized as a nonlinear constrained optimization 
problem that can be solved by traditional nonlinear 
programming methods as far as λ-iteration and 
gradient methods are concerned. These techniques 
approximate the generator fuel cost functions by a 
quadratic polynomial and try to solve the constrained 
optimization problem by using an iterative search 
algorithm. Although these techniques have been 
extensively tested in several application domains, 
they could reveal some shortcomings principally 
arising from 
 

- polynomial approximation of the fuel cost 
functions that fails to describe the highly 
nonlinear characteristics of modern power 
generating units (i.e. prohibited operating 
zones-POZ, valve loading effects, multiple fuel 
source options) 
 

- approximation of the generator ramp rate 
limits and system spinning reserve constraints 
that could compromise the algorithm 
convergence.  

 
All these could result in not optimal solutions and 
time consuming computations. To address these 
complex issues the application of meta-heuristic and 
bio-inspired optimization methodologies has been 
proposed in literature.  

In particular the ED problem solution considering 
valve point effects have been intensively addressed 
by traditional evolutionary and meta-heuristic 
algorithms. More sophisticated meta-heuristic 
algorithms have been recently proposed for ED 
analysis in the presence of ramp rate limits and POZs. 
In particular, in paper the reserve constrained ED 
problem with POZs has been solved by a variable 
scaling hybrid differential evolution (VSHDE) 
algorithm. In paper the effect of ramp rates and valve 
point loadings has been considered. The overall 
problem has been solved by a self-tuning hybrid 
differential evolutionary (STHDE). The generators 
ramp rate limits and POZs have been considered in. 
To address these issues Particle Swarm Optimization 
(PSO), Evolutionary Strategy Optimization (ESO), 
and self-organizing hierarchical particle swarm 
optimization (SOH-PSO) have been applied. The 
effects of multi-fuel options and valve points on ED 
problem solution have been addressed by improved 
genetic algorithm with multiplier updating (IGA-
MU), Biogeography based Optimization (BBO), 
Differential Evolution (DE)/BBO, and New Particle 
Swarm Optimization (NPSO) with Local Random 
Search (NPSO-LRS).  

 
More recently, papers [15-16] proposed a real coded 
genetic algorithm with arithmetic-average-bound 
crossover and hybrid mutation for solving the ED 
problem in the presence of an exhaustive set of 
constraints (i.e. ramp rates, POZs, spinning reserve, 
valve point effects and multi fuels) but not 
considering the transmission loss. While the analysis 
of these papers offers considerable insight into the 
role of meta-heuristic and bio-inspired optimization 
theory in non convex ED problem solution, one of 
their major limitations is the non comprehensive 
investigation of the main features characterizing 
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modern power generating units. In particular only a 
limited number of papers consider the combined 
effects of ramp rate limits, POZs, system spinning 
reserve, multi-fuel options, and valve loading. 
Besides the research for more accurate and efficient 
methodologies for large scale ED problem solution is 
still an open problem. The purpose of this paper is to 
try and fill this gap by the proposal of a 
computationally efficient methodology for non 
convex ED problem solution that  

 
-  integrates a comprehensive set of constraints 
- ensures the exhaustive exploration of the 

solution space  
- suitable for the analysis of large scale power 

systems  
 

To address these needs the application of an hybrid 
methodology based on Differential Evolution (DE) 
and Shuffled frog leaping algorithm (SFLA) is here 
proposed. DE is an evolutionary computation method 
for optimizing nonlinear and non-differentiable 
continuous space functions developed by Storm and 
Price. SFLA is a newly developed memetic meta-
heuristic algorithm for combinatorial optimization, 
which has simple concept, few parameters, high 
performance, and easy programming. In order to 
overcome the intrinsic limitations of DE and SFLA, 
emphasizing at the same time their benefits, an 
innovative technique called shuffled differential 
evolution (SDE) characterized by a novel mutation 
operator has been designed and assessed the proposed 
methodology by applying the proposed methodology 
to three standard test systems consisting of 10-, 15-, 
and 40-units.  
 
II. ECONOMIC DISPATCH 

 
The objective of the economic dispatch problem 
could be expressed as: 





N

i
iiT PFMinimizeF

1
)(   (1) 

Where FT is the total operating cost and iF  is the cost 
function of the i th  generator, Pi is the active power 
generated by the i th  generator and N is number of 
generators. The cost function of each generating unit, 
Fi has been traditionally approximated by a quadratic 
function: 

iiiiiii cPbPaPF  2)(    (2) 
 
where ai, bi, and ci  are the cost coefficients of ith 
generator. This quadratic approximation allows ED to 
be formalized by a constrained convex optimization 
problem, making straightforward its solution. 
Anyway it fails to describe many important features 
characterizing modern generating units as far as valve 
point loading effects, multi fuels and prohibited 
operating zones are concerned. Multi-valve steam 

turbines based generating units are characterized by 
complex non linear fuel cost function. This is mainly 
due to the ripples induced by the valve point loading. 
To simulate this complex phenomenon, a sinusoidal 
component is super imposed on the quadratic heat 
rate curve. To take into account this effect, the cost 
function (2) should be modified as following:  
 

))(sin( )( min,
2

iiiiiiiiiii PPfecPbPaPF  (3) 
 
where ei and fi are the cost coefficients of ith 
generator reflecting valve-point effects. Dispatching 
units are usually supplied by multi-fuel sources. The 
corresponding fuel cost function could be effectively 
approximated by piecewise quadratic functions 
reflecting the effects of fuel changes as in. The 
generator operating range could be limited due to 
physical constraints. In details, the prohibited 
operating zones in the input–output performance 
curve for a thermal unit derive by the shaft bearings 
robustness to the operation of steam values or to 
faults in the machines themselves or in the associated 
auxiliary equipment (i.e. boilers, feed pumps). For 
certain ranges of generator power output these 
phenomena may lead to machine instability. 
Generator units with prohibited operating zones 
impose additional constraints on the unit operating 
range. The total power generated should be the same 
as the total load demand plus the total transmission 
losses: 

lossD

N

i
i PPP 

1     (4) 
 
where PD is the total power demand and Ploss 
represents the transmission power losses. Power 
output of each generator should vary within its 
minimum and maximum limits. Consequently the 
following inequality constraint should be defined for 
each generator: 
 

max,min, iii PPP     (5) 
 
The actual operating range of on-line generators is 
restricted by their corresponding ramp-rate limits. In 
order to take into account these effects the following 
inequality constraints should be formalized:  

iii URPP  0
    (6) 

iii DRPP 0
    (7) 

Where Pi is the current power generation; 
0

iP  is the 
power generated at the previous time step, URi and 
DRi are the up and down ramp rate limit of the ith 
generator respectively. The system spinning reserve 
could be supplied only by the units with no prohibited 
operating zones. This is due to the fact that the 
presence of prohibited operating zones strictly limits 
the unit’s ability to regulate the system load.  
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III. SHUFFLED DIFFERENTIAL EVOLUTION 
ALGORITHM 

 
An innovative technique called shuffled differential 
evolution (SDE) is designed based on shuffled frog 
leaping algorithm (SFLA) and differential evolution 
(DE) and applied to bench mark ED problem in.  
SDE algorithm is memetic meta-heuristic, similar to 
other evolutionary algorithms; a population is 
initialized by randomly generating candidate 
solutions. The fitness of each candidate solution is 
then calculated and the population is sorted in 
descending order of their fitness and partitioned into 
memeplexes.  After this, each candidate solution in 
memeplex is go through mutation, crossover and 
selection operations for specific number iteration. 
Shuffled differential evolution (SDE) procedure is 
described in steps as follows. 
 
Step 1: Initialization of optimization problem and 
algorithm parameters 
Step 2: Population (virtual frogs) initialization 
Step 3: Fitness evolution  
Step 4: Sort the population in descending order of 
their fitness 
Step 5: Divide population into memeplexes 
Step 6: Update population using memetic evolution 
Step 7: Combine the evolved memeplexes 
Step 8: Stopping criterion 
 
Constraint handling 
 
A key issue in solving non convex ED problems is 
the definition of effective constraints handling 
techniques. To address this complex problem many 
solution strategies have been proposed in literature. 
Among these, the penalty function method is one of 
the most commonly used for constraints handling in 
evolutionary based solution algorithm. Consequently 
it has been assumed as reference in our studies.  
 
The penalty function for prohibited operating zones 
modeling was designed to avoid undesired minima 
located inside the prohibited zone. To this aim the 
penalty function defined in has been introduced. 
Observing the structure of the penalty function in, it 
is worth observing as it measures the distance to the 
feasible regions allowing the solution algorithm to 
escape from the prohibited operating regions. 
 
The system spinning reserve constraint has been 
handled by defining the penalty function H2: 
 





i

iR SSqH )],0[max(2 2
  (8) 

where q2 is a penalty factor assumed as 100 in our 
studies. Generator capacities and ramp rate constraint 
handling. The inequality constraints, as far as 
generation limits and ramp rate limits are concerned 
can be handled by the solution algorithm without the 

need of introducing penalty functions. In particular 
the ramp rate limits have been handled by generating 
an initial population of solutions residing only in the 
feasible region. To this aim the real power generation 
limits for each unit are adjusted to consider the ramp 
rate limits as follow: 
 

'
max,

'
min, iii PPP      (9) 

where  
 iiii DRPPP  0

min,
'
min, ,max  is the adjusted or 

effective minimum generation limit after considering 
the down ramp rate limit and 

 iiii UPPPP  0
max,

'
max, ,min

 is the adjusted or 
effective maximum generation limit after considering 
the up ramp rate limit. 
 
If any value violates the feasible region, then this 
value is fixed to the nearest bound violated: 
 

If 
'
min,i

PPi    then 
'
min,i

PPi      (10) 
and 

If 
'
max,i

PPi    then 
'
max,i

PPi    (11) 
 
Equality constraints handling (i.e. power balance) 
represent one of the most complex issues to address 
in ED analysis. In this connection the application of 
penalty functions requires large penalty factors in 
order to make the ED problem feasible. The 
application of the constraint handling procedure 
described in is expected to overcome the main 
limitations of the standard penalty function method 
avoiding the distortion of the solution space induced 
by large penalty factors. Besides it allows the solution 
algorithm to decrease the pressure of constraint 
violation error on the fitness function. This improves 
the solution domain exploration and, consequently, 
the quality of the solution. 
 
IV. SIMULATIONS RESULTS 
 
In this section, the proposed hybrid algorithm SDE 
was tested on three standard load dispatch problems 
with different constraints as described in Table I. The 
proposed algorithm is implemented using MATLAB 
7.7 running on ‘P-IV’ Processor, 2.2 GHz, and 1GB 
RAM Laptop. Similarly to other heuristics, parameter 
selection is critical to the proposed approach. The 
optimal control parameters are problem specific. 
Proper selection of control parameters is very 
important for algorithm success and performance. 
The most common method used to select control 
parameters is parameter tuning. Parameter tuning 
adjusts the control parameters through testing until 
the best setting are determined. The optimal 
parameters setting for the proposed algorithm are 
given in Table 2 for all test systems.  
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Table 1 
Description of the test systems 

Test system Description 
First test 
system 

10 units with valve loading 
effects, multi-fuel options, 
ramp rate limits, POZs, 
spinning reserve 

Second test 
system 

15 unit system with POZs, 
spinning reserve and 
transmission network loss 

Third test 
system 

40 units with valve loading 
effects 

 
Table 2 

Optimal parameters setting of SDE method  
Test system/ 
Parameter 1 2 3 

P 100 100 300 
m 10 10 10 
n 10 10 30 
F 0.1 0.7 0.1 
CR 0.2 0.8 0.2 
IE 3 5 5 
SI 200 100 500 

 
The first test system is characterized by a total load 
demand of 2700 MW and by a spinning reserve 
requirement of 120 MW. The data of the test system 
have been obtained by [13, 15]. The SDE algorithm 
converges to a global minimum within 175 iterations, 
the corresponding CPU time per iteration is 0.08311 
sec. To assess the performance of the proposed SDE 
algorithm, the obtained results are compared with 
other settled methods proposed in the literature and in 
particular real code genetic algorithm (RCGA), 
improved RCGA and shuffled differential evolution 
(SDE). The corresponding results are summarized in 
Table 3 and Table 4. 

 
Table 3 

Simulation results of SDE for Test system 1 

Unit SDE 
Fuel Type Output  (MW) 

1 2 220.64796 
2 1 212.94947 
3 1 283.68170 
4 3 240.58005 

5 1 259.99760 
6 3 240.44567 
7 1 292.48342 
8 3 240.58003 
9 3 438.66964 
10 1 269.96446 

Total generation (MW) 2700.0000 
Total cost ($/h) 624.34682 
Spinning reserve (MW) 121.1272 
power demand (MW) 2700 

Table 4 
Comparison of Results of Different Methods for Test 

System 1 

Method 
Total generation cost 
($/h) 
Best Average 

Conventional RCGA[15] 624.7178 625.1557 
New RCGA [15] 624.5324 624.6454 
SDE 624.3468 624.3468 
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Fig.5. Convergence characteristics of SDE method for 15-unit 

system 
 
The data of the second test system have been 
obtained by, which includes the generating units cost 
function, the prohibited zones and the loss 
coefficients B matrix. The total load demand of the 
system is 2650 MW and the spinning reserve is 200 
MW. The SDE algorithm identifies the global 
minimum within 20 iterations. The CPU time per 
iteration is 0.169439 sec. The performance of the 
proposed SDE algorithm compared to other settled 
methods proposed in the literature are summarized in 
Table 5. 

 
Table 5 

Results of Different Methods for 15-unit System Considering Spinning Reserve and Transmission Network Loss 
Method 
/Unit SDE GA 

[9] 
SA 
[9] 

HDE 
[9] 

VSHDE 
[9] 

1 455.0000 415.85 413.32 455.00 454.74 
2 455.0000 450.00 167.67 336.16 424.96 
3 130.0000 111.87 99.91 128.39 129.87 
4 130.0000 121.46 21.36 129.92 129.99 
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5 335.0000 340.84 449.20 420.00 397.36 
6 460.0000 455.00 296.28 418.73 500.00 
7 426.7827 333.78 360.15 443.03 464.75 
8 60.0000 81.84 287.99 60.00 60.00 
9 25.0000 115.48 155.27 41.42 25.89 
10 82.9231 60.59 138.81 107.17 20.75 
11 20.0000 31.78 47.85 20.00 20.00 
12 80.0000 55.00 76.97 79.59 75.86 
13 25.0000 70.39 81.91 36.98 25.06 
14 15.0000 26.22 52.94 22.02 13.13 
15 15.0000 36.34 52.95 15.00 15.00 

Total power output (MW) 2714.7058 2704.46 2702.49 2713.40 2719.35 

Spinning reserve(MW/h) 268.2173 307.86 218.90 246.65 230.53 

Power loss (MW) 64.7058 56.45 52.49 63.41 69.35 

Total cost ($/h) 33259.301 33538.27 34174.45 33343.37 33282.17 

 
Table 6 

The minimum, maximum and average costs of Different methods for 40-unit test system with load demand of 
10,500MW 

Method Minimum cost ($/h) Average cost ($/h) Maximum cost ($/h) 

IFEP [1]  122624.3500 123382.0000 125740.6300 
MPSO [5]  122252.2600 NA* NA 
PPA 122243.1890 122243.1890 122243.1890 
ESO [6] 122122.1600 122558.4500 123143.0700 
PSO–SQP  122094.6700 122245.2500 NA 
DEC-SQP 121741.9700 122295.1200 122839.2900 
STHDE [10]  121698.5100 122304.3000 NA 
NPSO-LRS [14]  121664.4300 122209.3100 122981.5900 
SOHPSO [12]  121501.1400 121853.5700 122446.3000 
QPSO [4] 121448.2100 122225.0700 NA 
BBO [7] 121426.9530 121508.0325 121688.6634 
ICA-PSO [3] 121422.1000 NA NA 
DE/BBO[8] 121420.8948 121420.8952 121420.8963 
SDE 121412.5355 121415.7235 121418.5774 

*NA-Not Applicable 
 
Third test system is characterized by a total load 
demand of 10500 MW. The system data can be found 
in [1]. The results obtained by applying the SDE 
solution algorithm are summarized in Table 6.  
 
The simulated results show that the solution obtained 
by the proposed algorithm satisfies all the system 
constraints for all the test cases. This is mainly due to 
the improved technique for ED constraints 
representation and the novel differential mutation 
operator specifically designed to effectively address 

the non convex ED problem. Besides the analysis of 
the comparative results demonstrates as the proposed 
approach showed their superior performance 
compared to others settled methods reported in the 
literature. This is made possible by the 
memeplex/best mutation scheme which allows us to 
overcome the weakness of the standard SDE 
algorithms in finding global optimum solutions.  
Therefore, the proposed method can greatly enhances 
the searching ability and ensures quality of average 
solutions. 
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CONCLUSION 
 
In this paper, a novel hybrid heuristic method has 
been proposed for non convex, large scale ED 
problems solution. The feasibility and the 
effectiveness of the proposed algorithm have been 
investigated on three test systems having 10-, 15-, 
and 40-units.  The simulation results showed as the 
proposed method succeeded in achieving the goal of 
reduction generation costs.  
 
SDE procured minimum fuel cost for above unit 
cases when compared with other settled methods 
reported in literature. The successful optimizing 
performance on the validation data sets illustrated the 
efficiency of the SDE and shows that it can be used 
as a reliable tool for non convex/large scale ED 
problem solution.  
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