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Abstract - The paper presents a new technique for the
Economic Dispatch of isolated power systems with a high
penetration of renewable forms of energy. It also describes a
software module based on this technique integrated on a real-
time control system.
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I. INTRODUCTION

The paper addresses the problem of dispatching a medium-
size isolated power system where the penetration of
renewable sources, especially wind power, is considerable.
It is the case of many islands that have favorable conditions
to use wind power combined to a conventional generating
system with Diesel units and gas turbines, and sometimes
steam turbines. This problem is similar to the conventional
economic dispatch problem, but most cost functions of
typical generating units are not well-behaved (non-convex
functions), and there may also exist the need to satisfy
additional constraints on security and spinning reserve that
are generally difficult to include in analytical formulations.

In these circumstances, the use of Evolutionary
Programming [1,5-7], a variety of Evolutionary Algorithms
[2,3], that relies on mutation rather than crossover [4], is an
attractive hypothesis, due to the inherent flexibility of using
a fitness function (to evaluate each candidate solution) that
is not constrained regarding convexity, etc. The ease of
codification and implementation of the method and its
implicit parallelism lead to fast prototyping and good
performances regarding execution times.

The paper reports the development of an Economic
Dispatch module in the framework of the project CARE -
"Advanced control advice for power systems with large
scale integration of renewable energy sources" (ENN-
JOULE program). Partners are NTUA (Greece), INESC
(Portugal), ARMINES (France) and DEI (Greece), the
Public Power Corporation of Greece, and tests are made
with the Power System of Crete.

The module follows the usual steps in an Evolutionary
Programming algorithm, where the solutions are not coded
in chromosomes (as in Genetic Algorithms). The algorithm
operates directly over the solutions by small mutations, but
also uses a selection process based on elitism.
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Solutions are defined as generation values for all the units in
the system and initially are identical to the pre-dispatch
values proposed by an unit commitment algorithm run
previously.

The fitness function assesses the quality of the proposed
solution setting the basis for the selection process. It
proposes a penalty for constraint violations (voltage levels
in PQ buses and line load limits) that increases with the
number of generations, in order to allow initially the
digression of the algorithm through unfeasible parts of the
universe of possible solutions. It also contains processes of
auto-correction of power losses and voltage levels.

Furthermore, a process to evaluate the dynamic security of a
proposed solution can easily be added to the global cost
calculation, provided that a fast tool for security assessment
is available (neural networks and decision trees are
successfully used for that in CARE). This possibility is
especially important when wind penetration is strong and
weather conditions are bad, due to the isolated nature of the
networks.

II. EVOLUTIONARY PROGRAMMING

Evolutionary Algorithms (EA) are computer-based
problem-solving systems based on principles of evolution
theory. A variety of EA have been developed and they all
share a common conceptual base of simulating the
evolution of individual structures via processes of
Selection, Mutation and Recombination. The processes
depend on the perceived performance of the individual
structures as defined by an environment. The interest in
these algorithms has been rising fast for they provide robust
and powerful adaptive search mechanisms. The interesting
biological concepts on which EA are based also contribute
to their attractiveness.

There has been a great interest in the use of EA in Power
Systems [8] because these approaches are very well suited
to deal with all those kinds of problems that usually
represent nightmares for researchers and developers:
integer variables, non convex functions, non differentiable
functions, domains not connected, badly-behaved functions,
multiple local optima, multiple objectives, etc.
Furthermore, they are not necessarily restricted to deal with
numerical models, allowing the natural building of hybrid
models including knowledge, under the forms of rules or
other. This complexity is what is required, in order to build
larger Power System models with more adherence to
reality. In very complex situations, they seem to be the only



practical tool available. There are several references to the
use of Evolutionary Algorithms, (mostly Genetic
Algorithms) both to Unit Commitment [9-25] as well as to
the problem of Economic Dispatch [26-39].

As an approach on solving the Economic Dispatch
problem, an Evolutionary Programming (EP) algorithm was
used. Evolutionary Programming algorithms [5-7] try to
emulate the natural evolutionary behavior of RNA
(Ribonucleic Acid) coded entities such as viruses. They try
to replicate the fact viruses adapt so fast to environmental
changes. This is due to the fact that, unlike DNA
(Deoxyribonucleic acid) coded creatures (as ourselves)
who mainly rely on mating (crossover) as an evolution
engine, viruses rely on heavy mutation to evolve. So, even
though memory from their past evolution events is lost, a
highly developed (and specially fast) evolution scheme is
adopted.

Evolutionary Programming algorithms in Economic
Dispatch (ED) have clear advantages over traditional
methods due to their robustness, but also provide an edge
over Genetic Algorithms, mainly because:

• They do not need any special coding of individuals. In
the case of ED, since the desired outcome is the
operating point of each of the dispatched units (a real
number), each of the individuals can be directly
presented as a set of real numbers, each one being the
produced power of the unit it concerns.

• Since each of the individuals codes within itself its own
mutation rate, and since it is itself mutated, the
algorithms provide themselves a self-regulating
adaptive scheme.

On the other hand, no special requirements are made
regarding the objective function and constraints, which is a
very interesting feature of Evolutionary Programming
algorithms (and also of Genetic Algorithms) as compared to
traditional methods. The methodology followed is detailed
on the next section (see Fig. 1).

The algorithm was developed in an Object Oriented
fashion, in the C++ programming language. This option
was made given the high flexibility and ease of
reconfiguration given by this approach.

III. GENERAL METHODOLOGY

The fitness function that was used for evaluation of the
quality of individuals (dispatch solutions) was defined as
following:
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It can be seen that, in the case of the operating constraint
that the demand is to be satisfied, a goal programming
strategy was chosen, implicitly including the constraint in
the fitness function using a penalty on the square of the
difference between the demand and the dispatch in case of
lack of generation. The constraints were related to
generator operating limits as follows:

maxmin iii PPP <<

icentraloflimitsOperatingPP ii =
maxmin

,

Mutation

Each of the elements of the population consists in a list of
records, each record assigned to one unit. Each of those
records has two fields:

• Field 1 with the current dispatched power of the
generator.

• Field 2 with the current standard deviation of the
mutation. This means that each individual has its own
degree of mutation.

In each of the generations, and for each of the elements of
the population, the value in field 1 for each generator is
changed (mutated), adding a random amount with normal
distribution, zero average and standard deviation given in
field 2. The individual is then evaluated. If its new fitness is
better, the mutated individual replaces the old individual. If
fitness is worse, the mutated individual is accepted to
replace the old with a given probability. Following this
procedure, field 2 is also mutated, being added a random
normal distributed number with 0 average and with a
constant value of standard deviation that is an input to the
algorithm. As referred in a previous section, this interesting
feature inspired on a metaphor of nature allows the
mutation to adapt itself in order to improve the efficiency
of the algorithm.

After mutation is applied to all the individuals, the new
population is sorted and the worst individual is replaced
with a copy of the best. This process is known as elitism.

Dynamic model

The flowchart of the algorithm is presented in Fig. 1.



Generate initial population
(Solutions from the UC module)

Mutate solutions (by slightly altering
generation levels according

to a normal distribution)

Calculate Fitness  of all the
individuals in the population

Select new population
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Generation limit?
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set of generators over 1
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Fig. 1 - General algorithm for the Economic Dispatch module

The evaluation process, where the fitness (or quality) of
each of the individuals is assessed, includes a Newton-
Raphson load flow routine to evaluate the losses associated
with the individuals dispatch and to calculate the dispatch
of the compensation bar generator. The flow chart depicting
the steps of the evaluation of each of the individuals is
presented in Fig 2.

Note that the cost of Power Losses may be included in the
total costs in the fitness function. Normally we should not
include these costs since the fuel cost of power losses is
already included in the generation costs. However one
might be interested in operating with minimum network
losses (e.g. in liberalized environments) in which case this
strategy could be considered.

 It is also important to stress that the fitness of a solution is
not just given by the generation costs but also includes
costs related to quality, in this case, voltage level and
thermal limits costs. Any other type of quality evaluation
may easily be included in the fitness function (e.g.
reliability costs).

The corrected power losses and voltage levels will be used
as an estimate on the next evaluation of the solution.

Input Data

The input information of this module includes both
algorithm parameters and network data. Since the
evaluation function needs a load flow to be run, this module
needs all the information on the required electrical
parameters.

The user can set the following parameters related to the
algorithm:

Start Fitness

Power Flow

Power LossesVoltage levels Power Flows

Constraint costs Cost of losses

Fitness = Total costs

Solution: dispatch for
all generators for 1 period

(including losses)

Correct
Voltage Levels

Exit Fitness

Correct
Power Losses

Generation costs

EP module

Optional

Fig. 2 - Fitness function

• Population size.
• Number of generations.
• Penalty for overload (the parameter WV on the fitness

function)
• Penalty for power losses (the parameter WL on the

fitness function)

IV. CASE STUDY

The algorithm was tested on the network on Fig. 3.

This network includes 25 buses, 5 synchronous generators
(on bars 0, 1, 2, 3, 4, 5, 7), 8 asynchronous generators (on
bars 17, 18, 19, 20, 21, 22, 23, 34), each with capacitor
bank (not shown) and 6 transmission lines. Loads are also
assigned to bars 6, 8, 13, 14, and 15. The tests were
performed on an Intel Pentium II 333MHz computer with
64Mb main memory.

Fig. 3 - Test Network



The asynchronous generators were considered to have cost
functions of the form:

25.100.5.0 2 ++= ii PPGC  Fuel cost.h -1

In the case of synchronous generators, the cost functions
are the following:

400.852 ++= ii PPGC  Fuel cost.h -1

The population sizes tested were of 5, 10 and 20
individuals. The following tests were made:

•  (A) A test with a run of 1000 evaluations (number of
fitness function calls. The number of evaluations is
equal to the population size times the number of
generations).

• (B) A test with a run of 2000 evaluations.

Th evolution of the fitness of the best-so-far solution for a
typical run of the EP algorithm is presented in Fig. 4 for the
1000 evaluations case, and in Fig. 5 for the 2000
evaluations case.

For the 1000 evaluations case, the results found were the
following:

• Run time: 71 seconds.

• The best solution was found with a population of 5
(200 generations).

For the 2000 evaluations case, the results were the
following:

• Run time: 142 seconds. This execution time is fairly
acceptable since the CARE system operates on 20
minute windows. In fact, the algorithm followed by the
CARE system allows the Economic dispatch module to
be permanently improving on the dispatch solution.

• The most efficient algorithm had a population of 10
and 200 generations.

Figs. 6 and 7 depict the best solution for two cases. The
first situation (base case) considers only fuel costs, i.e. the
usual dispatch with losses, and leads to a total fuel cost of
1616.1 units, with 3.26% losses. In the second situation,
minimization of losses was also considered (3.21%),
although the total fuel cost is higher (1634.1 cost units).

Fitness vs. Population size - 1000 Evaluations
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Fig. 4 - Fitness Evolution (1000 evaluations)

Fitness vs. Population size - 2000 Evaluations
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Fig. 5 - Fitness Evolution Chart (2000 evaluations)
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Fig. 6 - Best solution for the dispatch (base case).
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Fig. 7 - Best solution for the dispatch minimizing power losses.

V. CONCLUSIONS

Evolutionary Programming has proven to be an efficient
tool for the Economic Dispatch problem, mainly because it
allows for the network losses and non-linear cost function
to be included directly in the model without significant
increase in model complexity. Even though several load
flows have to be performed during the run of the algorithm,
its run time is still low enough to satisfy the real-life
requirements of a real-time application such as the CARE
system. Furthermore, the algorithm is extremely robust,
always providing a consistent solution. The module ED
module developed by INESC is now integrated in the
CARE system.
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