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Abstract — Generation companies operating in a 

competitive market face price and volume risks that affect their 
return. Being able to identify and quantify these risks for each 
type of generation asset and how they interact is fundamental 
when making investment decisions regarding the portfolio of 
generation assets. 

This paper proposes a set of tools to support the decision of 
investment in a portfolio of generation assets, according to 
portfolio theory. The concept of efficient frontier of risk and 
return as set in that theory is used to find optimal generation 
portfolios.  

Gas-, coal- and fuel- fired as well as hydroelectric and on-
shore wind power plants are considered. Risk and return are 
estimated through Monte Carlo simulation of free cash flows. For 
that effect, exogenous variables such as fuel, electricity and 
emission prices, wind speeds and water inflows are modeled with 
stochastic processes.     

Investment decisions are studied for two perspectives: fixed 
capital costs allocation and installed capacity allocation. 
Considering constraints for risk, return and capacity over the 
efficient Pareto frontier, decisions of buy and/or sell required to 
achieve optimal generation portfolios are pointed out. 
 

Index Terms — generation assets, investment decisions, portfolio 
theory, stochastic processes 
 

I. INTRODUCTION 

company owning a diversified set of assets – its portfolio of 
assets – faces a diversified set of uncertainties. A generation 
company’s portfolio of assets is composed by the different types 

of generation plants with different sources of energy such as thermal, 
nuclear, hydro, wind and other renewables. Each type of asset has 
different drivers of uncertainty that are correlated with one another. 
These uncertainties and interactions must be taken into account when 
deciding over the composition of the portfolio of assets. Since 
generation companies have limited resources to invest, and given the 
multiplicity and the interaction of the different sources of uncertainty, 
as well as the diversity of assets and possible portfolios, it makes 
sense to use the concept of efficient Pareto frontier of risk and return 
from portfolio theory to support the investment decision of a 
generation company when managing its portfolio of assets. 
 The different uncertainties that the generation assets are exposed 
to relate with different types of risk such as price and volume risks. 
Volume risk usually denotes uncertain demand as a result of market 
conditions. In addition, renewable power plants such as hydro and 
wind face the volume risk of uncertain production. Price risk denotes 
the uncertainty of future fuel and emissions’ prices as well as 
electricity price in the case of competitive market conditions. 
  Economics literature refers to risk meaning uncertainty quantified 
by its probability density function. More specifically, portfolio theory 
refers to risk as the dispersion of the return. Therefore, according to 
this theory, the probability density function of return needs to be 
determined.  
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 Considering return as the monetary outcome that the investment 
will provide, future free cash flows must be estimated. Monte Carlo 
simulation is used for that effect, as it is a commonly used technique 
that allows the probabilities of different outcomes of an investment 
project to be determined [1]. 
 This paper aims to propose an approach for estimating risk and 
return of a portfolio of generation assets, in order to determine an 
efficient frontier. Moreover, it also aims to relate the set of efficient 
portfolios with strategic directions of generation companies by 
introducing constraints for risk, return and capacity on the efficient 
frontier.  

The paper has the following structure: Section II shortly revises 
the basic concepts of portfolio theory; Section III describes the 
considered method to valuate generation assets and to estimate their 
risks and returns; Section IV considers 2 perspectives to study the 
investment decision: capital costs allocation and capacity allocation; 
this section also addresses the usage of constraints super imposed on 
the efficient frontier; Section V illustrates the overall approach to 
support the investment decision; finally, in section VI we draw some 
conclusions. 

 

II. PORTFOLIO THEORY 

 Portfolio theory had its foundations established in the middle of 
the 20th century as a result of the PhD thesis of the Nobel prize 
winner Harry Markowitz. Since then it has evolved into a 
consolidated theory often used nowadays in allocation problems of 
financial assets under uncertainty, with a strong presence in most of 
the economic and financial management literatures. 
 This theory was revolutionary at the time of its birth by explicitly 
considering return, risk and the interactions of different assets in the 
composition of a portfolio. It launched a pioneer methodology for the 
optimization and the selection of portfolio of assets from a risk-return 
efficient frontier. It provided the evidence for diversification and for 
the different portfolio choices of different investors, based upon the 
trade-off between risk and return and different risk aversions. 

A. Portfolio of assets 

 Considering a portfolio of N  assets ),...,1( Ni = , its return 
Pr  is 

the weighted average of the assets’ return 
ir , with 

iw  the weights of 

the investment in the thi  asset over the total investment. 
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 Given the expected return 
iµ  and the standard deviation 

iσ  for 

each asset, as well as the correlation 
ijρ  between them, one can infer 

the expected return 
Pµ  and the risk 

Pσ  of the portfolio of N  assets 

according to: 
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where 
jiσ  is the covariance between the assets i  and j  calculated 

according to: 
[ ] ( )( )[ ] jiijYXijji YXErrCOV σσρµµσ =−−=≡,                                              

                                                                                                    (4) 
 A clarifying way of visualizing the domain of risk-return of a 
portfolio of assets it is a graphic risk-return, such as Fig. 1. 
 It must be noted that the resulting domain of risk-return of the 
portfolio depends on the characteristics of the assets that compose it. 
Fig. 1 illustrates the mentioned trade-off between risk and return.  
 

B. Portfolio selection 

 From all possible portfolios of N assets, the selection must only 
consider the portfolios over the optimal Pareto frontier of the domain 
of options. Markowitz identified that frontier as the efficient frontier 
of risk and return [2]. 
 The efficient frontier of risk and return contains all the portfolios 
that can not suffer an improvement in both risk and return among the 
alternative options. Therefore, the alternative selection of portfolios 
along the efficient frontier with higher returns implies, as well, higher 
risks (and vice-versa). These portfolios are considered optimal. 
 

  

III.  VALUATION OF GENERATION ASSETS 

 In this paper, the value of a set of generation assets is established 
through Monte Carlo simulation of each type of asset’s operation 
under market conditions. Under this approach, a number of uncertain 
exogenous variables related to the plants operation need to be 
modeled (coal fired power plants depend on the price of coal; the 
same way as wind power production depends on the intensity of wind 
speed). Once the uncertainty is modeled, the free cash flows of each 
asset can be simulated and, as a consequence, their risk and return. 

A. Exogenous processes 

 The uncertainty is modeled using stochastic processes. The 
following exogenous variables are considered: fuel, emission and 
electricity prices, wind speeds, and water inflows. 
 

1) Prices of fuel, electricity and CO2 emissions 
 It is assumed that fuel, electricity prices and CO2 emission prices 

( )ts  follow mean reversion stochastic processes [3-5]. This process 

takes the form: 
 

( )[ ] dzdts
s

ds σφλ +−= ln                                                          (5) 

 
where λ  is the reversion strength,  φ  is the logarithm of the long-

term value, σ  is the volatility and z  follows a Wiener process.  It is 
assumed that the CO2 emission prices also follow this process. 
Considering the process ( )sy ln= , making use of Itô’s lemma, a 

simpler process denoted Ornstein-Unlenbeck is obtained: 
 

( ) dzdtydy σλ +−Ω=                                                              (6)  

where 
λ

σφ
2

2

−=Ω .  

Its properties are: 
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Using these properties along with the relation yes = , one 
can infer the properties of the original process of ( )ts : 
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A suitable discrete-time autoregressive model of 1st order 

AR(1) often used for the description of the Ornstein-Uhlenbeck  
process (6) takes the form: 
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where  tδ  it is the time frame between 

iy  and 
1−iy , and 

iε  are 

random drawings from a normal distribution ( )
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 Once the parameters of process (6) are known, one can generate 
trajectories 

nY  of the process using its discrete-version (11). Later, 

trajectories 
nS  for the original price process (5) are obtained 

calculating nY
n eS = .  

 
Correlation 
 Typically fossil fuel prices move in tandem, which means their 
processes are correlated. The way to impose the correlation is by 
correlating the random drawings 

iε  of each process. The correlated 

Wiener processes ρε i
 are extracted from a matrix ρW  such that: 

 

WAW '=ρ                                                                               (12) 
 
where W  contains uncorrelated random drawings 

iε  for  each fuel 

process, and 'A  is obtained through the Cholesky decomposition of 
the covariance matrix C  of the fuel processes, such that: 
 

AAC '=                                                                                   (13) 
 
The elements of the covariance matrix are obtained according to (4).  
  

2) Wind speed 
 It is the random behavior of wind that determines how much 
power a wind turbine generates. Several studies show that wind 
speeds follow a Weibull distribution [6], according to: 
 

 
Fig. 1.  Graphic risk-return of a portfolio of assets. 
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where x  is the wind speed, k  the shape parameter andλ  the scale 
parameter. These parameters are site specific. Particularly, the  shape 
parameter is set such that the expected value of the Weibull 
distribution is the annual average of the wind speed at the nth 
location.   
 However, a simple draw of values from a Weibull distribution 
does not describe the autocorrelation between wind speeds of 
consecutive time instants, neither does describe the cross correlation 
among close locations. A process that deals with those questions is 
defined in [7].  
 The present work uses a process which is based in that process, 
but uses a uni-dimensional AR(1) filter to impose autocorrelation and 
does not consider cross correlation. 
 Considering { }0: ≥tZ t

 a time series of wind speeds, 

),(~ λkWeibullZt
,  the relation between these samples and 

normal distributions is: 
 

( )( )k

ttt YXZ
/122 +=                                                                  (15) 

 
where ),0(~, 2σNYX tt

 and ),...,1( Ttt = , such that: 
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The properties of tZ  are known from stochastic theory: 
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The second moment as a function of the correlation ji ,ρ  between 

the normal samples iX  / jX  and iY  / jY   is also known [8]:  
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where Γ  is the gamma function and 

12 F  the hypergeometric 

function (a). 
Since the components of the correlation matrix S  are given by: 
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Substituting (17), (18) and (19) into (20), one can obtain the relation 
of the auto correlation 

jis ,
 between the wind speed samples 

iZ  and 

jZ  with the auto correlation 
ji ,ρ  of the normal samples iX  / jX  

and iY  / jY : 
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Autocorrelation 

In order to impose the autocorrelation, the autoregressive 
filter AR(1) is considered to generate normal samples 

tV : 

 

ttt VV εφ += −1
                                                                        (22) 

 

where 
tε  are random drawings of a normal distribution ),0( 2σN  

and φ  is the autocorrelation of  the normal samples 
tX  and 

tY  and 

is   determined through (21), once the autocorrelation 
jis ,
 of the 

wind speed samples is known. 
It is proven from stochastic theory [9] that in case of a stationary 

process of the form (22) ( )1<φ , its properties are such: 
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Thus, considering 22 1 φσ −= , one has auto correlated normal 

samples )1,0(~ NVt
. 

 Knowing the autocorrelations of the wind speed series, the scale 
parameter and the annual average wind speed, a number of steps 
should be taken in order to generate the wind speed time series. First, 
one must determine the scale parameter through (17), given the 
annual average wind speed. Second, the auto correlations (φ ) to use 

regarding the normal samples are determined through the implicit 
function (21). Given φ , the next step is to generate 2 autocorrelated 

normal samples through (22). Afterwards, the normal samples are 

multiplied by 2σ  (obtained through (16)), to assure the aimed 

properties. Finally, one obtains the wind speed samples using the pair 
of normal samples according to (15). 

 
3) Water inflows 

Monthly natural water inflows typically show seasonality. 
Seasonality is present not only in monthly mean values and standard 
deviation, as well as in the autocorrelation structure. A widely used 
process that deals with periodic seasonality of the inflows it is the 
multivariate periodic autoregressive model of 1st order PAR(1) [10 - 
11].  
 Considering { }0: ≥tQt

 a seasonal time series of inflows with 

period s , the time index may be regarded as a function of the year 
),...,1( NTT = , the season ),...,1( smm =  such that 
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msTt +−= )1( . The process { }0: ≥tX t
 PAR(1) considered 

takes the form: 
 

mttmt XX ,1 εφ += −                                                                   (25) 

 
where 

mt ,ε  are random drawings of a normal distribution, 
mφ  is the 

autocorrelation between season m and season 1−m , thus assuring 
the periodic correlational structure of the inflows and 

tX  is a 

standardization of the logarithm of the inflows that assures 
stationarity and normality of the process (25): 
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L
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where 

mµ  is the mean and 
mσ  the standard deviation of the 

logarithm of the inflows 
tL , for each season m. 

After the standardization with (26), the variance of  
tX  is 

unitary, hence, according to (24): 
 

)1( 22
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Considering (26) and (28) into (25), one obtains the 

process to generate the logarithm of the inflows:   
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 Once the parameters of (29) have been estimated, using a historic 
time series of inflows, one can generate through (29) a series of the 
logarithm of the inflows L  with a Monte Carlo simulation. 
Afterwards, the series of inflows Q  is obtained through the inverse 

function of (27), LeQ =    

 

B. Power 

Wind and hydroelectric power are generated through the respective 
wind speed and water inflows time series. For thermal power, we will 
consider an annual average of equivalent hours working at maximum 
capacity.  
 

1) Wind power 
Wind power production finds its source in the kinetic 

energy of the wind. Knowing the wind speed that flows through the 
wind turbine, the maximum generated power is determined as 
follows: 

 

( )23 2/
2

1
DvP airE πρ=                                                           (30) 

 
where 

EP  is the maximum generated power,
airρ  is the density of the 

air, v  the wind speed and D  the diameter of the turbine.  
However, not all the kinetic power of the wind is transformed 

into electric power. One must take into account the efficiency of the 
power generator as well as the wind speed range in which the turbine 
generates power, between the cut in and the cut out. This relation is 

expressed in the power curve of each turbine model. Knowing the 
time series of wind speeds, simulated with the process mentioned in 
sub subsection III.A.2), one obtains the time series of power through 
the power curve. 

 
2) Hydropower 

Hydroelectric plants find their energetic source in the 
potential energy of the natural water inflows. Knowing the difference 
of the height of the upstream and downstream water level that the 
natural inflows suffer, taking into account the efficiency of the power 
generator as well as the losses during the fall of the inflows, one can 
determine the maximum electric power generated: 

ηαρ )1( −∆= hgqP águaH
                                                          (31) 

where 
HP  is the maximum generated power,  q  is the water inflow, 

OH2
ρ  is the water density, g  is the acceleration of gravity, h∆  is 

the difference of the up and downstream water levels, α  accounts for 
the losses during the fall, and η  is the efficiency of the generator. 

Knowing the time series of inflows simulated with the process 
mentioned in sub subsection III.A.3) and the hydro power plant 
specifics regarding efficiency, one obtains the time series of power 
through (7). 
 

C. Annual free cash flows 

The estimation of annual free cash flows is fundamental for the 
assessment of an investment. It represents the cash that a company is 
able to generate after laying out the money required to maintain or 
expand its asset base. It is the balance between the operating cash 
flows and the capital expenditures. 

The operating cash flows of a power plant depend on the value 
of its production 

ep , the electricity, the fuel costs 
fuelp , the CO2 

emissions em and its costs 
2COp  , the costs of operation and 

maintenance 
OMc , and the efficiency η . The free cash flows fcf , 

apart from the operating cash flows, depend as well on the tax rate tx  
and the value of depreciation of the plant dep: 
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In case of a renewable power plant, there are no fuel costs, neither 
costs of emission: 
 

( )[ ]( ) deptxdepcepfcf OMttelnewablest +−−−= 1.Re
                                              

                                                                                                  (33) 
 
 In case of thermal plants, trajectories of free cash flows can be 
generated using trajectories of electricity, fuel and CO2 prices 
generated with the processes mentioned in subsection III.A.  In the 
case of renewable power plants, the free cash flows trajectories use 
trajectories of wind power or hydropower generated as described in 
subsection III.B.  
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D. Metrics for risk and return 

In order to compare investments in assets with different life 
times, according with the portfolio theory’s criteria of risk-return, the 
correlation between the return of different investments must be 
estimated. Therefore, the returns should be referenced to a common 
time frame. For that effect, let us consider as a measure of return 

tr  

the ratio between the annual free cash flows 
tfcf  and the annualized 

fixed capital cost  cc , subtracted by a unit, to have the portion of 

investment that refers to added value:  
 

1−=
t

t
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fcf
r                                                                             (34) 

 
 Assuming that the investment is concentrated in the beginning of 
the project and considering that it can be equally distributed along 
the lifetime of the plant, the annualized fixed capital cost cc may be 

regarded as an annuity, determined as follows:  
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where i  is the discount rate expected by the investors, lt  is the life 
time of the plant, and I  the investment made in time 0. 
 Knowing the probability density function of the annual free cash 
flows, constructed as depicted in subsection III.C, and the annual 
fixed capital cost of a plant, determined through (35), one can infer 
the probability density function of the annual return and determine its 

expected value 
tr

µ  and its variance 2

tr
σ  according to: 
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 It must be pointed that since the measurement of risk adopted is 
through the dispersion of the annual return, the adequate discount 
rate to use in (35) is the riskless one, assuring no previous 
considerations on risk [12]. 

Once the probability density function of the return of each 
type of asset is known for different years, one can define proxies of 
the metrics of risk and return needed for portfolio theory’s analysis 
on section II – the expected value and standard deviation of return. 
Considering N  risk-return sets estimated for N  years: 
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where i  identifies each type of asset, 
ir

µ  its expected value, 
ir

σ  its 

standard deviation, and  
ijσ  the covariance between assets i  and j . 

IV.  SELECTION OF PORTFOLIOS OF GENERATION ASSETS  

A. Investment allocation 

Taking proxies (38), (39) and (40) into definitions (2) and (3), for a 
portfolio of N  assets: 
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satisfying  0≥iw  and 1
1

=∑
=

N

i
iw . 

 Using these equations, the sets of risk-return of possible portfolios 
with the N  considered assets can be mapped. The mapping is done 
iteratively, changing the different weights 

iw  in each iteration. 

B. Capacity allocation 

The mapping of the risk-return sets of possible portfolios 
mentioned above is done considering the relative weight of each type 
of asset in the total annual fixed capital cost. However, this relative 
weight is not the most adequate reference to assess investments on 
generation portfolios. On the one hand one must take into account the 
total amount of investment required; on the other hand it should be 
possible to equate the portfolio of assets with a strategic orientation 
of the generation company such as, for example, installed capacity. 
 For that effect, let us redefine the weights defined in (41) as a 
function of the installed capacity of each of the N  assets: 

∑
=

= n

i
ii

ii
i

p

p
w

1

λ

λ                                                                            (42) 

where 
iλ  is specific annual fixed capital cost of the each asset 

(€/MW.year) and 
ip  its installed capacity. Considering a desired 

total installed capacity, 
TP , and the relative weight of each asset 

iw in annual fixed capital costs, one obtains the installed capacity of 

each asset solving the linear system SAp = , where:                                                              

 
Fig. 2.  Histogram of absolute frequencies of illustrative annual free cash 
flows of a thermal power plant, out of a sample of 1000 trajectories, 
considering 4500 equivalent hours working at nominal power of 400MW. 
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[ ] T

nipp =  

Each asset installed capacity 
ip  is obtained solving:  

SAp 1−=                                                                               (45) 

 Having the weights of annual fixed capital cost of each asset related 
with its installed capacity, it is possible to relate the assessment of the 
investment in a portfolio of generation asset with the strategic goals of 
attaining a given installed capacity 

TP  as well as establishing a 

minimum or maximum capacity of a given type of asset. It is also 
possible to identify actions of buy and/ or sell generation assets towards 
optimal portfolio and determine the correspondent required investment. 
 
Constraints for installed capacity, risk and return  
  In order to take into account considerations of risk and return of the 
investor, one can superimpose constraints for risk and return on the 
efficient frontier, once this is mapped. Assuming that the current 
weights of each type of asset *

iw  reflect adequate levels of risk and 

return, it is natural to constraint the selection of portfolios over the 
efficient frontier to portfolios that represent a Pareto improvement from 
the current portfolio. The selection is therefore limited to portfolios 
with higher return and lower risk than the current one: 

**
PPPP σσµµ ≤∧≥ .  

 In addition, with the new definition of the relative weights in (42), 
solving (45), one can introduce criteria for minimum percentage of, for 
example, renewable power plants. This allows the investor to take into 
account a number of new factors (e.g., environmental concerns, EU 
guidelines and regulations, state subsidies, etc).  
 

 
 

 

C. Decisions to buy and/ or sell towards an optimal portfolio 

Given an optimal portfolio of the efficient frontier, 
considering constraints for risk, return and installed capacity, one can 
identify decisions of buy and/ or sell generation assets according to: 

1,2, iii ppp −=∆                                                                       (46) 
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where 
1,ip  and 

2,ip  are the current and the optimal installed 

capacity obtained as described in subsection IV.B. 

V. ILLUSTRATION 

As an illustration, let us consider 5 types of generation assets as 

possible investments, with specific investment iτ , specific annual 

capital cost iλ  and lifetime lt  as depicted in Table I.   

 
Let us now consider the current portfolio of a generation company as 
 shown in Table II.   
 

 
The expected return and risk of the considered type of assets as 

well as of the current portfolio are registered in Table III. They were 
estimated according to (38) and (39), through a Monte Carlo 
simulation of the respective annual free cash flows, as depicted in 
subsection III.C, using the stochastic processes mentioned in 
subsection III.A. The parameters of those processes, the correlations 
of the returns, the plants parameters and other assumptions for 
estimating the free cash flows are shown in Tables 7-14.  
 In the case of thermal power plants it is assumed an annual fixed 
demand equivalent to 4500 hours working at nominal power. It is 
also assumed that its entire production is sold through pool and that 
the generation company must buy CO2 emission certificates for all of 
its thermal production. 

 
Fig. 4. At the left, we show portfolios of the efficient frontier constrained for 
installed capacity. At the right, we show portfolios of the efficient frontier 
constrained for risk and return.  
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Fig. 3. At the left, we show portfolios of the domain of risk and return 
constrained for installed capacity. At the right, we show portfolios of the 
domain of possible portfolios constrained for risk and return. The constraint 
for risk and return only considers Pareto improvements from the current 
portfolio.  

TABLE II 
CURRENT PORTFOLIO 

i Nr. plants 
Installed 
capacity[M€/M
W] 

1 1 400 
2 1 400 
3 1 400 
4 1 390 
5 1 24 
  1614 

 

TABLE I 
GENERATION ASSET’S CHARACTERISTICS 

i Description iτ  [M€/MW] iλ  [m€/year.MW] lt [years] 

1 Coal 0.475 48.38 20 
2 CCGT* 0.475 48.38 20 
3 Fuel-oil 0.475 48,38 20 
4 Hydro 0.897 73.36 50 
5 Wind 1 101.85 20 
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 In the case of hydro and wind power plants, it is assumed that the 
entire production is consumed at a fixed tariff applicable throughout 
its lifetime, respectively 60 and 70 €/MWh. 
 In both cases – thermal and renewable, the operation and 
maintenance costs 

OMc  are considered negligible.  

 

 
 Let us look at 2 scenarios, considering a difference of 4€/MWh in 
the long-term pool price of electricity, keeping the rest of the 
parameters constant. 

Under both scenarios, the following constraints for risk, return and 
installed capacity are superimposed on the efficient Pareto frontier of 
risk-return of the domain of portfolios for each scenario: 

3.0** ≥∧≥∧≤ ∑ j jrrrr p
pppp

µµσσ  

where ( )** ,
pP rr µσ  is the risk-return set of the current portfolio and 

jp  is the installed capacity of the asset j , a renewable asset. The 

resulting optimal alternative portfolios are depicted in Fig. 5. 
 From this point on, the choice of one portfolio out of the set of 
optimal portfolios resulting from the imposed constraints over the 
efficient frontier of risk-return depends upon the risk aversion of the 
decision makers, as well as other constraints such as the availability 
of licenses to build certain type of assets, the opportunities of buying 
and/ or selling other types of assets, constrains of budget, etc. 
   
 

 
 

 As an illustration of the alternative optimal portfolios, let us look 
with more detail into the portfolios with lowest B/D and highest A/C 
sets of risk-return of each scenario. 

 

  
 
 It can be seen that the trade-off between risk and return among 
A/C to B/D relates to a higher amount of CCGT power plants in the 
former as a contrast to a higher amount of wind power plants in the 
latter. This result is coherent with the idea that riskier portfolios are 
composed of riskier assets. 
 Considering a goal of total installed capacity 20% higher than the 
current one, which results in a new target 

TP = 1936MW, solving 

(45) and then (46) and (47), one determines the actions of buy and/ 
or sell, as well as the investment required to achieve each of the 
optimal portfolios depicted in Fig. 5 – A, B, C and D, which are 
registered in Table V.  
 

 
 Considering data from Table I, for the mentioned total installed 
capacity, the expected free cash flows and their standard deviation 
estimated for each of those portfolios are in Table VI. 
 

 
 

A clear visualization of the difference between the highest and the 
lowest set risk-return (A and B/ C and D) is through the probability 
density function of the free cash flows. As an illustration for scenario 
1, those cases are depicted in figure 6. 
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Fig. 6.  Probability distribution of the free cash flows of the portfolios with 
lower and higher risk-return sets. 

TABLE VI 
EXPECTED FREE CASH FLOWS AND STANDARD DEVIATION [M€] 

i Scenario 1 Scenario 2 

 A   B  C   D   
E[FCF] 278.6 239.6 283.5 236.9 
VAR[FCF]1/2 58.6 37.9 57.5 46.3 

 

TABLE V 
DECISIONS OF BUY AND SELL ASSETS [MW]. 

i Scenario 1 Scenario 2 

 A   B  C   D   
1 -278 -132 -158 -141 
2 824 404 689 506 
3 -400 -400 -400 -400 
4 -148 -36 -71 -49 
5 324.7 486 263 406 

TABLE III 
EXPECTED RISK AND RETURN OF EACH TYPE OF ASSET AND CURRENT 

PORTFOLIO 

i Description Scenario 1 Scenario 2  

 
 

ir
µ   % 

ir
σ  % 

ir
µ  % 

ir
σ  % 

1 Coal 35.31 69.70 54.98 74.93 
2 CCGT* 85.49 61.77 106.85 67.86 
3 Fuel-oil 8.01 76.91 28.61 81.15 
4 Hydro 30.93 47.00 30.93 47.00 
5 Wind 8.28 2.90 8.28 2.90 
Current 
portfolio 

 
38.10 38.57 51.51 39.06 

      

TABLE IV 
WEIGHTS OF INSTALLED CAPACITY OF EACH TYPE OF 

ASSET OF PORTFOLIOS WITH HIGHEST AND LOWEST 

SET OF RISK-RETURN, UNDER SCENARIO 1 AND 2 

i Scenario 1 Scenario 2 

 A   % B  % C  % D  % 
1 6.33 13.85 12.49 13.37 
2 63.17 41.56 56.21 46.78 
3 0 0 0 0 
4 12.50 18.27 16.47 17.63 
5 18.00 26.32 14.83 22.22 

Pr
µ  51.63 38.68 61.84 51.98 

Pr
σ  

31.88 21.95 32.83 26.64 

 
Fig. 5. The lines illustrate the set of optimal portfolios of the efficient 
frontier under scenario 1 and 2, respecting the constraints for risk, return and 
capacity. B/D and A/C indicate the lowest and highest sets of risk-return for 
scenario 1 and scenario 2. The isolated points ate the right represent the 
current portfolio under each scenario. 

 
A 
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VI. CONCLUSION 

The investment decision in a portfolio of generation assets has 
been addressed in this paper. An approach to display optimal 
combinations for the decision maker to take into consideration when 
deciding where to invest is proposed.  

Each different selection among those optimal portfolios always 
represents a trade-off between risk and return, as in the efficient 
frontier of the portfolio theory. 

 In addition to adding constraints for risk and return over the 
efficient frontier, this paper also describes a way to introduce 
constraints for capacity over the domain, making it possible to relate 
the investment decision with strategic guidelines of the generation 
company. 

The return and risk of the portfolios are computed as defined in 
portfolio theory. Monte Carlo simulation is used to estimate the 
return and risk of each type of asset, as well as their interaction, 
through the estimation of free cash flows.  

The approach presented is general and other models of valuation 
as well as other stochastic processes may be considered for 
estimating the return and risk of the generation assets in a more 
sophisticated and detailed manner.  

Summing up, this approach, when properly framed, can bring 
clarity when the time comes to decide what generation assets to buy 
and to sell regarding the implication those actions may have on levels 
of risk and return. 
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TABLE VII 
PLANTS PARAMETERS 

i 
Efficiency 
η  

CO2 
emmissions 
[ton/GJ] 

1 36% 0.0767 
2 57% 0.056 
3 32% 0.074 
4 87% - 
5 Fig.7 - 
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Monthly averages and standard deviations of water inflows, as well as 
monthly autocorrelations were computed using the data available for a 
hydroelectric power plant located in Douro river [13]. 
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Fig. 12. For scenario 1, the domain of risk-return is represented in a lighter grey; 
the efficient frontier in a darker grey; and the portfolios constrained for risk, 
return and capacity are represented in black.    

TABLE XIV 
ASSUMPTIONS FOR ESTIMATING FREE 

CASH FLOWS 

Riskless 
discoun
t rate 

8% 

Tax rate 35% 
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Fig. 8. For scenario 1, the domain of risk-return is represented in a lighter grey; 
the efficient frontier in a darker grey; and the portfolios constrained for risk, 
return and capacity are represented in black.    
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Fig. 7.  Power curve of a Vesta V44 600/44, with nominal capacity of 
600kW. 

TABLE XIII 
ESTIMATED CORRELATIONS BETWEEN THE RETURNS 

UNDER SCENARIO 2 

i 1 2 3 4 5 
1 1 0 0.7 0 0 
2 0 1 0.2 0 0 
3 0.7 0.2 1 0 0 
4 0 0 0 1 0 
5 0 0 0 0 1 

 
 

 

TABLE XII 
ESTIMATED CORRELATIONS BETWEEN THE 

RETURNS UNDER SCENARIO 1 

i 1 2 3 4 5 
1 1 0 0.6 0 0 
2 0 1 0.6 0 0 
3 0.6 0.6 1 0 0 
4 0 0 0 1 0 
5 0 0 0 0 1 

 
 

 

TABLE XI 
WIND SPEED’  PROCESS PARAMETERS  

Autocorrelation 0.4 
Weibull shape parameter  2.2 

Annual mean wind speed 5.5 m/s 

TABLE IX 
FOSSIL FUELS’  MATRIX OF CORRELATION 

 Coal  Gas 
 

Oil 
 

Coal 1 0.2 0.2 
Gas 0.2 1 0.2 
Oil 0.2 0.2 1 

TABLE X 
HYDROELECTRIC POWER 

PARAMETERS  

h∆  58 m 

α  5% 

 

TABLE VIII 
PRICES’  PROCESS PARAMETERS 

 Prices 
 Electricity 

[€/MWh] 
CO2 

[€/ton] 
Coal 

[€/GJ] 
Gas 

[€/GJ] 
Oil 

[€/GJ] 
S(0) 58 17 1.48 3.3 3.3 

λ  1.93 0.05 0.1 0.1 0.1 

φ  Log(40) 
/Log(44) 

Log(30.6) Log(0.9) Log(1.5) Log(1.6) 

σ  0.6 0.15 0.25 0.4 0.35 


