Electric Power Systems Research 80 (2010) 778-787

Contents lists available at ScienceDirect

£ ELECTRIC POWER
| B SYSTEMS RESEARCH

Electric Power Systems Research

journal homepage: www.elsevier.com/locate/epsr

A decision support system for generation expansion planning in competitive
electricity markets

Adelino J.C. Pereira?, Jodo Tomé Saraiva®*

a Departamento de Engenharia Electrotécnica, Instituto Superior de Engenharia de Coimbra, Instituto Politécnico de Coimbra, Rua Pedro Nunes, 3030-199 Coimbra, Portugal
b INESC Porto and Departamento de Engenharia Electrotécnica e Computadores, Faculdade de Engenharia da Universidade do Porto, Campus da FEUP,
Rua Dr. Roberto Frias, 4200-465 Porto, Portugal

ARTICLE INFO ABSTRACT

Article history:

Received 4 April 2008

Received in revised form 4 December 2009
Accepted 9 December 2009

Available online 6 January 2010

This paper describes an approach to address the generation expansion-planning problem in order to help
generation companies to decide whether to invest on new assets. This approach was developed in the
scope of the implementation of electricity markets that eliminated the traditional centralized planning
and lead to the creation of several generation companies competing for the delivery of power. As a result,
this activity is more risky than in the past and so it is important to develop decision support tools to
help generation companies to adequately analyse the available investment options in view of the possi-

Iéeeyn ‘Zggz:n expansion planning ble behavior of other competitors. The developed model aims at maximizing the expected revenues of
Investments a generation company while ensuring the safe operation of the power system and incorporating uncer-

tainties related with price volatility, with the reliability of generation units, with the demand evolution
and with investment and operation costs. These uncertainties are modeled by pdf functions and the solu-
tion approach is based on Genetic Algorithms. Finally, the paper includes a Case Study to illustrate the
application and interest of the developed approach.
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1. Introduction

Generation expansion planning (GEP) has historically addressed
the problem of identifying the most adequate technology, expan-
sion size, sitting, and timing for the construction of new plant
capacity considering economic criteria while ensuring that the
installed capacity adequately met the expected demand growth.
However, the development of market mechanisms in the elec-
tricity sector altered the traditional GEP assumptions, models,
and solution approaches. In fact, the traditional utility practice
typically involved the solution of centralized planning problems
to identify cost-minimizing plans for the utility. Under competi-
tion, multiple agents individually prepare their investment plans
in order to maximize their profits. The development of mar-
ket mechanisms also contributed to anticipate other changes as
shortening planning horizons due to the elimination of tradi-
tional guaranteed return on investment as well as the advent
of strategic interaction and gaming among companies involved
in the generation activity [1]. This means that competition is
determining that agents face higher risks, that they try to obtain
faster returns and that the individual decisions of particular
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agents will mutually affect the profits and decisions of other
players.

Because power plants need a long time to be built and they will
be amortized over several years, investment decisions are based
on expectations on future profits. Unfortunately, forecasting these
profits is a difficult task since they are highly uncertain, volatile and
dependent on a large number of risky factors. This implies that this
type of problems certainly has to address and inherently incorpo-
rate uncertainty modeling and that risk concepts also play a crucial
role. These long-term uncertainties can influence the profitability of
a project, either directly as an uncertain cost element or indirectly
through the market price of electricity, or in both ways.

In the new formulation of the GEP to be used in restructured
electricity markets, the objective of each company is to maximize
its total expected profit over a planning horizon, while contribut-
ing to guaranty the safe operation of the power system through
the competition between generation agents. The new formulation
has to incorporate the volatility of market prices for electricity and
fuels, load growth, the expected revenues based on the predicted
market price, construction costs, and operation and maintenance
costs. Due to their own nature, some sources of uncertainty deter-
mining future operation such as the forecasted market price of
electricity, load growth rates, fuel costs and equipment availabil-
ity have to be taken into consideration explicitly in the generation
planning model.
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According to these general ideas, this paper presents a decision
support approach to help generation companies in preparing and
gaining insight on their investment strategies in competitive power
systems. This decision support model can be used by individual
companies to help them to identify the most adequate investment
strategy in new generation capacity simulating the possible behav-
ior of other participants. This tool can also be used to perform
sensitivity analysis in order to check if the developed strategy is
robust enough in view of possible changes in several parameters.
The developed approach is able to consider various types of units
and capacities, operating constraints, forced outages and timing
for the addition of new units. The uncertain data is modeled by
Probability Distribution Functions and the solution approach uses
Genetic Algorithms.

Apart from this introductory section, this paper is structured
as follows. Section 2 addresses generation expansion planning
approaches detailing the main assumptions associated to them and
the models adopted to represent uncertain data. Section 3 details
the developed model and Section 4 describes the algorithm adopted
to solve it. Finally, the paper includes results from a Case Study
developed for a 15-year horizon. This Case Study is used to illus-
trate the interest of the proposed planning approach and also to
discuss its effectiveness.

2. Generation expansion planning approaches

The introduction of market mechanisms originated major
changes in the way decisions are taken namely at the invest-
ment level [2]. The opening of the sector to competition
implies that companies now have to internalise risk in invest-
ment decision-making since investors examine the available
options according to the financial risks inherent to the different
technologies.

Before the liberalisation of electricity markets, investment deci-
sions on new capacity, technology and location of new generation
were developed inside vertically integrated utilities meaning that
the whole value chain was controlled from generation to the
final relationship with consumers. In several cases, these invest-
ment plans were developed in close relation or with the explicit
approval of public entities and all investment costs were eas-
ily passed to consumers and internalized in the tariffs. In this
typically easily forecasted environment, the profits of vertical com-
panies were guaranteed and there was little incentive to take
into account several factors that could impact on profits. Mar-
ket mechanisms changed this status in a deep way given that
the market now determines the prices and the unbundling of tra-
ditional companies implies that there is now a larger number
of agents, each one trying to maximize its own profit. Prof-
itability driven decisions impose that generation agents consider
factors such as revenues, costs and risks that can influence their
profits.

Another important consequence from the advent of electricity
markets is that agents in the sector are no longer protected by a
regulatory shield but, on the contrary, they are exposed to differ-
ent risks and to a large number of uncertain factors, several of them
having exogenous nature. This is even more serious given the time
between the moment new investments are studied, a decision is
taken, and finally a new plant is commissioned. According to [3],
these long-term uncertainties can influence the profitability of a
project, either directly as an uncertain cost element or indirectly
through the market price of electricity, or sometimes in both ways.
In this framework, it is crucial to adequately address and inter-
nalize the uncertainties that affect investment decisions in new
generation plants. In the next paragraphs we refer some of these
uncertainties:

macro-economic factors impacting on the demand of electricity,
on labour or capital costs. Subsequently, all these aspects will
affect the profitability of the project;

future electricity demand is affected by uncertainty namely when
building long-term models. This aspect becomes even more
important in restructured power systems because the demand
will influence the price and, to a certain extent, it can also dis-
play some elasticity regarding price evolution. This means that
the total demand over the horizon changes along time and it
influences the price and the profitability of new investments;
changes in the price of fuels used in thermal stations have a direct
impact on operation costs. This can influence the demand and so
the profitability of the investments;

risk related with the scheme adopted to finance the investment.
This risk will be mitigated if the capital structure of the company
under analysis is stronger;

in a more decentralized and market driven power system, the
electricity balance and price are dependent on the system load
and on the decisions adopted by each investor. It is clear that
investments from other players in new capacity will also have an
impact on that balance and can determine price variations;
some factors are under the control of policy-makers, such as reg-
ulatory and political agents. This represents a new level of risk
since more volatile regulatory and political scenarios have direct
impacts on costs, financing conditions and profits;

factors under the control of the company, as the capacity and the
diversity of technologies to consider in the investment portfolio,
as well as cost control actions adopted during construction and
operation.

The level of risk admitted by an investor is reflected in the
level of return expected on that investment. The greater the
business and financial risks, the higher the return that will be
demanded. The combination of a long development and construc-
tion time, uncertain demand growth and price evolution determine
the enlargement of the risk inherent to larger capacity projects and
may favour smaller and less demanding ones.

Given these characteristics, investment decisions are typically
based on expectations on future profits. However, it is very diffi-
cult to get an adequate degree of accuracy when forecasting these
profits because they are very uncertain, volatile and dependent on
alarge number of exogenous aspects. Considering all these aspects,
several authors recognize that the most important issue affecting
the profitability of investments in liberalized markets corresponds
to the uncertainty related with electricity prices. This uncertainty
is no longer related to a short-term horizon but in fact to longer
periods and it represents a risk for investors. In this sense, faster
decision making, technologies leading to more reduced building
periods and more robust expansion plans are the key aspects that
will transform any investment plan into a successful one.

Regarding uncertainty, probabilistic measures such as proba-
bility distribution functions (pdf) can certainly be most useful. The
parameters associated with probability distributions can be derived
from historical data and prediction of future development [4]. In
particular, when dealing with generation expansion problems sev-
eral parameters as the energy price and fuel cost uncertainties can
be modeled by normally distributed random variables around a
base case value. The standard deviation can be obtained based on
historical data, or alternatively it can reflect an expert judgment.
In any case, these models map the knowledge that the planner
has regarding that particular parameter in the initial stage. As an
example, Fig. 1 displays the normal pdf function of the electricity
day-ahead price in the Common Iberian Electricity Market, MIBEL,
in operation between Portugal and Spain based on historical data.
In this case, the average of this hourly day-ahead pool market price
is 52.1€/MW h and the standard deviation is 8.2 €/MW h.
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Fig. 1. Normal pdf function for the electricity price in the MIBEL.

The adoption of this kind of modeling implies recognizing the
data affected by uncertainties and then modeling it in terms of pdf
functions. Based on these results, one can perform several studies
using a sampling Monte Carlo-based procedure on each pdf func-
tion so that we can then run an optimization problem for each
sampled set of values. The combination of the results obtained from
each run leads to the probability distribution of the results and this
process can be interpreted as a way to transfer data uncertainty
into the results of the problem under analysis.

Considering in particular the generation expansion problem,
sampling is used to generate sets of possible values from probability
distribution functions, each set representing a possible combina-
tion of the input values. Each of these sets is then used as input
data for the optimization expansion problem. This sampling pro-
cess is repeated so that the sampled values reflect the specified
input probability distributions. The formulation to be described in
the next section adopts this strategy as well as Genetic Algorithms
to tackle the combinatorial nature of the optimization problem to
be solved.

3. Generation expansion planning model
3.1. General approach

The generation expansion-planning problem was addressed
considering the two-level structure in Fig. 2. Using this decom-
position approach, generation agents, GENCO's, prepare expansion
plans maximizing their own profit. These plans are then evaluated
ata coordination level that aggregates them and assesses the global
system adequacy, the technology mixes, and finally sends signals
under the form of electricity prices along the horizon. Using these
prices, the players update their plans and resubmit them. This iter-
ative process is repeated until the plans prepared by all agents and
the prices are not changed along two successive iterations. This
approach enables that the decisions taken by an agent internalize
the information involving each of them while also considering the
impact of the behaviour of the other players. This means that this
approach can be used by a generation company to simulate the
behavior of generation agents, gaining insight on the robustness

Generation
Company n

Generation
Company 1

el |

]

Coordination Level

Fig. 2. Global structure of the generation expansion-planning problem.

of its plan and analyzing possible interactions and impacts with
possible decisions of other agents.

In Section 3.2 we will now describe the optimization problem
to be solved by each generation agent, Section 3.3 addresses the
coordination analysis and Section 3.4 gives further details on the
developed approach.

3.2. Formulation of the GENCO’s problem

Under the market competitive scheme, each GENCO aims at
maximizing its total expected profit over a planning horizon while
guaranteeing the safe operation of the power system through
the competition between generation companies [5,6]. As referred
before, uncertainties affecting electricity and fuel prices, load
growth, investment and operation costs are modeled by pdf func-
tions. For each sampled set of values of the parameters affected by
uncertainty, the optimization problem to be solved by each GENCO
i can be formulated by (1) to (6):

T M M
maxz = Z (..ol — Z(Cinu’;.x;'f )— Z(cOp{.x;'f ).l | (1)
t=1 j=1 j=1
s.t. Xﬁj <dT, (2)
M
> x{ < mic 3)
j=1
M
cci=cc_, + Zxﬁf (4)
j=1
M
Zx{f .Cinv). < LT (5)
j=1
t=1,...T; j=1,....M (6)

In this formulation:

T number of stages in the planning horizon;

t stage in the planning horizon (year);

M number of candidate technologies;

j type of candidate expansion technology;

7t electricity price in stage t;

a? capacity factor in stage t for GENCO i and technology j;

Cinvi investment cost for technology j at stage t;

Cop} variable operation and maintenance cost for
technology j at stage t;

CC}' cumulative capacity installed in stage t for GENCO i;

X;j capacity addition of technology j in stage t by GENCO i;

LCI;' maximum value specified for the capital investment of
GENCO/i at stage t;

MIC! maximum capacity installed in stage t by GENCO i;

ﬁ: upper bound established for the capacity installed

technology j in stage t by GENCO i.

The objective of this problem (1) corresponds to maximize the
total expected profit over the whole planning horizon and it is for-
mulated using three terms. The first term represents the revenue
obtained by selling electricity. This term depends on the electricity
price in each period t, 7tt. For the first year of the planning horizon,
electricity prices are represented by a normal pdf distribution con-
sidering that its mean value and standard deviation are obtained
from historic market prices. For the years afterwards, and to start
the iterative process, we admitted that the mean prices increase
by a specified percentage that, in some way, reflects the forecasted
demand evolution. In the subsequent iterations, the prices to be
used to solve the problem (1) to (6) depend on the analysis to
be conducted at the coordination level as detailed in Section 3.3.
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Finally, the first term in (1) also depends on the load factor spec-
ified for each technology. This factor represents the percentage of
hours that a station will in average be used along a year. Each tech-
nology will be characterized by a value of this parameter and the
revenues along the horizon are transferred to the initial stage using
a discount rate.

The second term in (1) represents the sum of the investment
costs over the planning horizon. This term depends on the capacity
to be installed in each period and on the selected technology. The
values over the horizon are transferred to the initial stage using
a specified discount rate. The developed application also admits
introducing different values for the investment costs over the hori-
zon. This is due to the fact that these costs are represented by pdf
functions and problem (1) to (6) is run for a sample of costs that, in
general, will be different from year to year.

Finally, the third term in (1) represents the operation and
maintenance costs associated with each selected investment and
technology. These costs depend on the fuel cost evolution and on
the load factor of each technology in each stage. In a similar way to
investment costs, operation and maintenance costs are also trans-
ferred to the initial year using a discount rate. The uncertainties
affecting these costs are once again modeled by pdf functions.
For the initial stage, their mean value and the standard devia-
tion are specified taking into account the history of fuel prices
and maintenance costs, as well as the performance of the different
technologies. In subsequent periods, the application allows one to
increase these prices and costs in order to model the problem in a
more realistic way.

Regarding the constraints, inequalities (2) represent the limits
set for the capacity to be added in each stage and for each technol-
ogy. Constraints (3) enforce that the new additions accumulated in
each stage by each GENCO should not exceed a maximum speci-
fied value namely to prevent market power. Finally, constraints (5)
model the financial limitations felt by each agent.

3.3. The coordination analysis

Once all individual plans are obtained, it is conducted a coordi-
nation analysis to ensure that the global plan does not violate any
constraints established for the whole system and for each stage in
the horizon. If there is at least one violated constraint, the prices
will be changed, or they will be set new limits for the capacity to
be installed for each technology or for the total capacity that can
be built by each GENCO. This defines an iterative process that will
end when the plans prepared by the GENCO’s and the prices do not
change between two successive iterations.

The validation process of the global plan relies on the calcu-
lation of the reserve margin of the generation system regarding
the demand, the capacity per technology, the installed capacity per
GENCO and the value of the Loss of Load Expectation, LOLE. These
values will then be compared with specified limits as detailed in
the next paragraphs.

In the first place, the reserve margin in stage t, RM;, in the plan-
ning horizon is computed by (7) considering the peak load estimate
and the total power installed in the system. The T computed reserve
margins are compared with minimum and maximum values as
indicated in (8):

_ (Installed capacity; o
R, = (e, 1) 100% 7
RM™n < RM; < RM™*  for t =1,...,T (8)

In the second place, it is checked if the sum of the installed
capacity for each technology j does not exceed the maximum value
admitted for stage t. These constraints are formulated by (9) and
they canreflect strategic decisions regarding limitations on the con-

tribution of each technology to the global mix. In this constraint, N
represents the number of GENCO'’s, X;’ is the capacity of technol-

ogyjinstalled by GENCOi in stage tandfi is the maximum capacity
value established for technology j:

N
nysf fort=1,..,T and j=1,...M (9)
i=1

In the third place, we also introduced constraint (10) in order
to evaluate if the cumulative capacity installed by GENCO i till
stage t, CC}', does not exceed a specified percentage, Perc™¥, of the
total installed capacity by all GENCO’s. This percentage, Perc™, can
reflect a regulatory decision intending to prevent market power
and it is evaluated at the end of each iteration of this process for all
stages of the planning horizon and for all GENCO'’s:

Percmax
100

N
cCl < .chg’ fort=1,..,T and i=1,..,N  (10)
p=1

In the fourth place, it is computed a reliability index for each
stage in the horizon in order to evaluate the risk of not being able
to supply the demand inherent to the global plan. In this applica-
tion, we used the Loss of Load Expectation, LOLE, to monitor the
security of supply. This index can be interpreted as the number of
days or hours over a certain period during which the generation
system is likely not to meet the demand and it is closely related
with the Loss of Load Probability index, LOLP [7]. LOLP is typically
computed using the Capacity Outage Cumulative Probability Table,
COCPT. This table has a number of entries each one representing
the probability of having at least a certain capacity out of service
and it is usually built using a recursive algorithm that considers
the forced outage rate, FOR, of each unit and its capacity. Once the
COCPT is built, the probability of not meeting the demand is the
cumulative probability of having an outage larger than (Cr—L), if
Cris the total capacity and L is the demand. For the load level L, this
means that LOLP is given by (11):

LOLP = P(Cy — L) (11)

If we now want to compute LOLE, it is necessary to know the
demand along the period under analysis, typically 1 year, and the
time during which the load is not inferior than L;. If P,(Cr — L) is
the value of LOLP for this load condition, then LOLE is given by (12).
In this expression, s represents the number of load steps used to
model the load duration curve and t; is the number of hours in
each step:

S

LOLE = Zpk(cr “ L)t (12)
k=1

The values of LOLE along the horizon will then be compared
with LOLE™® as indicated by (13). In this expression, LOLE™ rep-
resents the maximum number of hours along a year during which
it is admitted that load is not served due to outages in the gen-
eration system. In several countries this limit is set in Quality of
Service Codes, which means that the generation expansion plan is
influenced in terms of continuity of service by this limit:

LOLE; < LOLE™*  ¢—=1,...,T (13)

As a whole, constraints (8), (9), (10) and (13) are checked and,
if necessary, the prices along the horizon, the technology limits in
(9) or the installed capacity limit in (10) are change. According to
these ideas, LOLE™? in constraint (13) is not changeable because
this value directly reflects the maximum admitted unavailability
of the generation system.
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Regarding the prices update, it is important to recognize that
there are two distinct situations. In the periods in which there
are violated constraints, the scarcity of resources would deter-
mine a rise of the market price. Therefore, for this type of periods,
the prices will rise regarding the historic average of energy
prices. Regarding the periods in which there are no violated con-
straints, we admitted that competition exists and so we use the
Cournot Model to determine the prices, as it will be detailed in
Section 4.3.

3.4. Relevant characteristics of the developed approach

Before detailing the solution algorithm developed for this prob-
lem, it is important to mention some relevant characteristics of the
developed approach:

e although market mechanisms are typically related with a short
term horizon, investment problems both in generation and trans-
mission activities display a longer term nature. It is clear that
these two horizons, short term for operation and long term for
investment planning, are not always easy to turn compatible
namely given that licensing and building periods for new power
stations or transmission lines are typically long, for instance due
to environmental impact evaluations. In this context, it is not
unusual to have periods of 7-10 years to commission new genera-
tion or transmission infrastructures. This means that performing
investment generation expansion studies for 10-15 years hori-
zons seems quite reasonable, even though these studies can be
updated as time goes on using more recent information. In any
case, the planning horizon is a parameter of the problem to be
specified by the planner and does not affect the formulation itself;
given this long term nature, it is crucial to internalize uncertain-
ties affecting, as mentioned in Section 2 several parameters and
data of the problem. This includes investment and operation costs
and electricity prices. In this approach these uncertainties are
represented by pdf functions;

regarding the demand, for the first year in the horizon we con-
sidered a load duration curve organized in steps. For subsequent
years, thedemand in each of these steps is multiplied by an annual
increasing rate. This means that when computing the reserve
margin (7) in each year of the planning horizon we considered
the peak annual demand, but when computing the reliability
indices for each year in the planning horizon (12) we considered
the complete load duration curve;

the model was essentially developed to plan the addition of ther-
mal power plants but it can also be used for hydro stations or for
wind parks. In these cases, we should recall that new investments
are typically most welcomed by governments, namely in the
EU having in mind the commitments to incorporate increasing
percentages of renewables. Hydro stations with storage capacity
have an extra important role in this area given the flexibility they
can bring to power system operation in case the penetration of
wind power is very large. In any case, the developed model can
accommodate hydro stations and wind parks as candidate tech-
nologies, in a similar way to other types of stations. In these cases,
it would be important to have historical date of hydro inflows and
wind speeds in the possible locations of new hydro stations and
wind parks in order to obtain more accurate results. This means
that hydro inflows and wind speeds would correspond to new
uncertain data to be subjected to a similar sampling procedure as
the one to be described in Section 4.2;

the developed model can be extended to incorporate the cost of
carbon dioxide emissions. This would imply including a new term
in the objective function of the optimization problem ((1)-(6)) to
be solved by each generation agent. This would require defining
the emissions cost possibly leading to a new uncertain parameter

Input data X

la

v
Initialize agent counter B

ACount=0
Yes
No
ACount=ACount+1 C
Solve problem (1-6) D
Coordination analysis E
Yes
R Converged? F
‘ No

Update information G

End

Fig. 3. Flowchart of the implemented algorithm.

to be represented by a pdf function and subjected to the sampling
procedure to be detailed in Section 4.2;

finally, as the two-level structure in Fig. 2 indicates, the con-
straints and risk indices (8), (9), (10) and (13) are evaluated
outside the optimization process developed for each generation
agent but, in some sense, inside the global optimization proce-
dure because they can be interpreted as a control mechanism of
the quality of the global investment plan. This means that each
agent builds its own investment plan and then the information
from all agents is gathered in the coordination step so that the risk
indices are evaluated. This scheme is repeated until convergence
is obtained.

4. Solution algorithm
4.1. General description

Having in mind the two level structure illustrated in Fig. 2, the
developed solution algorithm is presented in Fig. 3.
This flowchart is organized in the following Blocks:

¢ Block A—in this block we define the relevant data and parameters
of the problem. This means defining the candidate technolo-
gies, investment, operation and maintenance costs, forced outage
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rates and unit sizes. At this level, we also specify the pdf functions
regarding uncertain data, that is, electricity and fuel prices, oper-
ation costs and annual peak demand. In general, this information
will be derived from the past history of these variables;

Blocks B, C and D—in these blocks one initializes the Agent
Counter, ACounter, in order to go through all generation agents
solving for each of them the problem ((1)-(6)) using the currently
available information, namely regarding electricity prices. This
problem has in general a combinatorial nature given the pos-
sibility of investing in a number of normalized capacity values
specified for each technology. Given this integer nature, we used
a Genetic Algorithm to solve this problem, as it will be described
in Section 4.2;

Block E—once there is an individual investment plan built for each
generation agent, the new additions, capacities, technologies and
commissioning years are conveyed to the coordination level to
check constraints (8), (9), (10) and (13);

Block F—convergence is obtained when there are no violated con-
straints along the horizon. This means that the individual plans
and the prices did not change from one iteration to the next one.
If there is at least one violated constraint the iterative process is
repeated going back to Block B after updating relevant informa-
tion in Block G;

Block G—if there is at least one violated constraint the prices are
changed eventually together with the limits used in constraints
(8),(9)or (10). Regarding the price update, there are two possible
situations to consider, as follows:

(o]

in the periods in which there is at least one violated constraint
the prices will be raised by a pre-specified multiplicative factor.
This strategy replicates the typical behavior of markets indicating
that when the level of available resources is limited regarding the
demand the price tends to rise;

for the periods in which no constraints are violated, competition
plays its role and the Cournot Model is used to set the prices to
be used in the next iteration. This procedure will be detailed in
Section 4.3.

[0}

4.2. The use of genetic algorithms and Monte Carlo sampling

In each iteration of the general algorithm described in Section
4.1, the problem ((1)-(6)) is solved as many times as the number
of generation agents. This problem has two important features that
determined the adopted solution approach, as follows:

in the first place, it has a discrete combinatorial nature given that
each generation agent has a limited number of candidate tech-
nologies and for each of them there will typically be a number of
available normalized capacity values that can be selected;
secondly, the solution of this problem requires using values for
several parameters that are typically affected by uncertainty. This
is the case, for instance, of operation and maintenance costs, elec-
tricity market prices and annual peak demand.

These two characteristics suggested the use of a Genetic Algo-
rithm to address the combinatorial nature of problem ((1)-(6))
combined with a Monte Carlo simulation to sample values from
the pdf functions of the uncertain parameters as a way to deal with
these uncertainties. Considering this reasoning, Fig. 4 presents the
flowchart of the solution of problem ((1)-(6)) for a given genera-
tion agent. This means this flowchart corresponds to the algorithm
run in Block D of the generic algorithm in Fig. 3. This algorithm is
run as many times as the number of generation agents considered
in the planning exercise.

Having defined all relevant data, namely the candidate tech-
nologies and the list of normalized capacity values that can be

( Begin )

h 4

Randomly generate an H
initial population ]

= |

Monte Carlo simulation
to sample values from

the pdf functions of the
uncertain parameters

Evaluate the elements of |
. <
the population.

v

The GA
converged?

Apply the genetic
operators to build a new
population.

L ]

—

Select the final solution M
from the final population.

End

Fig. 4. Flowchart of Block D in Fig. 3.

eventually selected, we used a standard Genetic Algorithm [8] that
is organized in the following blocks:

e Block H—the Genetic Algorithm starts with an initial population
randomly generated having in mind the feasible values specified
for the decision variables, that is, for the capacity of each tech-
nology to build in each year. This means that each element of the
population corresponds to an investment plan that is randomly
generated in the first iteration;

e Blocks I and J—once the population is known, we have to evalu-

ate it, recognizing that several parameters are described by pdf

functions. Therefore, for each element in the population we run a

Monte Carlo simulation to sample particular values from the pdf

functions of the uncertain parameters. Using these sampled val-

ues, each element of the population is evaluated using a fitness
function that includes two terms. The first one corresponds to the
objective function (1) that we want to maximize. The second one
corresponds to negative penalty terms that are activated if the
constraints (2) to (5) are violated, given that the problem under
analysis is a maximizing one. This evaluation process is run for a
large number of samples extracted from the pdf functions so that
one can estimate the average value of the fitness function of each
individual in the population. The number of samples to extract
from the pdf functions is controlled computing the quality of the
current estimate of the average profit. As in other sampling simu-
lations, this can be done by computing the Uncertainty Coefficient

B as it is described in [9]. This coefficient depends on the current

estimates of the variance and of the expected value and it indi-

cates if these values are already sufficiently stable so that it is not
necessary to sample new sets of values from the pdf functions;

Block K—the convergence of the Genetic Algorithm cycle is eval-

uated computing the average value and the standard deviation

of all individuals in the current population. As the evolution-
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ary process develops, it is expected that the average value tends
to increase and that the standard deviation tends to get more
reduced reflecting the fact that the individuals in the popula-
tion will globally improve their performance, that is, the profit
associated to each investment plan in the population will raise.
According to these ideas, we considered that convergence is
reached when the standard deviation is smaller than a speci-
fied threshold, the fitness function of the best individual is not
improved at least by a specified percentage along a pre-specified
number of iterations and the average value of the fitness function
of the whole population is sufficiently stable from one iteration
to the next one. It is also possible to impose a minimum number
of iterations to be run to ensure that at least those iterations are
run before the algorithms stops;

¢ Block L—if convergence was not yet reached, the Genetic Algo-
rithm proceeds with the usual selection, cross-over and mutation
[8] operators in order to generate a new population. The individu-
als in this new population will then be subjected to the evaluation
process in Blocks I and ] and the process iterates till it converges;

e Block M—from the final population, it is selected the individual
associated to the best-identified investment expansion plan. This
plan is interpreted as the one that maximizes the expected value
of the profit given by (1) considering the uncertain parameters.

Once this process is completed, we have the solution of problem
((1)-(6)) for one generation agent. This scheme will then have to
be run for the remaining agents completing Block D in Section 4.1.
When we have an expansion plan for all generation agents, the
algorithm in Section 4.1 proceeds with the coordination analysis in
Block E of Section 4.1, that is, checking if constraints (8), (9), (10)
and (13) are violated.

4.3. The use of the Cournot Model

The Cournot Model [10] was introduced by Augustin Cournot in
1838 and it has a number of assumptions as for instance the non-
storable and homogeneous nature of the product, there are no new
entries during the game and the players take their bidding deci-
sions simultaneously. According to this model, each agent selects
an output quantity and the market price is obtained by an auction
process that considers a demand function.

To formulate this problem, let us consider that ﬁf is the capacity
of the agent i in stage t and that D!(sr!) is the demand function relat-
ing the demand level D in stage t with the price 7f. Expression (14)
represents a linear version of this function where a and b are posi-
tive coefficients. In this case, coefficient a represents the maximum
amount of electricity that consumers admit to buy:

Di(mt)=at — b'nt (14)

Let us also admit that C/(P{) is the cost function of GENCO;
assumed linear as indicated in (15). As referred before, the gen-
eration of agent i corresponds to its decision variable and so its
profit, $2{(Pf), is given by (16):

Table 1

Characteristics of the existing technologies.
No. units Technology Generating Operation cost FOR

size (MW) (€/MWh)

3 Coal_1 300 30 0.02
2 Coal -2 400 25 0.02
5 Gas turbine 250 45 0.01
2 0il 200 50 0.03
4 CCGT 250 35 0.01

Table 2

Generation mix of each GENCO.
Technology GENCO-1 GENCO_2 GENCO_3
Coal_1 (MW) 300 600 -
Coal_2 (MW) 400 - 400
Gas turbine (MW) 500 500 250
Qil (MW) 200 200 -
CCGT (MW) 250 250 500

Since all N generation agents are competing, it is possible to
formulate N optimality conditions (17), one per generation agent.
These equations assume that the demand is a function of the price
so we can formulate an extra equation given by (18). This leads to a
setof N+ 1 equations used to compute the value of the N generations
and of the price in the period under analysis. Using this price, one
can finally get the corresponding demand using (14). This operation
point is called a Cournot Equilibrium, and the price is then used as
input data for the next iteration of the iterative process outlined in
Section 4.1:

£t omt oDt OCt
it | St R i =
BP{ =n"+P 90" ot 8Pl.f 0 foralli=1,...,N (17)
N
Di(n')=a' — bt = Pt (18)

i=1
5. Case study

In this section we present the results obtained for a case study
in which we considered that the initial total installed capacity is
4350 MW. The characteristics of the existing technologies are pre-
sented in Table 1. We assumed that there are 3 generation agents
having the mixes indicated in Table 2.

Using these values and the FOR in Table 1 it is possible to obtain
the reserve margin and the LOLE at the initial period. The expan-
sion planning exercise was conducted for a 15-year horizon, three
generation agents and three candidate technologies. Table 3 indi-
cates the characteristics of these three candidate technologies in
terms of the available capacities, the operation and maintenance
costs, the investment cost and the FOR. According to Table 3 and
as an example, if an agent selects Tech_1, then there are only three
feasible capacities to install (100, 150 or 200 MW). This leads to a

CH(P") =P} (15) discrete problem addressed using Genetic Algorithms.

- bt e The peak demand at the initial year is 3500 MW. For this initial
§2;(Py) = ' Py — Gi(P}) (16) year we also specified the load duration curve as indicated in Fig. 5.
Table 3
Characteristics of the three candidate technologies.

Type of technology Available capacities (MW) Investment cost (€/MW) Operation and maintenance cost (€/MW h) FOR
Tech_1 100 or 150 or 200 500,000 45 0.01
Tech.2 100 or 125 or 150 800,000 30 0.02
Tech_3 100 or 150 or 200 1,000,000 25 0.02




AJ.C. Pereira, J.T. Saraiva / Electric Power Systems Research 80 (2010) 778-787 785

Table 4
Parameters used for the normal pdf distributions.

Parameters Technology Mean Standard desviation
Capacity factor (%) All Tech’s 70 10
Investment cost (€/MW) Tech-1 500,000 10,000
Tech-2 800,000 10,000
Tech_3 1,000,000 10,000
Variable operation and maintenance cost (€ /MW h) Tech_1 45 5
Tech-2 30 5
Tech_3 25 5
Evolution of the variable operation and maintenance cost (%) Tech-1 3 1
Tech.2 2 1
Tech_3 2 1

As mentioned in Sections 2-4, the expansion-planning prob-
lem is affected by uncertainties regarding several parameters. As
detailed before, uncertainties are modeled by normal pdf distri-
butions represented by its mean and standard deviation. These
values reflect the level of knowledge available at the beginning of
the study, namely considering historical data for these parameters
whenever available or specified by an expert. Having this in mind,
Table 4 indicates the mean and the standard deviation used for
the following parameters: capacity factor, investment cost, variable
operation and maintenance cost at the initial year and its percent-
age increase along the horizon. The mean and standard deviations
are discriminated for each technology except for the capacity factor
in which we considered the same value for all three technologies,
although different values could have easily been used.

Apart from these parameters, we have also considered normal
pdf distributions for the following two variables:

electricity price at the initial period—mean of 52.0€/MW h and
standard deviation of 8.0 €/MW h;

yearly increase of the electricity price along the horizon—mean
of 2% and standard deviation of 1%.

Finally, the following data was also used:

the demand displays an annual increase of 4%. This value was
considered fixed along the horizon and it affects all steps of the
load duration curve already mentioned. It could also have been
modelled by a normal pdf distribution and so subjected to the
sampling process as referred in Sections 2-4;

the discount rate was set at 5%;

load A
(MW)]
3500 T
32001
2800 |~ 'E """"" E—[
2400 {-4--------- . —_—
2100 {-4--------- A R —— T
— —— f —— t —— —>
5 25 55 85 100 (%)

Fig. 5. Load duration curve for the initial year.

e the global value of each technology to be installed should lie in
specified ranges. These minimum and maximum limits reflect
strategic decisions and can induce the diversification of the
primary fuels used and so reflect energy policy, strategic or envi-
ronmental aspects. In this case, we considered the following
ranges: [35%; 50%], [30%; 45%] and [20%; 30%] for Tech_1, Tech_2
and for Tech_3;

in each period, it is also imposed that the capacity to install by

each agent should not exceed 50% of the total new capacity. This

can be used to prevent market power according to limits deter-
mined by regulatory boards and these constraints are modelled

by (10);

e in each period, the reserve margin should lie in the interval [20%;
35%] and LOLE should be smaller than 8 h per year. These values
can reflect indications in Quality of Service Codes as a way to
ensure the reliability and the security of supply.

Using the above values, we ran the expansion planning algo-
rithm admitting that GENCO_1 is building its own expansion plan
using this tool to get insight on how the parameters and the pos-
sible behavior of the other two competitors influence the decision
process. In the first place, Fig. 6 details the expansion plan that was
obtained for GENCO_1. As a whole, this agent will install 750 MW
for Tech_1, 450 MW for Tech_2 and 400 MW for Tech_3 along the
planning horizon. Figs. 7 and 8 detail the expansion plans obtained
for GENCO’s 2 and 3.

Fig. 9 details the evolution of the total installed capacity and of
the demand along the horizon. This figure indicates that both the
installed capacity and the demand have similar evolutions reflect-
ing the fact that we included constraints related with the reserve
margin and with LOLE along the horizon. The evolution of LOLE is
presented in Fig. 10 showing that the steady behavior of this indi-
cator is in line with the evolution of the reserve margin. Finally,
Fig. 11 displays the evolution of the electricity price. It is possible

250
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§150—
=
= 100
D ' 1=

T1 T2 T3 T4 T5 T8 T7 T8 T9 Ti10 T11 T12 T13 T14 Ti15
Stage
Tech_1 ®Tech 2 ®Tech_3

Fig. 6. Generation expansion plan for Genco-1.
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Fig. 12. New generation expansion plan for Genco_1.

to notice that the price tends to increase towards the final stages as
a way to induce new investments so that the limits established for
the LOLE and for the reserve margin are not violated. This means
that the steady behaviors of the reserve margin and of LOLE are
a result of the price increase that contributes to turn investments
more attractive.

Let us now consider that GENCO_1 wants to perform a sensitiv-
ity analysis in order to evaluate the robustness of its plan regarding,
for instance, a change on the Operation and Maintenance Cost of
Tech_1. Admitting that the mean value of the Operation and Main-
tenance Cost of Tech_1 increases from 45 to 60€/MW h, it is built a
new expansion plan as shown in Fig. 12. One can notice that the
total new capacity of Tech_1 is reduced by 300 MW, the capac-
ity of Tech_2 is increased by 200 MW and Tech_3 remains at the
same level. As a whole, these results indicate that the total capac-
ity to install by GENCO_1 is reduced by 100 MW because constraint
(5) limits the capital that GENCO_1 has to invest. It happens that
Tech_2 has a larger investment cost when compared with Tech_1,
which leads to a reduction of the total installed capacity by this
agent. Accordingly, this new plan is a compromise resulting from
the larger investment cost of Tech_2 and its more reduced operation
cost.

6. Conclusions

In this paper we described a tool developed in order to help gen-
eration companies to build their own expansion plans while taking
in consideration the possible behavior of its competitors. The devel-
oped tool incorporates uncertainties affecting several parameters
modeled by pdf functions as well as a number of constraints related
with financial limitations and to ensure the security of supply. This
type of approaches can help generation companies to perform sen-
sitivity analysis namely to build more robust plans in view of the
increased risks affecting this activity in liberalized markets. As a
whole, it can play an important role helping generation companies
to build their expansion plans or gaining insight on how these plans
behave regarding changes on input parameters so that these plans
get more robust and the corresponding risk is minimized.
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