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Abstract. The implementation of intelligent power grids, in form of
smart grids, introduces new challenges to the optimal dispatch of power.
Thus, optimization problems need to be solved that become more and
more complex in terms of multiple objectives and an increasing number
of control parameters. In this paper, a simulation based optimization ap-
proach is introduced that uses metaheuristic algorithms for minimizing
several objective functions according to operational constraints of the
electric power system. The main idea is the application of simulation
for computing the fitness- values subject to the solution generated by
a metaheuristic optimization algorithm. Concerning the satisfaction of
constraints, the central concept is the use of a penalty function as a mea-
sure of violation of constraints, which is added to the cost function and
thus minimized simultaneously. The corresponding optimization problem
is specified with respect to the emerging requirements of future smart
electric grids.

1 Introduction

In coming decades, the electrical power grid, faced with decentralization, liber-
alization of the energy market, and an increasing demand for high-quality and
reliable electricity, is becoming more and more stressed [1]. The change to a
smart electric grid is seen to be a promising approach to match these upcoming
needs.
Concerning the term ”smart electric grid”, there exist multiple definitions in
literature all partially varying in the features that the power grids should imple-
ment. Among all these, the standard is the usage of sensors and communications
technologies to enable more efficient use of energy, provide improved reliability,
and enable consumer access to a wider range of services [2]. Therefore, a core
feature will be the integrated intelligence, which allows more efficient energy
generation and distribution through better information. The term ”efficient”
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thereby concerns on the one hand to a decrease in overall energy consumption,
on the other hand to an increase of the reliability of electrical power supply while,
at the same time, improving environmental friendliness. A further concept that
accompanies the smart grid development is to integrate the future requirements
of e- mobility into the power grid. Hence, battery vehicles could act as con-
trollable loads and distributed energy resources. With this so called vehicle- to-
grid (V2G) concept, plugged-in batteries may provide capacity during off- peak
periods and can act as generating devices when power-demand is high [3]. This
smart electrical grid requires new technologies for power system operation.
Here, optimization is an essential problem which is the main background of this
paper. With the emerging smart electrical grid and the V2G concept, the power
flow optimization problem related to later is getting more and more complex. The
reasons for this increasing complexity are obvious: the progressive decentraliza-
tion of comparatively smaller generation units and the hype of environmentally
friendly zero- emission generators like photovoltaic plants or wind turbines that
cause stochastic delivery of electric power, complicate the supply- side situation
in the power grid drastically. On the other end of the grid, the consumer side, the
possibility of demand side management (DSM) leads to additional control pa-
rameters in the optimization problem. Furthermore the usage of battery vehicles
as controllable loads and generating devices simultaneously asks for determina-
tion whether a battery should be assigned to the grid or not. This determination
introduces a further optimization problem, the so called unit commitment prob-
lem [4]. Referring to the objective functions that have to be minimized in order
to satisfy the criterion ”efficient”, there exists not only a single objective like the
overall energy consumption defined in the original ED. Additional objectives like
grid reliability, low emissions and costumer side cost minimization have to be
taken into account, yielding in a multi-objective optimization problem.
The rest of this paper is organized as follows: Section II presents an overview
of the economic dispatch respectively the optimal power flow (OPF) problem
with introduction of typical methods of solution, also referring to the unit com-
mitment problem. Special focus is on metaheuristic approaches. Section III goes
more into detail with emerging demands of future smart electrical grids. Also the
formulation of the corresponding optimization problem for efficient power distri-
bution is discussed. In section IV, the conceptual framework of the simulation-
based optimization approach using metaheuristic algorithms is presented sub-
ject to the problem defined in section III. Section V provides some conclud-
ing remarks. Here, the special abilities of this simulation- based approach with
metaheuristics are highlighted, as well as central criteria that will decide it’s
applicability.

2 Power System Optimization

Economic Dispatch
The optimization of power dispatch in order to match objectives like economical
efficiency is one of the most important optimization problems in power system
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research. Conventional solutions to the ED respectively OPF are the usage of
Lagrange Multipliers and the Karush- Khun- Tucker conditions as well as Lin-
ear Programming [4]. Further investigations have been made by using sequential
quadratic programming as reported in [5], an approximate dynamic program-
ming approach was presented in [7] in the context of future smart grids. Re-
ferring to the fact that ED respectively OPF try to minimize some objective
function by scheduling outputs of committed generators, the unit commitment
(UC) problem addresses the decision whether to assign a supply unit or not
[4]. Thus, from a mathematical point of view, UC is a discrete optimization
problem, while ED is a continuous one. With the mentioned conventional non-
metaheuristic techniques, the two problems are handled separately [4]. Here the
ability of metaheuristics like EAs to handle continuous as well as discrete con-
trol variables simultaneously in order to minimize some cost function is a major
advantage of these methods.

Metaheuristic Approaches
Due to disadvantages of the mentioned conventional methods for solving the
ED, like for instance the difficulties/inabilities when handling multiple objec-
tives, several metaheuristic approaches have been investigated in the literature.
For example, [6] showed the applicability of Particle Swarm Optimization and
Differential Evolution for reactive power control, which is a problem similar
to OPF. As reported in [8], [9], [10], hybrid approaches with Artificial Neural
Networks (ANN) have been introduced with a view to decrease the calculation
runtime for ED, which is important for its capability for online- control. Subject
to multiobjective optimization, [11], [12], [13] presented several Evolutionary Al-
gorithms (EA) techniques, for instance in form of Genetic Programming (GP),
in power system research. For representing the strength of these techniques, [11]
solved the ED applied to the standard ”IEEE 30-bus” test case 4. Several Multi-
objective Evolutionary Algorithms like Strength Pareto Evolutionary Algorithm
(SPEA), Nondominated Sorted Genetic Algorithm (NSGA) and Niched Pareto
Genetic Algorithm (NPGA) have been compared to the results achieved with
conventional techniques like linear programming. Also worked out by [13], the
obtained best solutions by EAs are matchable or even better than those of con-
ventional techniques. A special ability of these evolution-based methods is the
usage of a population of solutions, instead of a single solution. So, the final pop-
ulation captures multiple optimal solutions. The claim to not only optimize a
single objective function like the overall energy usage is obvious. Thus, addi-
tional objectives like grid stability and environmentally friendliness are getting
more important. The so called environmental/economic dispatch (EED) is an
exemplary task in multiobjective power system optimization, also investigated
by [11] in the context of Multiobjective Evolutionary Algorithms.

4 http://www.ee.washington.edu/research/pstca/
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3 Smart Grid Characteristics and the Resulting
Optimization Problem

3.1 General Optimization Problem

Originally, the electrical power system dispatch optimization problem can be
formulated as an aggregation of objective and constraint functions as follows
(the subsequent formulations are based on explanations in [4]):

Minimize some cost function: Fi(PG),

subject to the constraints:
∑
g(PG) = 0;

∑
h(PG) ≤ 0,

where Fi(PG) may cover a single objective function like the total energy- con-
sumption of the system or can represent a set of objective functions for i = 1,...,n
in the multiobjective case. The optimization problem is constrained by a set of
equality and inequality constraints, where the equality constraints represent for

instance the power balance
J∑

j=1

PG − P load − P loss = 0 with PG as the vector of

power outputs of all generators defined as PG = [PG1 , ..., PGj ].

Ploss, as the sum of power losses over all transmission lines L in the system, can
be calculated depending on PG and by solving the load flow equations, using
Newton- Raphson or Gauss- Seidel method [4]. Pload is the given load power
that has to be satisfied. The set of inequality constraints includes lower and
upper bounds for variables to assure stable operation, for instance the generation
capacity of each generator, that is restricted to a range: PGj

min ≤ PGj ≤ PGj
max,

for j = 1, ..., J , and the upper limit of the power flow through transmission lines:
Sl ≤ Sl

max, for l = 1, ..., L, with J being the total number of generators and L
being the total number of transmission lines.

Coming from the so defined original problem in power system optimization, it’s
obvious that future smart electric grids will come up with characteristics that
ask for a new definition of the problem which than should be able to cover a
much higher functionality as we see thereinafter.

3.2 Smart Grid Characteristics

Subsequently, those features are explained that have main impact to the above
mentioned optimization problem. As noted in the introduction of this paper,
there exist muliple definitions about the smart electric grid that are partially
varying in the features that the power grids should realize. Apart from that,
many of those features only exist in a fictitious manner and are far away from
practical implementation. Therefore, the focus is laid on core aspects of smart
electric grids.
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Reliability: As proposed before and building a central yield of [1], a major
requirement to future power grids will be increased reliability of power supply
due to the fact that so many critical infrastructures like communications and
finance depend on reliable electrical power supply. But just this reliability is
getting more and more stressed because of decentralization, liberalization of the
energy market, stochastic behaviour of zero- emission plants and complex inter-
dependencies in the grid. So, a central feature of smart electric grids should be
the ability of autonomous and fast self- healing after some kind of black- out,
or at least, the intelligent avoidance of critical operation points. Caused by the
complex terminology of power grid stability, security and reliability, here, relia-
bility generally is understood as the ability to supply adequate electric service
over a period of time.

Additional Availability and Usage of Electrical Storage: Complementary
to large- scale storage devices that are already established in electric power
grids in different types, the progressive development of small- scale storages like
lithium- ion or sodium sulphur (NaS) batteries establish new possibilities for the
modern grid in regard to cost aspects, energy- and power- densities or duration
of load cycles of storage devices. Especially these small-scale devices substantiate
the way to the idea of distributed energy storage, being a major characteristic
of smart grids.
There exists a large spectrum of possible applications like the ability of storing
energy in multiple locations closer to the end- use consumer to increase grid-
reliability. Another aspect of storage devices is the ability of time- shift generated
energy from the moment it was generated to a later point when it is needed or
when transmission capacity is available. The probably most important point
when talking about distributed energy storage is the V2G- concept. Here, the
massive amount of plugged- in batteries from electric vehicles can provide enough
storage capacity as well for large- scale applications like ancillary services or
regulation of the stochastic behaviour of renewables [14], as for end- user aspects
in domestic, commercial or industrial buildings [14].

Load Control: Coming from the end- user side in the smart electric grid, an-
other important characteristic is the usage of automated meter reading (AMR)
for generation and load control [15], which is a basic technology in terms of
increasing reliability in the power grid, being a major aim of smart grids as
mentioned above. Further advanced metering systems should enable the possi-
bility to control load demand. Therefore, the end- use customer accepts the risk
of delay or refusal of energy- use by the utility in order to receive some discount
[16], which enables the so called load shedding.

3.3 Impacts to the Defined Optimization Problem

The original optimization problem can now be reformulated with detail to the
defined smart- grid characteristics. The major change affects the cost function
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which has to be extended in terms of load control respectively load shedding
and the ability of using electricity from electric storages. The new cost function
is expressed as follows:

Minimize : Fi(PG, Pshed, Psto) (1)

where Pshed = [Pshed1 , ..., PshedLB
] is the vector of shed loads over all load buses,

and Psto = [Psto1 , ..., PstoST
] is the vector of loads taken from or given to storages.

The following considerations are based on the problem formulation inves-
tigated in [15], motivated by power dispatch in a distributed generation case.
Now, the extended cost function related to the original optimization problem
formulated at the beginning of this chapter can be stated as follows:

Minimize: F (PG) +
LB∑
i=1

αiPshedi + F (Psto),

where F(PG) is the resulting financial cost value of the generated power over all
generators. αi is the penalty cost paid by the distribution company for shedding
the load at bus i, respectively the financial reward to the end- use customer;
Pshedi

is the power shed by the distribution company at bus i, which can be
substituted by the term (PL oldi

− PL newi
), where PL oldi

is the power at load
bus i before load control and PL newi is the power at load bus i after load control;
F (Psto) is the resulting financial cost value over all storages that are charged or
discharged.
Additionally, new constraints will have to be defined in order to realize different
criterions that the new parameters have to satisfy, for instance the maximum
power when charging / discharging a battery. The mathematical appearence of
these new constraints will mainly be the same as those described above.
Principally, the definition of constraints in this paper shows their general math-
ematical formulation to demonstrate their position in the general optimization
problem. Some concrete examples of constraints have been stated, without in-
tending to be exhaustive. Surely, numbers of polymorphic constraints exist in
this context, depending on the concrete optimization scenario. For example,
multiple constraints have been defined in [17] to come over power grid stability
like constraints corresponding to contingency, coupling or spinning reserves con-
siderations. In terms of environmental aims, additional constraints referring to
maximum emissions have to be defined, also stated in [17]. When talking about
smart electric grid aspects, especially the increasing usage of distributed storage,
also including the afore mentioned V2G- concept, requires additional constraints.
For instance inequality constraints will be required to prevent loss of battery life
in case of V2G, or to ensure charging- targets of the electric vehicle’s battery as
described in [18].

It’s obvious, that the complexity of the advanced optimization problem is
growing rapidly respectively to the original one. Additionally, it will be hard
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to define a meaningful cost function for different batteries or other electrical
storages. So, in sum, the optimization problem respectively the corresponding
objective function is getting more and more difficult to define analytically in
order to match new requirements of the intelligent power grid.
But, what about the mentioned demand for increasing reliability? Principally,
security aspects are implemented as constraints to the optimization problem.
Wouldn’t it make sense to realize reliability concerns of a grid generally as an
objective function? Maybe, another approach can be investigated, that is mainly
independent from the exact mathematical formulation of the optimization prob-
lem.

4 A Simulation- Based Metaheuristic Approach

Supported by the extensive advances in computing power and memory over the
last two decades, the research community around simulation-based optimization
is able to deal with more and more practical tasks. In [19], Law and McComas
defined the aim of this approach as following: ”The goal of an ”optimization”
package is to orchestrate the simulation of a sequence of system configurations
[each configuration corresponds to particular settings of the decision variables
(factors)] so that a system configuration is eventually obtained that provides an
optimal or near optimal solution. Furthermore, it is hoped that this ”optimal” so-
lution can be reached by simulating only a small percentage of the configurations
that would be required by exhaustive enumeration.” Additionally to increasing
computational conveniences, improvements in the fields of usable generic opti-
mization techniques like metaheuristics speeded up developments and practical
applications of this approach.

4.1 General Principle

Principally, the aim of this process is to optimize values of defined control vari-
ables of a system, where the performance of the system, which basically rep-
resents the value of the cost function, is measured through simulation. Here,
simulation and optimization are indeed two independent software- tools which
build together the simulation-based approach. Thus, the optimization package
generates the parameter vector ϕ as possible solution due to a specific algo-
rithm, considering ideally all constraints defined before. The simulation tool
then uses this vector as input for the simulation-run and generates some perfor-
mance measure of the system depending on these parameters. This measure is
used to quantify the fitness of the solution which consequently influences the can-
didate solution generated next by the optimization package. Vector ϕ therefore
contains all decision variables. In the case of the optimization problem defined
above, ϕ is formulated as: ϕ = [PG, Psto, PL new] where each of the elements of
ϕ is itself a vector, with a length different from the others. Thus, it would be
better to generate the three different vectors PG, Psto, PL new and deliver them
to the simulation tool independently.
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4.2 Evaluation of the Fitness Function

Independent of the used metaheuristics, it’s necessary to formulate some per-
formance- measure for the generated solution in order to influence the way
in which the next solutions will be created. Here, the big advantage of the
simulation-based approach is that it’s not necessary for the optimization pack-
age to implement any exact mathematical formulation of some cost function
concerning its constraints. For instance, if the objective is the minimization
of transmission losses, without simulation tool it would be necessary to solve
the load-flow equations, which would further need to implement mathematical
solvers like the Newton-Raphson method. In the case of simulation-based opti-
mization, this mathematical burden is sourced out to the simulation tool.
Thus, the big advantage of the approach is the flexibility in defining cost func-
tions respectively performance measures without analytical definition of the un-
derlying system. So, metrics for evaluating the cost function of some optimization
objective can be created easily for every possible analysis that can be done by the
simulation tool, for example usage of available transfer capability, total energy
consumption and transmission losses or reliability of the grid, just to mention
a few. Regarding power dispatch optimization in the smart electric grid, this
flexibility is essential.
But, the constraints to the optimization problems have also to be taken into
account, which is not always that easy as we see further but can be realized due
to the introduction of soft constraints.

4.3 Generation of Candidate Solutions and their Feasibility

If the parameter vector created by any metaheuristic algorithm is denoted as ϕ ,
the following statement must be satisfied concerning the feasibility of solutions:
ϕ ∈ Φ, where Φ is the feasible region of solutions. Here, the feasible region of
solutions is defined as the set of admissible solutions such that all equality and
inequality constraints are satisfied, but can be violated to a user defined degree
in the case of soft constraints.
Considering trivial constraints like lower or upper bounds for parameter- val-
ues, it should be relatively easy to fulfil feasibility. For example when optimizing
a production layout, where the size of some buffer is constrained by an upper
bound, this will not cause any difficulties. In case of power system optimization,
for bounds to the upper and lower generation limits of any plant, the same holds.
Now, why should the satisfiability of constraints lead to problems? When taking
a look at the following constraint as defined above, the equality constraint that
represents power balance, it will be shown that it’s not alway that easy:
J∑

j=1

PG−Pload−Ploss = 0. This equation expresses the fact that when the meta-

heuristic algorithm produces a candidate solution consisting of the power outputs
of all controllable generators, the sum of all these power values must be equal to
the sum of load power plus transmission losses. In this case, the problem occurs
that the power loss itself is a function of the generated power, so Ploss = f(PG).
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Thus, it’s obvious that finding a candidate solution while satisfying power bal-
ance per se is a more or less complex problem which needs computational effort
and time. Hence, for a whole optimization run, where hundreds or thousands of
candidate solutions have to be generated, the runtime complexity would grow
rapidly because of such nontrivial constraints. Now the question arises how to
overcome this problem?

4.4 Introduction of a penalty function

In operations research, the use of a penalty function if nonlinear constraints have
to be handled is a valid approach. The idea is that the constrained optimization
problem is approximated through a non-constrained one by adding some penalty
term to the cost function if any restriction is violated. The effect of this method is
that the cost function per se and the penalty term are minimized simultaneously.
Thus, when finding the optimal solution, the penalty term converges to zero, i.
e. the optimal solution does not hurt any constraints. The resulting optimization
formulation to our problem trivially follows:

Minimize : F(PG, Pshed, Psto) + r ∗ p(PG, Pshed, Psto) (2)

subject to all trivial constraints.

p(PG, Pshed, Psto) denotes the penalty function that punishes the cost- function
afterwards if any nontrivial constraint is violated;
r is a constant multiplier to the penalty function for determining its weight rel-
ative to the cost function. Principally, the value of the penalty function should
be high compared to the value of the cost function to guarantee that the found
optimal solution does not hurt any constraint. Additionally, it has to be ensured
that when the optimization run stops (not important which stopping- criteria
is used), the penalty term already converged to zero in order to make sure that
the found solution is feasible.
Summing up, the constrained optimization problem is approximated through
a partly constrained one (trivial constraints are still included) by adding some
penalty function that punishes the violation of nontrivial constraints. It’s obvi-
ous, that the violation itself is determined by the simulation run. Concerning
the used software, in the context of this paper two packages are used, namely
NEPLAN (www.neplan.ch) being the simulation software, and HeuristicLab [20]
[21] forming a general and open metaheuristic optimization environment 5.

5 Conclusion

In this paper, an overview is presented on how future electric power dispatch
problems can be formulated and solved by a simulation- based metaheuristic op-
5 www.heuristiclab.com

gagp2009.heuristiclab.com [22]
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timization approach. Sure, there are several open issues concerning the objectives
that have to be handled and about their formulation, caused by the fictitious
characteristic of the smart grid paradigm, but the simulation-based approach
should be able to provide enough flexibility for ad-hoc definition and optimiza-
tion of different and partly complex cost- functions. Here, a special strength of
this approach is seen in exactly this flexibility, which enables the evaluation of
different power system scenarios with more or less detailed implementation of
smart electric grid features. Thus, multiple test cases can be evaluated without
the burden and effort of exact mathematical problem formulations.
Referring to the scope of this paper, the authors are not focusing on the exact
metaheuristic strategies that will be applied. Due to the nature of the Heuris-
ticLab framework, the opportunity of testing and evaluating the suitability of
different algorithms is given. Main criteria will be the convergence of the algo-
rithm respectively the runtime of the optimization and its ability to find good
solutions where the successful treatment of the penalty function will be essential.
The formulation of the penalty function itself and finding a meaningful weight
relative to the cost function value will demand much operational effort.
The application of metaheuristic algorithms contrary to deterministic methods in
terms of the simulation-based approach is well-founded due to their successful us-
age in related works. Additionally, some advantages already mentioned in chapter
II, like the ability of handling local minima or the capability of multiobjective
optimization of population-based methods further motivate this approach. The
additional possibility of handling continuous and discrete decision variables si-
multaneously, which enables the integrated solution to the unit commitment
problem, is not treated here. But as it is a central feature of the application of
metaheuristics, it will surely be part of further investigations.

This project was supported by the program Regionale Wettbewerbsfähigkeit OÖ
2010-2013, which is financed by the European Regional Development Fund and
the Government of Upper Austria.
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