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1 Introduction 

The purpose of this research is to study the economic and financial aspects in the production of 

electricity with particular attention to the production of renewable energy. The issue of renewable 

energy has become of enormous interest in the financial circles that deal with the electricity market 

and we are witnessing an exponential growth of this type of energy, under the impulse, for example, 

of the 2015 Paris agreements, settled by the “United Nations Framework Convention on Climate 

Change” (see UNFCCC, 2015) which aims to mitigate climate change by reducing emissions of 

greenhouse gases (GHGs) and the subsequent well-known “greenhouse effect”. 

The installation of wind turbines and photovoltaic (PV) panels is currently booming, and this trend 

is expected to continue in the near future. These systems allow injecting on the market (in addition 

to a possible personal use) electricity with low environmental impact and with relatively low 

production costs. The “green energy” thus produced has an important impact on electricity prices 

through the typical auction mechanism in the day-ahead market (Deane et al. 2017). The 

development of renewable energies has recently been addressed in the specialized literature under 

various aspects. For example, Patlitzianas & Flamos (2016) analyze its development in the GCC 

countries; Pekez et al. (2016) show how the expansion of renewable energy sources (RES) is a 

possible solution to the problem of climate change. 

It is therefore easy to understand how the whole economic/financial system that directly or 

indirectly has its interests in the field of electricity must now consider the income deriving from wind, 

photovoltaic or mixed plants, passing through the modeling of both the electricity prices curve and 

climatic factors that come into play in the production of renewable energy. Other financial aspects to 

be taken into account, addressed in this research, concern the use of derivative instruments (such 

as futures with all their characteristics and quanto-options with their precarious balance due to 

price/production risk) and the application of the theory of portfolio selection to achieve optimal 

management of a mixed type plant (photovoltaic and wind). 

In the present research the topic is addressed starting from the study of the electricity market in 

its many characteristic and focusing mainly on the economic-financial aspects with particular regard 
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to the peculiar aspect of the liberalization of the electricity markets and the consequent greater 

volatility of energy prices that leads to an expansion of the electricity derivatives trade. In addition, 

this market is currently undergoing major transformations following the introduction of renewable 

energy. For these reasons, we understand how the study of the pricing electricity derivatives is a 

challenging task due to the unique characteristics of the underlying shares and raw materials (such 

as non-storability, generation and transmission constraints, seasonality and meteorological 

influences, etc…). In particular, we must remember that, in the context of the prices of electricity 

there must always be a balance between the production and consumption of electricity in order to 

avoid the collapse of the grid. Furthermore, the no arbitrage paradigm does not apply to commodity 

futures prices since, for example, storage costs are often required. Futures contracts aim to pre-fix 

the price of electricity and are therefore used to protect against adverse changes in spot prices that 

occur during the delivery period. Additionally, investors can use them to gain a position in the 

electricity markets, avoiding the hassle of holding the underlying commodity. 

As for the existing literature on the subject, a general and exhaustive survey about electricity 

derivatives is presented in Aïd book (2015). Benth and Krühner (2015) provide their contribution by 

analyzing specifically the pricing of typical energy derivatives. An interesting application regarding 

the price of electricity derivatives on an hourly basis, is that provided by Branger et al. (2010) with 

reference to the German market. In particular the authors show how risk premiums are time-

dependent and they linked this variation with the dynamic hedging fluctuations incurred by 

consumers and producers. Starting point for identifying the factors that influence the ex-post forward 

premium and which will be included in the proposed models, is the work of Redl and Bunn (2010) 

that apply their econometric models to the Western European Power market (EEX). An overview of 

three of the main European energy markets (German, Dutch and French) is provided by Diko et al. 

(2006) which show how the risk premium structure are closely related to depends the skewness and 

the variance of the spot prices. 

As regards electricity futures, we can remember the works of Ballester et al. (2016) that deal with 

futures products within the Spanish market MIBEL (Iberian Electricity Market) and Bauwens et  al. 

(2013) that examine electricity futures within the European Energy Exchange index. Lucia and Torró 
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(2011) investigate empirically how spot and futures prices in electricity markets are linked using 

some futures contracts data inherent the Nordic Power Exchange market. They prove the presence 

of average positive risk premiums when considering short-term contracts. Botterud et al. (2010), who 

deal with spot and futures prices data in the Nord Pool market, show that futures prices are 

significantly higher than the corresponding spot prices and they deduce that the convenience yield 

is on average negative. Besides, it shares a seasonal trend and it is linked to hydro reservoirs levels 

as the hydroelectric component of this market is sizeable. In this survey, the authors highlight that 

the convenience yield and risk premium are both negative and then opposite respect to other 

commodities. 

In the present research work, we investigate about Italian futures traded on the IDEX market. This 

market is rather young (set up in 2008) and, at our knowledge, no academic surveys are available 

yet. We examine the possible interrelations concerning futures and spot prices, and we deduce some 

consequences concerning the ex-post risk premium and the net convenience yield. We investigate 

thoroughly the explanatory variables which can affect ex-post risk premium and net convenience 

yield by using several regression techniques (linear regression, partial least squares regression and 

principal components regression) which generalize the surveys of Botterud et al. (2010) and Weron 

and Zator (2014). The associated adequacy tests showed a good accordance with the regression 

models proposed to explain ex-post risk premium and net convenience yield. 

A detailed survey about the recent literature on electricity price modelling and forecasting has 

been carried out by Weron (2014). Other references include the work of Cartea and Figueroa (2005), 

which presented a mean-reverting jump diffusion model for the electricity spot price and derived the 

corresponding jump diffusion model. Borovkova and Schmeck (2017) developed a novel approach 

to electricity price modelling based on the technique of stochastic time change and specified the 

base process as a mean-reverting jump diffusion and the time change as a continuous stochastic 

process with seasonal component. Several models describe the inversely proportional nature of 

electricity prices (Schwartz, 1997; Lucia & Schwartz, 2002) but fail to consider the presence of high 

peaks that cannot be overlooked. Instead, Merton (1990) introduces a model that takes these peaks 

into account by incorporating a jump component to model equity dynamics. Cartea and Figueroa 

4



 

(2005) and Lucia and Schwartz (2002) proposed a model that includes the three primary 

characteristics of electricity spot prices: mean reversion, jump and seasonality.  

In literature, we found other examples of time series analysis for price forecasting. Such examples 

include autoregressive integrated moving average (ARIMA) models (Contreras, Espinola, Nogales, 

& Conejo, 2003), generalised autoregressive conditional heteroskedasticity (GARCH) models 

(Garcia, Contreras, Van Akkeren, & Garcia, 2005), autoregressive gamma process, gamma 

autoregressive process and the ARFIMA-FIGARCH model (Caporin & Pres, 2012). 

As mentioned initially, a great transformation of the electricity market is due to the advent of 

renewable energies, such as wind and solar energy. These types of energies are subject to a strong 

component of uncertainty, due both to fluctuations in the price of electricity, as mentioned above, 

and to variations in wind intensity (as regards wind power) to which are added those of solar radiation 

and temperature (as far as solar is concerned). Consequently, the production of energy deriving from 

these renewable sources can be more or less profitable for the operators in the sector. 

For these reasons it is essential to optimally model the stochastic variables involved in the process 

that generates an income starting from the activation of a renewable energy plant, be it wind or solar 

or both. As already highlighted, the main variable of the research proposed here is the price of 

electricity in the reference market. Alongside this variable they play a crucial role in the work the 

climatic variables: the wind speed measured at the site of interest, the temperature and the solar 

radiation. There is also a derived variable, consisting of the amount of energy produced by the 

electric turbine or photovoltaic panel for each hour. Finally, we will obtain the expected income of 

the renewable energy park, given by the sum of the discounted values of the products of the 

electricity price for the quantity of energy produced every hour. The discounted values were 

calculated using a constant risk-free rate for the entire time interval. Since the interest rate is 

independent of the electricity price process and wind power generation, the model can easily be 

extended to include stochastic interest rates. 

Review of existing literature revealed how the characterisation of the income of a wind farm is 

rarely investigated. One exception is the study of Benth, Di Persio, and Lavagnini (2018) that applied 
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an Ornstein–Uhlenbeck model for wind intensity and electric energy production as well as a normal 

inverse Gaussian (NIG) distribution for the modelling of the logarithm of electricity spot prices. Also, 

in order to model properly the structure of dependence between wind intensity and the price of 

electricity, they replaced the small jumps of the NIG process by a Brownian term. The main purpose 

of this contribution was to use climate derivatives to cope with losses due to the decrease in wind 

intensity or price of electricity. Concerning the wind speed model, Nowotarski & Weron (2018) and 

Uniejewski, Weron, & Ziel (2019) use in their searches the Box–Cox transformation of the wind 

speed data, where the optimal exponent is determined such that the transformed values are close 

to a Gaussian distribution. A power transformation was applied by Sim, Maass and Lind (2019) with 

the same purpose. The problem is that the wind speed lacks a Gaussian distribution but is typically 

presented as a Weibull distribution, as widely described in the literature (Chang, 2011). Furthermore, 

the distribution of wind speed has high tails, indicating that rare events are more frequent than those 

contemplated by a Gaussian distribution (D’Amico, Petroni, & Prattico, 2015; Van Kuik & Peinke, 

2016).  

The correct assessment of the energy produced by PV panels and of the corresponding electricity 

prices allows the management of two important sources of uncertainty: the volumetric risk and the 

price risk. These two types of risk can overlap and therefore lead to even greater losses. The main 

references in the literature regarding the pricing of these options can be traced back to the works of 

Benth et al. (2015), Benth and Ibrahim (2017) and Caporin et al. (2012). Regarding the production 

of PV energy, some works use neural network techniques, for example, Graditi et al. (2016). Benth 

and Ibrahim (2017) use daily data of some PV plants located in Germany and determine a 

continuous-time process suitable to model the daily PV production. Finally, Lingohr and Müller (2019) 

determine a non-linear continuous-time autoregressive process for the production of solar energy by 

using infeed data in Germany. Neto et al. (2017) aim to perform a portfolio optimization of RES 

generation assets (hydroelectric, wind, and PV) for the Brazilian market. They also present an 

economic analysis by taking into account taxation and financing for the determination of the 

associated cash flows, but they do not take into account the spot electricity prices. 

6



 

The efficiency of a PV panel has been studied by several authors. For the determination of the 

modular temperature of a PV panel, we followed Faiman’s law (Faiman 2008). To fix the technical 

characteristics of the PV panel object of our study we referred to the contribution of Huld et al. (2011); 

Koehl et al. (2011) and Urraca et al. (2018). Solar radiation was studied by Saoud et al. (2018) 

through a quaternion-valued neural network with short-term forecasting purposes. Next, the impact 

of temperature on the PV panels production has been examined by Dubey et al. (2013), Singh & 

Ravindra (2012), and Barykina & Hammer (2017), for this reason, we have included the temperature 

among the stochastic variables to be modeled. In practice, we will observe that the impact of 

temperature on PV production is small, so we will only consider its deterministic component. Some 

works use neural network techniques to determine the PV energy production, for example, Monteiro 

et al. (2017), Yousif et al. (2017), and Graditi et al. (2016). Next, Benth et al. (2017) apply a 

continuous-time process and Lingohr and Müller (2019) apply a non-linear continuous-time AR 

process to model PV production. Regarding the wind speed, we can count in literature the following 

contributions. Caporin & Pres (2012a) show that the ARFIMA-FIGARCH process models efficiently 

the wind speed process; Chang (2011) applies Weibull distributions, a typical feature of wind speed 

distributions, with parameters estimated by MLE method; D’Amico et al. (2015a) simulate wind speed 

through indexed semi-Markov chains; Sim et al. (2019) apply at first a particular distribution of the 

data and then apply ARIMA processes. We list some references concerning temperature modeling: 

Benth & Benth (2011), Huang et al. (2018), Lee & Craine (2012), Türkvatan et al (2020), and 

Zapranis & Alexandridis (2011). These surveys highlight the main characteristics of the temperature 

(e.g. seasonality and autoregressive features) from which we will not deviate. A significant amount 

of literature has been produced on modeling electricity prices, fundamental references are Weron 

(2014) and Nowotarski & Weron (2018) with the related bibliographies. 

Finally, the topic of hybrid systems, that use both PV panels and wind generators, is addressed, 

since this type of systems are increasingly being used (see, e.g. Ferrer-Martí et al. (2013) and 

Domenech et al. (2019)). These systems are quite complex involving different technologies to 

produce energy. Wind energy mainly depends on the intensity of the wind and the energy produced 

is quantifiable through the power curve that characterizes the turbine. As regard PV energy, fixed a 
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panel with defined technical characteristics (size, semiconductor material, inclination, azimuth angle, 

...), its efficiency 3 depends on the incident solar radiation of the solar panel used and, to a certain 

extent, on other climatic variables such as wind intensity and temperature. A mixed plant allows us 

to take advantage of very different situations: during the night, the plant will be able to produce only 

wind energy, while in the daytime there will be a mixed production dependent on the meteorological 

conditions.  

The next aspect concerns the simultaneous volumetric risk and price risk with which a producer 

has to deal. We remind that the volumetric risk concerns a production lower than expected in a given 

interval. The market risk is due to a fall in electricity prices which implies that the sale of a given 

amount of electricity produces a lower income. These two risks can coexist and produce larger 

losses. To hedge against these losses, we can take advantage of a particular type of option, called 

quanto options (see Zhang, 2001 for a general overview). Note that in the framework of renewable 

energy production, the volumetric risk is caused by unfavorable climatic events: wind speed outside 

the working thresholds and/or low solar radiation, just to name a few. Quanto options were 

investigated by Benth et al. (2015) and Caporin et al. (2012b) to deal with temperature derivatives 

and by Benth et al. (2018) in the management of wind derivatives underlying the production of wind 

energy. 

The last aspect on which we focus is the optimal choice between the two production technologies. 

To do this, we use Markowitz's classic portfolio selection theory (see Markowitz (1952)). We consider 

a portfolio consisting of the expected income deriving from both wind and PV production and we 

determine the optimal mix that maximizes the overall income of our portfolio. We note that portfolio 

selection techniques in the energy sector have been addressed by several authors in the literature. 

Cucchiella et al. (2017) perform an economic analysis to evaluate the profitability of investments in 

RES in the Italian market, concerning incentives. Cunha & Ferreira (2014) apply the classical mean-

variance approach to a RES portfolio composed of hydropower, wind, and PV sources in the 

Portuguese market. deLlanoPaz et al. (2017) propose a literature review of the applications of 

portfolio theory to energy planning and electricity production. The authors assert that the inclusion 

of RES sources reduces portfolio risk. Muñoz et al. (2009) consider a portfolio composed of wind, 
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PV, minihydro, and thermoelectrical sources in the Spanish market. The associated cash flows are 

used to set up the internal rate of return and consequently to minimize the investment risk (and 

maximize the return) of the portfolio. Neto et al. (2017) apply portfolio theory with RES assets 

(hydroelectric, wind, and PV) for the Brazilian market and they perform an economic analysis 

considering taxation and financing. Besides, the need to consider energy portfolios in terms of 

mixtures of available generation technologies has been widely investigated by Lucheroni & Mari 

(2017, 2018) concerning minimization strategies for the LCOE (Levelized Cost of Energy) of the 

portfolio. Li et al. (2017) investigate the impact of wind and PV production for development in China. 

Yang et al. (2016) examine the consumer preference for electricity production when the quota of 

RES increases. Mahesh & Sandhu (2015) examine the benefits of considering hybrid energy 

systems wind-PV due to their complementary characteristics 

 

The research work therefore develops starting from the analysis of the problem of the volatility of 

electricity prices as a consequence of the liberalization of electricity markets and the introduction of 

renewable energy using different regression techniques to determine suitable explanatory variables 

regarding the possible connections between futures and spot prices and to consequently deduce 

information on the ex-post risk premium and the net convenience yield (Chapter 2). It then faces the 

estimate of the income generated by a wind turbine over a given time interval using a vector 

autoregressive process (VAR) that consider the dependence between wind speed and electricity 

price (Chapter 3) then moving on to the analysis of production of energy through photovoltaic (PV) 

panels. The efficiency and quantity of energy produced by a PV panel depend on both deterministic 

and stochastic factors; through the modeling of the latter is possible to estimate the energy 

production of a PV system with fixed technical characteristics. Besides, it is possible to determine 

the economic profitability of the plant using the hourly spot price curve of electricity and its correlation 

with solar radiation, via vector autoregressive models (Chapter 4). Then in Chapter 5 the research 

deals with analyzing the electricity generation of a mixed wind-photovoltaic system considering a 

multivariate model that involves not only the required climatic variables but also the price of electricity 

in order to evaluate the profitability of the system through the expected income. 
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The work, in all its articulations, deals with the financial aspects related to the electricity market 

and is based in particular on two financial variables: futures and the energy price curve of the zonal 

market. For this reason, this Chapter briefly summarize the most relevant aspects of these two 

variables below, reserving the right to further explore some aspects in the following chapters. The 

main references are also reported, referring to the appropriate section at the end of each chapter for 

the complete bibliography. 

 

1.1 Economic and Financial variables 

The data relating to the price of electricity are available on the website of the Italian company 

“Gestore Mercati Energetici” (http://www.mercatoelettrico.org/It/download/DatiS torici.aspx). We 

have considered the Sardinia zonal price for consistency with the climatic measurements, and we 

have used the values on an hourly basis from the period between 1/4/2004 and 31/12/2019. 

 

1.1.1 Electricity price 

With regard to the time interval considered, in the article presented in chapter 2 we have taken as a 

reference the time interval that goes from 08/01/2008 to 07/31/2018 for a total of 10 years, while for 

the following two we have opted for a period of 16 years (from 1/1/2004 to 31/12/2019). 

In general, we note that prices show high variability, mainly due to the presence of sudden peaks: 

although the average value is equal to 66.05 €/MWh, about 1% of prices reaches or exceeds a 

threshold of 200 €/MWh. The price of electricity strongly depends on the time and month, in fact 

there are two maximum peaks at 10 and 20, while the lowest values are found at night (during which 

the demand for energy drops). Focusing on the monthly trend, we note how prices on average reach 

the lowest values between March and May, while the highest values are recorded between July and 

September. There is also a strong variability between the years and in the period under review the 

highest average price occurred in 2008 and the lowest in 2016.  
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1.1.2 Power derivatives 

The analyzes conducted are based on data from IDEX, which trades both baseload and peakload 

power futures and which represents the Energy Derivatives part of IDEM which is the Italian 

derivatives market (conducted by Borsa Italiana). We remember that electricity futures are used by 

the operators as hedging tools to face unexpected risks since, as is known, one of the main 

characteristics of electricity price dynamics is the high volatility of the values. 

In detail, the two main sources of data used are the following: 

- time series for load and prices on an hourly basis (from April 20, 2004, to present): website 

http://www.mercatoelettrico.org/It/Download/DatiStorici.aspx. 

- futures prices for the IDEX market (from December 2011 to present): website 

http://www.borsaitaliana.it/borsaitaliana/statistiche/mercati/commodities/commodities.htm 

For our analyzes we opted for the use of monthly contracts, with delivery period one to three 

months.  

 

1.2 Climatic Variables 

Regarding climate variables, the hourly time series used in this work were obtained from NASA's 

MERRA-2 project (https://gmao.gsfc.nasa.gov/reanalysis/MERRA-2). We have chosen an Italian 

location and more precisely a point in the Sardinian region with the following coordinates: longitude 

8.75 and latitude 39.5. This locality corresponds to a Mediterranean-type climate (with good 

insolation all year round) and to a fatty soil that does not present particular geographical obstacles 

to irradiation.  

The data used in the various articles refer to slightly different time intervals for a matter of 

homogeneity with the other variables used for that particular analysis. 

Next, let's look at each variable in detail. 
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1.2.1 Wind speed 

The wind speed is deduced starting from the two codes present in the MERRA-2 database which 

represent its components: U2M (2 m east wind) and V2M (2 m north wind).  

The data used are on an hourly basis and which salient features can we note that, in general, 

values greater than 10 m/s represent only 0.09% of the dataset. We also note that the average wind 

intensity is closely linked to the time: the average speed increases until it reaches a peak around 2 

pm, then reverses the trend and decreases. Another aspect of the seasonality of wind intensity can 

be deduced from the monthly average values. 

With regard to the time interval considered, in analogy with what was found for the electricity price, 

also for the wind speed, in the article presented in chapter 3 we have taken as a reference the time 

interval that goes from 08/01/2008 to 07/31/2018 for a total of 10 years, while for the following two 

we have opted for a period of 16 years (from 1/1/2004 to 31/12/2019). 

 

1.2.2 Solar radiation 

The MERRA-2 code for solar radiation is SWGDN (surface_incoming_shortwave_fux). The data 

used refer to a time interval of 40 years (from 1/1/1980 to 31/12/2019) on an hourly basis. Zero 

values are reached before sunrise and after sunset. Furthermore, solar radiation has a maximum 

value for each geographical location and for each hour and day of the year which depends (in “clear 

sky” conditions) on the position of the sun. The actual value of the radiation at a given instant, 

therefore, represents a fraction of the maximum radiation that depends on atmospheric conditions 

such as cloud cover, fog, presence of dust, etc ... The maximum radiation value can be empirically 

estimated by extracting from the dataset the maximum radiation value for each hour and day of the 

year (so each of these values will be estimated in a subset with 40 records). 
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1.2.3 Temperature 

The MERRA-2 code for temperature is TS. The data used for the analyzes refer to a time span 

of 16 years (from 1/1/2004 to 31/12/2019) on an hourly basis. We note that extreme temperatures 

are unlikely, in fact they exceed 45° C are only 0.33% while the negative ones are 0.66% of the total. 
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2. Electricity derivatives: an application to the futures Italian 

market 

 

This Chapter is the result of a research work begun before the start of the PhD program and, 

thanks to this, improved and brought to completion and publication. It is a fundamental part of the 

entire research as it introduces the topic of electricity pricing in the Italian market by providing all the 

necessary tools for the development of the analyzes present in the following chapters. The innovative 

aspect of the work presented concerns both its application to a market not yet explored from this 

point of view, and the improvement of what has already been done in other contributions, thanks to 

regression techniques more suited to the phenomenon in question and the use of a wider set of 

explanatory variables. The modeling carried out, evaluated through different adequacy tests, show 

us the reliability of the results obtained. 
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Abstract

Since the liberalization of electricity markets, electricity prices are more volatile and 

expansion in electricity derivatives trading occurs. Indeed, a well-known feature of 

electricity prices concerns its high volatility. For this reason, operators use power 

futures to hedge against unexpected risk deriving from adverse fluctuations of spot 

prices within the planned delivering period. Indeed, futures contracts permit to fix 

the price of electricity in advance for the use in the scheduled period. Our paper 

is devoted specifically to the Italian electricity market. In this respect, we examine 

empirical data from IDEX, the Energy Derivatives part of the Italian derivatives 

market IDEM, administered by “Borsa Italiana.” We finally survey the possible con-

nections concerning futures and spot prices and, as a consequence, we deduce infor-

mation about important indicators whereof the ex-post risk premium and the net 

convenience yield. For this purpose, we use several regression techniques to deter-

mine suitable explanatory variables inherent the Italian market for the ex-post risk 

premium and the net convenience yield.

Keywords Electricity markets · Futures · Risk premium · Convenience yield · Linear 

regression · Partial least squares regression

JEL Classification C02 · C52 · G13 · G14

 * Giovanni Masala 

 gb.masala@unica.it

 Laura Casula 

 laura.casula@gmail.com

1 Dipartimento di Scienze Economiche e Aziendali, Università degli Studi di Cagliari, Cagliari, 

Italy

15

http://crossmark.crossref.org/dialog/?doi=10.1007/s00181-020-01915-2&domain=pdf


 L. Casula, G. Masala 

1 3

1 Introduction

As a consequence of the liberalization of electricity markets, electricity prices 

are extremely volatile, and expansion in electricity derivatives trading occurs. 

Besides, the electricity markets are currently coping with important transforma-

tions with the introduction of the category of renewable energies.

Pricing electricity derivatives is a challenging task because of the peculiar charac-

teristics of the underlying stocks and commodities (namely non-storability, genera-

tion and transmission binds, seasonality feature and weather influence for example).

A striking peculiarity of electricity derivatives pricing is that electricity pro-

duction and consumption must be in equilibrium at any time, to prevent net-

work collapses. Besides, the no-arbitrage paradigm does not hold for commod-

ity futures’ prices (unlike to typical investment assets). Indeed, storage costs, for 

example, are often needed.

Futures are used in the framework of energy risk management to hedge against 

adverse variations of spot prices occurring within the delivery period. Futures 

contracts aim to fix the price of electricity beforehand to manage efficiently the 

costs of future scheduled consumptions. The investors can also use futures to get 

a position in electricity markets but avoiding the problems of holding the under-

lying commodity.

Our paper is devoted to the Italian market. In this regard, we examine the IDEX 

market which is the Energy Derivatives part of IDEM (a company of London 

Stock Exchange Group), the Italian derivatives market administered by “Borsa 

Italiana.” This regulated market started in 2008, and it currently negotiates both 

baseload and peakload power futures (on a monthly, quarterly and yearly basis).

The underlying power spot market (which is the day-ahead market) is admin-

istered by GME (“Gestore Mercati Energetici”) which is a company managed by 

the state. Within this market, the so-called single national purchase price PUN 

(“Prezzo Unico Nazionale”) is estimated hourly through a weighted average of 

the zonal prices issued by the day-ahead market. We examine then in detail the 

risk premium and the convenience yield associated with futures contracts. The 

risk premium permits to analyze the links between spot and futures prices and the 

convenience yield represents the advantage of holding the physical commodity.

We list hereafter some significant and recent contributions concerning electric-

ity Markets.

We present at first some general references about electricity derivatives.

A general and exhaustive survey about electricity derivatives is presented in 

Aïd book (2015).

Benth and Krühner (2015) examine the pricing of typical energy derivatives. 

Besides, they set up a theoretical framework for modeling forwards contracts in 

an infinite-dimensional context.

Branger et  al. (2010) aim to price electricity derivatives with hourly basis. 

They focus then on the German market, and they emphasize that risk premiums 

are time-dependent. They linked this variation with the dynamic hedging fluctua-

tions incurred by consumers and producers.
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Redl and Bunn (2010) present a classification of the factors which influence the 

ex-post forward premium (such as fuels and higher moments). The authors apply 

econometric models, and they examine specifically the Western European Power 

market (EEX).

Diko et al. (2006) survey three important European energy markets (namely Ger-

man, Dutch and French). The authors deduce then the dynamic features of the risk 

premiums for these markets. They highlight significant risk premiums from empiri-

cal data. Finally, they find evidence that the risk premium structure depends on 

the skewness and the variance of the spot prices. For this purpose, the effect of the 

skewness is decreasing on time to maturity. Then, the variability prevails and forces 

the risk premium to decrease.

Then, we present some contributions focused mainly on electricity futures.

Ballester et al. (2016) analyze futures products within the Spanish market MIBEL 

(Iberian Electricity Market). The authors investigate some price relationships, for 

example, between futures market and the forward and spot market.

Bauwens et  al. (2013) examine electricity futures within the European Energy 

Exchange index. They take into account a particular multiplicative dynamic condi-

tional correlation model (namely mDCC) to investigate about the dynamic feature of 

the volatility and the correlation.

Flasza et al. (2011) apply an econometric model for the pricing of long-term elec-

tricity futures. For this purpose, the authors use data coming from EEX AG, and 

they deduce some typical characteristics of the German market. Finally, the authors 

take into account some fuels prices (oil, coal, natural gas), emission allowances and 

some financial assets (for example Germany bonds with 1 and 10 years maturity and 

EUR/USD exchange rate).

Fleten et  al. (2015) investigate, in their survey, the dynamic links involving 

electricity futures prices and some fossil fuels contracts. They examine data from 

Germany and the UK markets, and they find evidence that time-varying relations 

between these contracts are more suitable.

The links between spot and futures prices have also been investigated by Handika 

and Trück (2013). The authors analyzed some regional Australian electricity mar-

kets. They highlighted that, for several regions, the (ex-post) risk premiums are sig-

nificant and positive. Another finding concerns the seasonality of the premiums.

Islyaev and Date (2015) set up a one-factor model to price electricity futures con-

tracts. This model allows random volatility, and they perform numerical applications 

by using a database from the Nord Pool market.

Lucia and Torró (2011) investigate empirically in their survey how spot and 

futures prices in electricity markets are linked. For this purpose, they use some 

futures contracts data inherent the Nordic Power Exchange market. They prove 

the presence of average positive risk premiums when considering short-term con-

tracts. The amplitude of the premiums exhibits seasonality as already proved in 

other surveys. Besides, the authors observe that the risk premiums depend on higher 

moments of the future spot prices (variance and skewness) in particular periods.

Shawky et al. (2003) analyze the features of the spot and futures prices coming from 

the New York Mercantile Exchange (for the California–Oregon Border electricity mar-

ket). They also investigate the links involving spot and futures prices/returns using a 
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dynamic approach. For this purpose, they use an Exponential GARCH model for prices 

and a vector autoregression model for returns.

We conclude with the following papers which deal with risk premium and conveni-

ence yield in the Nord Pool market.

Botterud et al. (2010) examined spot and futures prices data in the Nord Pool mar-

ket. They discover that futures prices are significantly higher than the corresponding 

spot prices. They deduce that the convenience yield is on average negative. Besides, 

it shares a seasonal trend and it is linked to hydro reservoirs levels as the hydroelectric 

component of this market is sizeable. In this survey, the authors highlight that the con-

venience yield and risk premium are both negative and then opposite respect to other 

commodities.

Weron and Zator (2014) applied correctly the linear regression to study the links 

between the spot and futures prices in electricity markets. In particular, they investigate 

the errors generated in simultaneity problems as well as correlated measurements and 

the consequences of seasonality on the overall results. Finally, they discover (applica-

tion to the Nord Pool market) that the levels of water reservoir have a positive effect on 

the risk premium. Nevertheless, this expected result disproves the findings of Botterud 

et al. (2010).

In this contribution, we investigate about Italian futures traded on the IDEX mar-

ket. This market is rather young (set up in 2008) and, at our knowledge, no academic 

surveys are available yet. We examine the possible interrelations concerning futures 

and spot prices, and we deduce some consequences concerning the ex-post risk pre-

mium and the net convenience yield. We investigate thoroughly the explanatory vari-

ables which can affect ex-post risk premium and net convenience yield by using several 

regression techniques (linear regression, partial least squares regression and prin-

cipal components regression) which generalize the surveys of Botterud et  al. (2010) 

and Weron and Zator (2014). The associated adequacy tests (such as the adjusted 

R-squared) showed a good accordance with the regression models proposed to explain 

ex-post risk premium and net convenience yield.

According to the references listed before, some typical explanatory variables are 

certainly fuel prices (oil, coal, natural gas) and higher spot price moments (variance, 

skewness, and kurtosis). We then tried to enlarge the set of variables in order to include 

some calendar variables or other variables specific to the Italian market.

The paper is partitioned as follows. In the current Sect. 1, we have introduced the 

objectives of our survey, and we have listed state of the art about electricity futures in 

several markets. Section 2 is dedicated to theoretical aspects involving spot and futures 

electricity prices and the implementation to the Italian IDEX market. The description 

of the database used is preliminarily presented. The factors which affect the net conven-

ience yield and ex-post risk premium are analyzed in Sect. 3 through suitable general 

regression techniques. Finally, Sect. 4 concludes.
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2  Power derivatives

2.1  Database description

IDEX represents the Energy Derivatives part of IDEM which is the Italian deriv-

atives market (conducted by Borsa Italiana). It is part of London Stock Exchange 

Group (information can be retrieved in the brochure edited by “Borsa Italiana”). 

The IDEX market launched in 2008 trades both baseload and peakload power 

futures (note that peakload products were introduced later on May 2013). A well-

known characteristic of electricity price dynamics is represented by high volatil-

ity values. For this purpose, electricity futures may be used by the operators as 

hedging tools to face unexpected risks. This produces a more efficient business 

management.

We describe hereafter these products’ characteristics.

Regards the underlying power spot market:

• The day-ahead electricity market is administered by GME (“Gestore Mercati 

Energetici”) which is state-owned;
• The so-called single national purchase price (namely “Prezzo Unico Nazi-

onale”—PUN), estimated hourly, is determined by the weighted mean of the 

zonal prices coming from the day-ahead market.

The traded futures are categorized as follows: monthly, quarterly and yearly 

products (both baseload and peakload). The specific features of these contracts 

are illustrated in the IDEX brochure edited by Borsa Italiana: http://st.forma zione 

.ilsol e24or e.com/a/energ y2014 /broch ure/IDEX_Broch ure.pdf.

We just note that these contracts are quoted in €/MWh.

The participants of IDEX markets (suppliers/producers, energy consumers, 

and financial players/traders) use the futures to satisfy their specific goals.

The access to trading occurs via a financial intermediary or direct membership.

The platform used for IDEX trading is the so-called  SOLA® platform (also used 

for the IDEM market). Trading also occurs on the Trayport GlobalVisionSM Portal.

Cassa di Compensazione e Garanzia (CC&G) is the main agency and ensures 

the execution of all the market transactions. CC&G has a separate section (Energy 

Derivatives Section), and it comprises a Default Fund to manage the products 

traded on IDEX. Additional information can be retrieved by consulting Borsa 

Italiana website (http://www.borsa itali ana.it).

Historical time series for load and prices on an hourly basis are available on 

the website http://www.merca toele ttric o.org/It/Downl oad/DatiS toric i.aspx (from 

April 20, 2004, to present).

Besides, futures prices for the IDEX market can be freely downloaded from the 

website http://www.borsa itali ana.it/borsa itali ana/stati stich e/merca ti/commo ditie s/

commo ditie s.htm (from December 2011 to present). We will conduct our survey 

only for monthly contracts (with delivery period one to three months) which are 

the ultimate contracts.
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We illustrate in Fig. 1 the baseload monthly contracts for the next three calendar 

months delivery. The main statistics for baseload, peakload, and spot prices are then 

given in Table 1.

We can highlight from Fig.  1 that the futures with delivery 1–3  months are 

strongly correlated with each other. The correlation coefficients for each pair of 

futures are 98.14% (1–2 months); 95.58% (1–3 months) and 97.71% (2–3 months). 

The futures are also strongly correlated with the spot prices. Indeed the correlations 

are, respectively: 88.13%, 85.80%, and 82.65% (for delivery 1–3  months, respec-

tively). The baseload futures share then the same trend as the underlying spot prices 

and the correlation decreases with delivery time but remains strong.

The same conclusions hold for peakload futures. The correlation coefficients for 

each pair of futures are 92.20% (1–2  months); 82.59% (1–3  months) and 91.34% 

(2–3 months). The futures are also strongly correlated with the spot prices. Indeed 

the correlations are, respectively: 78.82%, 76.94%, and 69.85% (for delivery 

1–3 months, respectively). The peakload futures share then the same trend as the 

underlying spot prices and the correlation decreases with delivery time but remains 

strong. Note that the correlations with spot prices are lower with respect to the case 

of baseload contracts.

We deduce, as expected, that monthly futures are rather less volatile than the 

underlying spot prices. Besides, baseload and peakload contracts present very simi-

lar features.

2.2  Spot and futures prices

We can investigate the links involving commodity spot and futures prices through 

two specific theories. The first one deals with the cost and measures the interest 

of keeping inventories. The second approach takes into account the standard risk 

Fig. 1  Baseload monthly contracts (next three calendar months delivery) for the period Dec. 2011/Sept. 

2016
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Table 1  Summary statistics: monthly baseload/peakload futures contracts versus spot prices

Indicator Baseload 1 month Baseload 2 months Baseload 3 months Peakload 1 month Peakload 2 months Peakload 3 months Spot price

Mean 57.58 58.08 58.32 57.56 58.32 58.45 59.72

Median 56.63 58.49 58.44 56.50 56.88 57.75 59.35

SD 13.08 12.82 12.49 11.36 11.13 10.65 15.01

Coeff. of variation 0.23 0.22 0.21 0.20 0.19 0.18 0.25

Kurtosis − 0.89 − 1.00 − 1.05 − 0.79 − 0.87 − 0.99 0.99

Skewness 0.12 0.08 0.11 − 0.10 0.02 0.07 0.54

Range 50.75 49.24 48.30 45.50 44.16 40.25 111.68

Minimum 31.50 31.51 33.00 32.75 34.50 37.00 24.99

Maximum 82.25 80.75 81.30 78.25 78.66 77.25 136.67

Count 1220 1220 1220 861 861 861 1220

2
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premium to assess the link between short- and long-term prices. These theories 

must be adjusted carefully to fit the peculiarities of the electricity markets.

Concerning the first approach, inventories are fundamental to determine the 

price of commodities which can be stored. Indeed, in the light of storage theory, 

the divergence between spot prices and futures prices becomes clearer. The con-

cept of convenience yield has been introduced to measure the “convenience” in 

storing a given commodity. Specifically, it represents a sort of liquidity premium 

linked to the benefit of keeping this commodity. Besides, it represents the possi-

ble supply of this commodity at a future date, and it decreases with respect to the 

stocks quantity.

The formula for the futures price, F
t, T

 , at a time t  for delivery at time t + T  

assumes the usual paradigm of no arbitrage among the spot and the futures prices:

where S
t
 denotes the spot price at the time t , r

T
 is the usual risk-free interest rate for 

the holding period T  , u
T
 denotes the storage expense and yT is the convenience yield 

over the period T  . Note also that the storage expense and the convenience yield are 

given as a fraction of spot price.

We say that futures market presents “backwardation” when the actual spot 

price exceeds futures price. In this case, the net convenience yield (defined as 

yT − uT ) is positive and greater than the risk-free interest rate. In the opposite 

situation, we introduce the term “contango.” The percentage of backwardation for 

baseload is 60.25%, 56.31% and 53.36% for 1–3-month delivery. The percentage 

for peakload contracts is, respectively, 20.91%, 20.33%, and 24.04%.

We note that for baseload contracts backwardation status prevails, whereas 

contango prevails for peakload contracts.

Regards the second approach, the price of a futures contract F
t, T

 , at a time t 

for delivery at time t + T  is expressed as the expected future spot price, E
t

(

S
t+T

)

 , 

plus a so-called risk premium associated with the underlying commodity. We 

denote here i
T
 an opportune risk-adjusted discount rate associated with the com-

modity over the period T  . We can then express the futures price as:

where pT = iT − rT represents the risk premium associated with this commodity.

We deduce from this formula that futures price coincides with the expected 

future spot price if the risk premium vanishes. This occurs when the equality 

i
T
= r

T
 holds.

Finally, we observe that we can introduce the risk premium concept even when 

the commodity involved is not storable. Instead, regards the second approach, 

note that the no-arbitrage paradigm does not hold anymore. In this situation, we 

cannot buy a non-storable commodity in a spot market and afterward sell it in a 

futures market to realize a risk-free condition.

Additional details about these two approaches can be retrieved in Botterud 

et al. (2010) and Weron and Zator (2014).

(1)Ft, T = St ⋅ e
rT+uT−yT

(2)Ft, T = Et

(

St+T

)

⋅ e
rT−iT = Et

(

St+T

)

⋅ e
−pT
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2.3  An application to the Italian IDEX market

In Fig. 2 we present the spot prices’ dynamics and compare then with the prices 

of baseload futures contracts given in Fig. 1. We observe that the futures with one 

to three-month delivery share the same trend as the spot price, whereas this trend 

slightly decreases with respect to time delivery (the same feature also holds for 

peakload contracts). The high values of linear correlations involving the spot and 

the futures prices unveiled previously confirm this finding.

We illustrate then the interrelations concerning spot and futures prices through 

the two approaches just described. We determine at first the characteristics con-

cerning the net convenience yield. Afterward, we investigate the presence of 

eventual risk premium concerning the futures market. (as in Botterud et al. 2010; 

Weron and Zator 2014 surveys).

As outlined in Sect.  2.2, the convenience yield represents the advantage of 

holding the physical commodity. Whenever the net convenience yield is posi-

tive, this entails that the convenience yield proves to exceed the costs of storage. 

Besides, we deduce that if the net convenience yield exceeds the risk-free interest 

rate, as a consequence the spot price is greater than the futures price.

We now estimate the (net) convenience yield for monthly futures contracts 

with one to three months until delivery by using all available historical data. We 

assume here a zero interest rate.

Remark We can use, as a proxy for the risk-free interest rate, the return of Treas-

ury Bills “BOT” (“Buoni Ordinari del Tesoro”) with six-month maturity. The yearly 

returns, retrieved from http://www.dt.tesor o.it, have been the following: 0.80% 

(2013), 0.43% (2014), 0.052% (2015) and − 0.161% (2016). Besides, when consid-

ering short periods (1–2–3 months), the returns become negligible so that we can 

assume, without loss of generality, a zero risk-free interest rate.

Fig. 2  Spot prices for the interval Dec. 2011/Sept. 2016
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For this purpose, we deduce from Eq. (1) the formula which gives the net conveni-

ence yield:

where cv
t, T

 is the net convenience yield, at day t , for holding period T  months, S
t
 

represents the spot price at day t , F
t, T

 represents the futures price at day t for con-

tract with delivery in months t + T .

Table 2 illustrates some statistics for the net convenience yield. We observe that for 

baseload contracts, the net convenience yield is on average positive for every holding 

period. We deduce that the spot price reveals to be generally higher than the futures 

price (as observed before). Besides, its standard deviation increases with respect to 

the time of delivery. Furthermore, the extreme values differ widely. For example, the 

baseload future with 3-month delivery has minimum value − 0.50 and maximum value 

+ 0.88. On the contrary, for peakload contracts, the net convenience yield is on average 

negative for every holding period so that the spot price reveals to be generally lower 

than the futures price (indeed contango status prevails). The other characteristics are 

similar. Some test statistics are included in Table 2.

We present in Fig. 3 the net convenience yield only for baseload monthly futures 

with delivery 1, 2 and 3 months.

Figure 3 highlights some seasonal patterns (as well as for peakload version). The 

futures market alternates backwardation and contango states.

In spite of the previous discussion, convenience yield notion may not be suitable 

within electricity markets. Indeed, the profit from detaining electricity is not evident 

and quantifiable; this is still a challenging problem.

Let examine the second approach again. We have stated the forward price is the sum 

of the expected spot price with an (ex-ante) risk premium. As a consequence, the ex-

ante risk premium is understood as a prevision of the spot price minus the forward 

price. We deduce then from Eq. (2):

where E
t

(

S
t+T

)

 is the expected value (performed at the time t ) concerning the spot 

price at the time t + T  and F
t, T

 represents the price at the time t of a futures contract 

with delivery period at the time t + T .

In practical terms, it may be suitable to use as a proxy of the ex-ante risk premium 

pT the effective ex-post risk premium. The ex-post risk premium estimation requires 

substituting the expectation E
t

(

S
t+T

)

 by the actual value at the time t + T , i.e., S
t+T

.

Thus, the so-called ex-post risk premium can be estimated as:

Finally, as a consequence of a straightforward calculation (see Weron and Zator 

(2014)) we deduce that the net convenience yield is the result of the difference 

(3)cvt, T = yT − uT = ln
St

Ft, T

(4)pT = ln
Et

(

St+T

)

Ft, T

(5)p̂T = ln
St+T

Ft, T
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Table 2  Summary statistics: net convenience yield baseload and peakload (next three calendar months)

**Significance level 99.9% (p value included between parentheses)

Indicator Baseload 1 month Baseload 2 months Baseload 3 months Peakload 1 month Peakload 2 months Peakload 3 months

Mean 0.03** (p = 1) 0.02** (p = 1) 0.02** (p = 1) − 0.08** (p = 1) − 0.09** (p = 1) − 0.10** (p = 1)

Median 0.03 0.02 0.01 − 0.08 − 0.10 − 0.11

SD 0.11** (p = 0.9892) 0.12** (p = 0.9892) 0.14** (p = 0.9892) 0.13** (p = 0.9872) 0.13** (p = 0.9872) 0.15** (p = 0.9872)

Coeff. of variation 3.52 5.75 8.88 1.60 1.42 1.58

Kurtosis 4.39 3.25 2.35 4.02 2.52 1.46

Skewness 0.69 0.64 0.52 0.69 0.60 0.46

Range 1.23 1.26 1.38 1.31 1.28 1.37

Minimum − 0.42 − 0.43 − 0.50 − 0.56 − 0.55 − 0.64

Maximum 0.80 0.83 0.88 0.75 0.73 0.73

Count 1220 1220 1220 861 861 861
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between two terms: the effective risk premium and the change of the spot price in 

the interval [t, t + T] . That is:

where ΔS
t, T

 represents the variation of the spot price in the interval [t, t + T].

Next, we present in Fig. 4 the ex-post risk premium only for baseload monthly 

futures with delivery 1–3 months.

Table 3 reveals the main statistics for the ex-post risk premium for monthly base-

load and peakload futures contracts with delivery 1–3 months.

We note that for baseload and peakload contracts, the ex-post risk premium is 

on average negative for every holding period and its volatility increases respect to 

delivery time.

(6)cvt, T = ln
St

Ft, T

= ln

(

St+T

Ft, T

⋅

St

St+T

)

= p̂T − ln
St+T

St

≃ p̂T − ΔSt, T

Fig. 3  Net convenience yield—baseload monthly (next three calendar months)

Fig. 4  Ex-post risk premium—baseload monthly (delivery next three calendar months)
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Table 3  Summary statistics: ex-post risk premium—baseload and peakload monthly (delivery next three calendar months)

Indicator Baseload 1 month Baseload 2 months Baseload 3 months Peakload 1 month Peakload 2 months Peakload 3 months

Mean − 0.01 − 0.03 − 0.05 − 0.02 − 0.03 − 0.05

Median − 0.02 − 0.03 − 0.05 − 0.03 − 0.04 − 0.04

SD 0.10 0.11 0.12 0.11 0.13 0.14

Coeff. of variation 7.25 3.38 2.26 7.16 3.77 3.07

Kurtosis 0.79 0.79 0.56 1.80 1.52 1.03

Skewness 0.19 − 0.04 0.15 0.60 0.33 0.38

Range 0.63 0.67 0.66 0.75 0.81 0.78

Minimum − 0.35 − 0.37 − 0.34 − 0.39 − 0.40 − 0.38

Maximum 0.28 0.30 0.31 0.37 0.41 0.40

Count 1198 1176 1155 839 817 796

2
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See Botterud et al. (2010) and Weron and Zator (2014) again for further details.

3  Linear regression for risk premium and convenience yield

3.1  Multiple linear regression

We perform a regression analysis to explain net convenience yield and ex-post risk 

premium for monthly contracts (both baseload and peakload) for 1–3-month deliv-

ery. The purpose is to set up the more suitable explanatory variables and their rela-

tive impact on the dependent variable.

As a preliminary investigation, we can take into account the following groups of 

regressors:

• Spot price (with variance, skewness, and kurtosis; lagged spot prices values may 

also be considered).

Spot price values are freely available from http://www.merca toele ttric o.org/

It/Downl oad/DatiS toric i.aspx. The data are available from April 20, 2004, on an 

hourly basis and can be then converted on a daily basis. Then, the daily variance, 

skewness, and kurtosis can be estimated for each day by considering the 24 hourly 

values given for this day. We also consider lagged spot price values up to 5 lags.

• Calendar variables (months, seasons, day of the week, time to delivery).

The regressors representing the calendar variables (12 months, four seasons and 

the five opening market days of the week) are simply given by Boolean vectors with 

ones and zeroes (except for the time to delivery which represents the exact number 

of days before the start of the delivery period). A preliminary analysis highlighted 

that seasons and days of the week are never significant.

• Energy and fuel prices (coal, carbon emissions, oil, gas, gasoline, heating oil).

We consider as a proxy for coal price the Dow Jones Coal (DJUSCL). The his-

torical values can be retrieved at the following link: http://www.inves ting.com/indic 

es/dj-coal-histo rical -data.

The carbon emission historical data can be retrieved at the following link: http://

www.inves ting.com/commo ditie s/carbo n-emiss ions-histo rical -data.

Finally, the other data concerning oil, gas, gasoline and heating oil prices are 

available on the U.S. Energy Information Administration page http://www.eia.

gov. Specifically, the sources for these data are, respectively: http://www.eia.gov/

dnav/pet/hist/LeafH andle r.ashx?n=PET&s=RBRTE &f=D (available from May 

20, 1987); http://www.eia.gov/dnav/ng/hist/rngwh hdd.htm (available from January 

7, 1997); http://www.eia.gov/dnav/pet/hist/LeafH andle r.ashx?n=PET&s=EER_

EPD2F _PF4_Y35NY _DPG&f=D (available from Mach 11, 2003); http://www.
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eia.gov/dnav/pet/hist/LeafH andle r.ashx?n=PET&s=EER_EPMRR _PF4_Y05LA 

_DPG&f=D (available from June 2, 1986).

These data (available on a daily basis for opening market days) are highly corre-

lated. We present in Table 4 their correlation matrix.

Some statistics for these variables are presented in the subsequent Table 5.

The data are characterized by a high variability as we can deduce from standard 

deviation and range.

• Economic indicators (industrial production, consumer price index, load with 

some lagged values).

Economic indicators for Italy can be downloaded from the National Institute of 

Statistics http://www.istat .it/en. We take into account the following two indices: the 

industrial production IP and the consumer price index CPI. The data are accessible 

on a monthly basis.

These two series are weakly correlated (the correlation coefficient is 15.28%). 

The source for load (consumption) data is the same as for the spot price values. 

These data are available on an hourly basis. Besides, we consider lagged load values 

up to 5 lags.

• Climatic indices (temperature, solar radiation, wind intensity).

Table 4  Correlation matrix energy products’ prices

Oil (%) Gas (%) Gasoline (%) Heating oil (%) Carbon (%) Coal (%)

Oil 100 53 92 99 17 90

Gas 53 100 45 55 − 32 33

Gasoline 92 45 100 91 22 81

Heating oil 99 55 91 100 18 90

Carbon 17 − 32 22 18 100 39

Coal 90 33 81 90 39 100

Table 5  Summary statistics 

(oil, gas, gasoline, heating oil, 

carbon, coal) for the period Dec. 

2011/Sept. 2016

Indicator Oil Gas Gasoline Heating oil Carbon Coal

Mean 85.15 3.21 2.45 2.35 6.96 112.05

Median 103.09 3.04 2.71 2.75 6.80 127.74

SD 30.09 0.90 0.68 0.76 1.89 60.70

Kurtosis − 1.48 2.42 − 0.95 − 1.39 − 0.31 − 0.46

Skewness − 0.47 0.91 − 0.51 − 0.51 0.51 0.18

Range 102.13 6.66 3.56 2.49 9.86 262.34

Minimum 26.01 1.49 0.62 0.82 3.15 12.33

Maximum 128.14 8.15 4.18 3.30 13.01 274.67

Count 1220 1220 1220 1220 1220 1220
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Climatic indices may be suitable regressors. For example, solar radiation and 

wind intensity are essential for the production of renewable energies. Nevertheless, 

these variables vary considerably throughout the country so that it is rather difficult 

to capture their overall effects.

Regards the temperature we could, for example, perform the mean daily values 

measured for the main Italian cities. Besides, we can construct an alternative tem-

perature index � as a mixture of heating and cooling degree days (HDD and CDD) 

as follows (where T is the mean daily temperature):

The daily temperature values and wind intensity data are available for example 

through the WeatherData command of Mathematica software.

See for this purpose the following page: https ://refer ence.wolfr am.com/langu age/

ref/Weath erDat a.html.

This temperature index is weakly correlated with futures contracts. For example, 

the correlations with monthly baseload futures (delivery 1–3 months) are, respec-

tively, 22.79%, 13.82%, and 5.23%.

We have then obtained at this stage a set of 37 explanatory variables.

The choice for explanatory variables comes, in part, from literature references 

discussed before (for example skewness, variance, temperature index, calendar vari-

ables), and in part from some characteristics of the Italian Market (for example eco-

nomic indicators and load).

The general equation of the multivariate regression is:

where the dependent variable yt denotes, in turn, the convenience yield and the ex-

post risk premium. Besides, the explanatory variables are M
i
 (months), F

i
 (energy 

and fuel prices), E
i
 (economic indicators), I

i
 (spot price moments), P

t
 (spot price 

with some lags), L
t
 (load with some lags), � (temperature index) and T  (time to 

delivery).

Remark The electricity production sources for the Italian market (concerning the 

year 2014) are given in Fig. 5. These data can be retrieved from Terna annual report 

(see http://www.terna .it; “Statistical Data on Electricity in Italy—2014”), and they 

may be useful to list the factors which affect the Italian electricity markets.

𝜏 =

⎧
⎪
⎨
⎪
⎩

T − 20 T > 20

0 if 16 < T < 20

16 if T < 16

yt =

12
∑

i=1

�i ⋅ Mi +

6
∑

i=1

�i ⋅ Fi +

2
∑

i=1

�i ⋅ Ei +

3
∑

i=1

�i ⋅ Ii

+

5
∑

i=0

�i ⋅ Pt−i +

5
∑

i=0

�i ⋅ Lt−i + � ⋅ � + � ⋅ T + �
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We perform now a multivariate regression analysis to explain the ex-post risk 

premium and the net convenience yield for monthly futures contracts with one to 

three-month delivery (both baseload and peakload). For this purpose, we should 

seek for each case, adequate explanatory variables. These regressors should be 

all significant at a given level (for example 5%). We then test the performance of 

the regression thanks to the most common indicators (namely the R-squared and 

adjusted R-squared).

To handle a high number of regressors, we use an algorithm developed within 

xlstat software. For this purpose, we can fix the number of regressors (from one 

to the maximum number of available regressors). The algorithm determines, for 

each number, the optimal selection of regressors which maximizes the adjusted 

R-squared (other criterions are also available, such as Akaike’s AIC, MSE, Mal-

lows Cp, Schwarz’s SBC or Amemiya’s PC). This selection is performed for each 

combination of regressors. For the final selection, we can also estimate the impact 

of adding or removing a particular explanatory variable (keeping the other regres-

sors in the selection set). Besides, the determination of the normalized regression 

coefficients (often called beta coefficients) permits to establish the weight of the 

associated variable. Indeed a higher absolute value of the beta coefficient cor-

responds to a higher impact of this regressor in the explanation of the dependent 

variable.

We then examine in a separate analysis the two kinds of monthly futures (namely 

baseload and peakload) for net convenience yield and ex-post risk premium, 

respectively.

• Baseload monthly futures (net convenience yield).

We show in Fig. 6 the adjusted R-squared as a function of the number of regres-

sors (the optimal regressors have been selected for each fixed number of regressors 

through the optimization of the adjusted R-squared). We have presented in the same 

plot the three delivery period types: 1-month delivery (series 1), 2-month deliv-

ery (series 2) and 3-month delivery (series 3). We note at first that the adequacy 

Fig. 5  Electricity production sources for year 2014—Italy (Terna annual report)
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performance improves with longer delivery periods. Besides, the adjusted R-squared 

improves slowly if we include more than 12 explanatory variables. This is an impor-

tant remark to set up the more parsimonious model. The best adjusted R-squared 

values attained are 81.40% (1 month), 85.30% (2 months) and 90.10% (3 months).

We examine now thoroughly the optimal explanatory variables. We exhibit in 

Fig. 7 the normalized beta coefficients (for 3-month delivery time for brevity) to 

visualize the impact (positive or negative) of each regressor. The coefficients are 

significant with a confidence level of 95%.

The meaning of each regressor is listed in Table 6.

The following explanatory variables have a positive impact: spot price, load, 

skewness, time t. d., months (except August), load 3-lags, load 4-lags, oil, gas, 

CPI, carbon, coal.

The following explanatory variables have a negative impact: variance, kurto-

sis, load 1-lag, spot price 1-lag, spot price 2-lags, spot price 3-lags, spot price 

4-lags, gasoline, heating oil, IP.

The most important variables are spot price, months (overall), oil, heating oil, 

CPI.

Fig. 6  Adjusted R-squared versus number of explanatory variables for convenience yield (baseload 

futures)

Fig. 7  Normalized regression coefficients for net convenience yield (baseload futures—3-month deliv-

ery)
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Finally, we plot in Fig. 8 the predicted values (estimated from the parameters’ 

regression, with confidence interval 95%) against the real values of the dependent 

variable by considering all the regressors (for 3-month delivery contract).

The results of adequacy tests for the regression estimations with all the explana-

tory variables are presented in Table 7. We consider several indicators (we present 

here futures with time to delivery 1–3 months).

In addition to (Adjusted) R-squared, we include also in the table DF (degrees of 

freedom of the model), MSE (mean squares of errors), MAPE (mean absolute per-

centage error), DW (Durbin-Watson statistic), Cp (Mallows’ Cp), AIC (Akaike’s 

information criterion), SBC (Schwarz’s Bayesian criterion), PC (Amemiya’s predic-

tion criterion).

Remark We can set up a parsimonious model (in the case of 3-month delivery 

period) with these 5 explanatory variables: spot price, 2 months variables, heating 

oil and CPI. This model has Adjusted R-squared 77.8% and AIC = − 6643.37.

Table 6  List of regressors—normalized regression for net convenience yield (baseload futures—3-month 

delivery)

×1 Price ×11 Month 6 ×21 Price 2-lags ×31 Heating oil

×2 Load ×12 Month 7 ×22 Load 3-lags ×32 Temperature

×3 Variance ×13 Month 8 ×23 Price 3-lags ×33 Ip

×4 Skewness ×14 Month 9 ×24 Load 4-lags ×34 Cpi

×5 Time t. d. ×15 Month 10 ×25 Price 4-lags ×35 Kurtosis

×6 Month 1 ×16 Month 11 ×26 Load 5-lags ×36 Carbon

×7 Month 2 ×17 Month 12 ×27 Price 5-lags ×37 Coal

×8 Month 3 ×18 Load 1-lag ×28 Oil

×9 Month 4 ×19 Price 1-lag ×29 Gas

×10 Month 5 ×20 Load 2-lags ×30 Gasoline

Fig. 8  Predicted values of net convenience yield (baseload—3-month delivery) versus real values
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Table 7  Adequacy tests for multivariate linear regression for all cases

Indicator Conv. base Conv. peak Risk pr. base Risk pr. peak

1 Month 2 Months 3 Months 1 Month 2 Months 3 Months 1 Month 2 Months 3 Months 1 Month 2 Months 3 Months

No. observations 1220 1220 1220 861 861 861 1155 1155 1155 796 796 796

DF 1192 1187 1187 831 828 829 1126 1123 1124 768 765 765

R2 81.84% 85.68% 90.36% 82.18% 86.74% 92.51% 31.76% 45.43% 56.99% 54.27% 65.27% 71.42%

Adjusted  R2 81.43% 85.29% 90.10% 81.56% 86.23% 92.23% 30.07% 43.92% 55.85% 52.66% 63.91% 70.30%

MSE 0.002 0.002 0.002 0.003 0.002 0.002 0.006 0.007 0.006 0.006 0.007 0.006

MAPE 344.80 131.77 230.82 112.32 130.20 91.86 200.37 262.51 172.32 257.64 263.49 315.29

DW 0.481 0.447 0.447 0.415 0.423 0.527 0.117 0.135 0.142 0.194 0.281 0.196

Cp 21.187 29.760 29.349 25.733 29.637 27.644 23.369 27.307 25.979 20.965 26.373 25.681

AIC − 7389 − 7420 − 7600 − 4999 − 5156 − 5387 − 5835 − 5638 − 5860 − 4021 − 3967 − 4037

SBC − 7246 − 7252 − 7431 − 4857 − 4999 − 5235 − 5689 − 5477 − 5704 − 3890 − 3822 − 3892

PC 0.190 0.151 0.102 0.191 0.143 0.081 0.717 0.577 0.454 0.491 0.375 0.309

3
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• Baseload futures (ex-post risk premium)

We show in Fig. 9 the adjusted R-squared with respect to the number of regres-

sors (the optimal regressors have been selected as before). We superimpose in the 

same plot the three delivery period types: 1-month delivery (series 1), 2-month 

delivery (series 2) and 3-month delivery (series 3). We note at first that the ade-

quacy performance increases with the increasing of the delivery period. Besides, 

the adjusted R-squared improves slowly if we include more than 18 explanatory 

variables. The best adjusted R-squared values attained are 30.10% (1  month), 

43.90% (2 months) and 55.80% (3 months).

Let examine the normalized beta coefficients for 3-month delivery time (we 

omit here the figure for brevity).

The following explanatory variables have a positive impact: kurtosis, months 

(except October and November), load 1-lag, load 5-lags, IP, CPI, coal.

The following explanatory variables have a negative impact: spot price, vari-

ance, skewness, time t.d., spot price 1-lag, spot price 2-lags, spot price 3-lags, 

load 4-lags, spot price 4-lags, spot price 5-lags, oil, gas, gasoline, heating oil, 

temperature, carbon.

The most important variables are months (overall), oil, gasoline, IP, CPI, coal.

Finally, we plot in Fig. 10 the predicted values (estimated from the parameters’ 

regression, with confidence interval 95%) against the real values of the dependent 

variable by considering all the regressors (for 3-month delivery contract).

The results of adequacy tests for the regression estimations with all the explan-

atory variables are presented in Table 7.

Remark We can set up a parsimonious model (in the case of 3-month delivery 

period) with these 6 explanatory variables: 2 months variables, heating oil, tempera-

ture, CPI, and coal. This model has Adjusted R-squared 39.3% and AIC = − 5515.66

.

Fig. 9  Adjusted R-squared versus number of explanatory variables for ex-post risk premium (baseload 

futures)
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• Peakload futures (net convenience yield)

We show in Fig.  11 the adjusted R-squared with respect to the number of 

regressors (the optimal regressors have been selected as before). We have super-

imposed in the same plot the three delivery period types: 1-month delivery 

(series 1), 2-month delivery (series 2) and 3-month delivery (series 3). We note 

again that the adequacy performance increases with the increasing of the delivery 

period. Besides, the adjusted R-squared improves slowly if we include more than 

18 explanatory variables. The best adjusted R-squared values attained are 81.60% 

(1 month), 86.20% (2 months) and 92.20% (3 months).

We examine the beta coefficients again (for 3-month delivery time for brevity).

Fig. 10  Predicted values of ex-post risk premium (baseload—3-month delivery) versus real values

Fig. 11  Adjusted R-squared versus number of explanatory variables for net convenience yield (peakload 

futures)
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The following explanatory variables have a positive impact: spot price, load, 

skewness, time t.d., months (except July to November), load 4-lags, oil, temperature, 

CPI, coal.

The following explanatory variables have a negative impact: variance, kurtosis, 

load 1-lag, spot price 1-lag, spot price 2-lags, spot price 3-lags, spot price 4-lags, 

spot price 5-lags, gas, gasoline, heating oil, IP, carbon.

The most important variables are spot price, months (overall), oil, heating oil, 

CPI, coal.

The results of adequacy tests for the regression estimations with all the explana-

tory variables are presented in Table 7.

Remark We can set up a parsimonious model (in the case of 3-month deliv-

ery period) with these 6 explanatory variables: spot price, 2 months variables, 

heating oil, gasoline, and coal. This model has Adjusted R-squared 74.1% and 

AIC = − 4374.29.

• Peakload futures (ex-post risk premium)

We show in Fig. 12 the adjusted R-squared with respect to the number of regres-

sors (the optimal regressors have been selected for each fixed number of regressors 

through the optimization of the adjusted R-squared). We have superimposed in the 

same plot the three delivery period types: 1-month delivery (series 1), 2-month 

delivery (series 2) and 3-month delivery (series 3). We note that the adequacy per-

formance increases with the increasing of the delivery period. Besides, the adjusted 

R-squared improves slowly if we include more than 16 explanatory variables. The 

best adjusted R-squared values attained are 52.70% (1 month), 63.90% (2 months) 

and 70.30% (3 months).

We deduced some conclusions by analyzing the beta coefficients (for 3-month 

delivery time for brevity).

Fig. 12  Adjusted R-squared versus number of explanatory variables for ex-post risk premium (peakload 

futures)
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The following explanatory variables have a positive impact: load, kurtosis, load 

1-lag, load 3-lags, load 5-lags, spot price 5-lags, heating oil, temperature, CPI, car-

bon, coal.

The following explanatory variables have a negative impact: spot price, variance, 

skewness, months (except April, June to September), load 1-lag, load 4-lags, spot 

price 4-lags, oil, gas, gasoline, IP.

The most important variables are months (overall), oil, gas, gasoline, heating oil, 

coal.

The results of adequacy tests for the regression estimations with all the explana-

tory variables are presented in Table 7.

Remark We can set up a parsimonious model (in the case of 3-month delivery 

period) with these 8 explanatory variables: 4 months variables, gas, kurtosis, car-

bon, and coal. This model has Adjusted R-squared 53.9% and AIC = − 3707.94.

We note that the regression performance increases with longer delivery periods.

We find evidence that the following explanatory variables are always significant:

• Calendar variables (months) which explain the seasonality feature;
• Load values;
• Spot price with higher moments (variance, skewness, kurtosis);
• Fuel and energy prices (oil, gas, heating oil, carbon emission, coal);
• Economic variables (IP, CPI).

Instead, some regressors are generally not significant or produce a low impact on 

the dependent variable. For instance:

• Lagged variables (load and spot prices);
• Time to delivery;
• Temperature.

3.2  Other regression techniques

In the previous section, we have applied a multivariate linear regression model with 

a high number of explanatory variables, some of which were highly correlated. In 

this situation, other regression techniques such as partial least squares regression 

(denoted as PLSR) and principal components regression (denoted as PCR) may be 

more suitable.

These two methods consist in determining new explanatory variables, denoted 

as components, obtained as linear combinations of the starting variables. Neverthe-

less, these components are constructed differently by PLSR and PCR. Indeed, the 

components created by PCR aim to explain only the fluctuations of the explanatory 

variables while PLSR also takes into account the dependent variable. The overall 

goal of these techniques is to set up the more parsimonious model. Since PLSR is a 

mixture of multivariate regression and PCR, we present first PCR and then PLSR.
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• Principal components regression

The principal components regression follows two main steps. At first, we per-

form a principal components analysis (PCA) on the set of the explanatory vari-

ables. At this stage, the so-called principal components are determined. Then, we 

compute a multivariate regression of the dependent variable on the components 

just created, and we determine the parameters of the model. These tasks can be 

achieved thanks to the xlstat software.

The adequacy tests of these regressions are presented in Table 8 for net con-

venience yield and ex-post risk premium, both for baseload and peakload con-

tracts with one to three-month delivery (all the components are considered).

Finally, we plot in Fig. 13 the predicted values (estimated from the parameters’ 

regression, with confidence interval 95%) against the real values of the dependent 

variable. We consider, for brevity, contracts with 3-month delivery.

We note that the fitting for net convenience yield is better than the fitting for 

ex-post risk premium. In both cases, the fitting for peakload contracts is better.

• Partial least squares regression

Partial least squares regression technique applies to handle data which com-

prise correlated or sometimes collinear explanatory variables. The new compo-

nents built with this technique come from linear combinations of the given list 

of explanatory variables. The settlement of these components takes into account 

the observed dependent variable. We get then a more parsimonious model which 

shares a good predictive power.

This technique can be viewed as a mix of the classical multiple linear regres-

sion with a principal component analysis. Indeed, the multiple linear regression 

aims to determine a suitable combination of the explanatory variables which cor-

rectly predicts a dependent variable, whereas principal component analysis aggre-

gates explanatory variables (the so-called components) to reduce correlations 

without taking into account the dependent variable.

We can perform a PLSR by using several software tools given for example by 

MATLAB or xlstat. These tools determine automatically the components (after 

fixing its number), the coefficients of the linear combinations of the original pre-

dictors needed to construct the components and finally, the percentage of variance 

explained in the dependent variable with respect to the number of components. 

These results can be used then to determine the optimal number of components 

useful for a reliable and parsimonious model.

We finally exhibit in Figs. 14 and 15 the proportion of variance explained as a 

function of the number of components (only baseload case for brevity).

We note that 10 components are sufficient to explain more than 60% of the var-

iability of the dependent variable. The proportion remains quite unchanged when-

ever we add more than 22 components. The proportion of variance explained with 

all the components is, respectively: 83.84% (1 month), 85.71% (2 months) and 

90.40% (3 months).
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Table 8  Adequacy tests for principal components regression for all cases

Indicator Conv. base Conv. peak Risk pr. base Risk pr. peak

1 Month 2 Months 3 Months 1 Month 2 Months 3 Months 1 Month 2 Months 3 Months 1 Month 2 Months 3 Months

No. obs. 1220 1220 1220 861 861 861 1155 1155 1155 796 796 796

DF 1183 1183 1183 824 824 824 1118 1118 1118 759 759 759

R2 81.88% 85.68% 90.36% 82.24% 86.75% 92.51% 31.91% 45.44% 57.03% 54.39% 65.34% 71.44%

Adjusted  R2 81.33% 85.25% 90.07% 81.46% 86.17% 92.18% 29.72% 43.69% 55.65% 52.22% 63.69% 70.09%

MSE 0.002 0.002 0.002 0.003 0.002 0.002 0.006 0.007 0.006 0.006 0.007 0.006

MAPE 339.63 130.70 233.71 112.30 131.44 92.56 203.18 262.96 173.07 260.81 273.01 316.00

DW 0.481 0.448 0.446 0.415 0.423 0.524 0.116 0.133 0.143 0.194 0.275 0.197

Cp 37.000 37.000 37.000 37.000 37.000 37.000 37.000 37.000 37.000 37.000 37.000 37.000

AIC − 7373 − 7413 − 7592 − 4988 − 5149 − 5378 − 5821 − 5629 − 5849 − 4005 − 3957 − 4026

SBC − 7184 − 7224 − 7403 − 4812 − 4973 − 5202 − 5635 − 5442 − 5662 − 3832 − 3783 − 3853

PC 0.193 0.152 0.102 0.194 0.144 0.082 0.726 0.582 0.458 0.501 0.380 0.313
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Fig. 13  Predicted values of net convenience yield and ex-post risk premium (baseload/peakload with 

3-month delivery) versus real values

Fig. 14  Variance explained (%) versus number of PLSR components for net convenience yield (baseload 

contracts)
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For peakload case, we find evidence that 16 components are sufficient to explain 

more than 60% of the variance of the dependent variable. The proportion remains 

quite unchanged whenever we add more than 20 components. The proportion of var-

iance explained with all the components is, respectively: 85.37% (1 month), 86.76% 

(2 months) and 92.85% (3 months).

We note that 22 components are sufficient to explain more than 30% of the vari-

ability of the dependent variable. The proportion remains quite unchanged whenever 

we add more than 24 components. The proportion of variance explained with all the 

components is, respectively: 32.55% (1 month), 52.37% (2 months) and 69.56% (3 

months).

For peakload case, we find evidence that 18 components are sufficient to explain 

more than 40% of the variance of the dependent variable. The proportion remains 

quite unchanged whenever we add more than 22 components. The proportion of var-

iance explained with all the components is, respectively: 57.12% (1 month), 66.48% 

(2 months) and 80.15% (3 months).

Finally, Figs. 14 and 15 highlight that the performance of PLSR increases with 

longer time delivery periods.

The regression models used in this survey (multivariate linear regression, partial 

least squares regression and principal components regression) produced a good fit-

ting with the aim of explaining the net convenience yield and the ex-post risk pre-

mium for several types of monthly futures contracts (baseload and peakload with 

delivery period 1–3 months). For this purpose, we used a long list of explanatory 

variables and we showed how to get a more parsimonious model.

Finally, the comparison between these techniques is not straightforward as the 

multivariate regression relies on the number of explanatory variables while PCR and 

PLSR rely principally on the number of components built with the available vari-

ables. Nevertheless, one can compare the adequacy tests for the two main techniques 

illustrated in Table  7 (for multivariate regression) and in Table  8 (for PCR). We 

Fig. 15  Variance explained (%) versus number of PLSR components for ex-post risk premium (baseload 

contracts)
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present also a graphical inspection concerning the percentage of explained variance 

with respect to the number of variables/components for the multivariate regression 

(Figs. 6, 9, 11, 12) and for the PLSR (Figs. 14, 15).

4  Conclusions

This paper investigates the possible relationships between futures and spot prices 

for the Italian electricity market through the net convenience yield and the ex-post 

risk premium concepts. For this purpose, we take into account a large database for 

monthly futures (both baseload and peakload) traded at the IDEM market. In the 

subsequent empirical application, we have employed these futures prices from 2011 

to 2016.

At first, we find evidence that the ex-post risk premiums are negative on average. 

This issue is in agreement with results present in other electricity markets. Never-

theless, we further examine the dynamic evolution of the premiums, and we high-

lighted that its value varies seasonally.

Besides, we detect that the net convenience yield for monthly futures is on aver-

age positive within all the considered holding periods for baseload contracts (back-

wardation prevails) and negative for peakload contracts (contango prevails).

Finally, a multivariate linear regression conducted on the net convenience yield 

and the ex-post risk premium for monthly futures with 1–3-month delivery period 

permitted to highlight the explanatory variables which mainly affect these quantities.

We conclude our survey with more general regression techniques such as par-

tial least squares regression and principal components regression. The scope was to 

reduce the number of explanatory variables to get a more parsimonious model.

Our paper followed the framework of Botterud et al. (2010) and Weron and Zator 

(2014) used for the Nord Pool market. We investigated here about the Italian futures 

market with more refined regression techniques and a greater set of explanatory 

variables to explain ex-post risk premium and net convenience yield. The adequacy 

tests for the regression models produced very reliable results.
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3. Performance estimation of a wind farm with a dependence 

structure between electricity price and wind speed. 

 

In this Chapter, starting from the knowledge of the Italian electricity market consolidated thanks 

to what is reported in the previous one, the modeling of one of the most widespread renewable 

energies, wind power, is developed. The uncertainty due to variations in wind intensity lead to the 

need to arrive at an optimal modeling of this stochastic variable whose fluctuations, in view of an 

investment, must be studied together with those that characterize energy prices. 
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1 |  INTRODUCTION

The sources of uncertainty regarding the activities of wind farms essentially concern changes in wind 

intensity and fluctuations in the price of electricity. As a consequence, the production of wind energy 

can be more or less remunerative for the operators of the sector.

We propose in this survey a stochastic model that can estimate the expected income generated by 

a wind turbine over a given time interval. To this end, we have selected a time horizon of one year 

with the data collection carried out on an hourly basis. This estimate is important for assessing the 

convenience of a wind farm given the increasingly growing impact of the development of renewable 

energies.

The expected income depends on two fundamental stochastic variables: the wind speed measured 

at the site where the wind turbine is located and the price of electricity in the reference market (both 

variables are always reported on an hourly basis). The third stochastic variable is the amount of energy 

produced by the wind turbine for each hour.

The expected income of the wind farm is given by the sum of the discounted values of the prod-

ucts of the price of electricity for the quantity of energy produced every hour. The discounted values 

were calculated using a constant risk-free rate for the entire time interval. Given that the interest rate 

is independent of the electricity price process and wind energy production, the model can be easily 

extended to include stochastic interest rates.

The characterisation of the income of a wind farm is rarely investigated, and an exception is the 

contribution by Benth, Di Persio, and Lavagnini (2018). In their analysis, the authors applied an 

46

www.wileyonlinelibrary.com/journal/twec
mailto:﻿
http://crossmark.crossref.org/dialog/?doi=10.1111%2Ftwec.12962&domain=pdf&date_stamp=2020-05-13


2804 |   CASULA ET AL.

Ornstein–Uhlenbeck model for wind intensity and electric energy production as well as a normal 

inverse Gaussian (NIG) distribution for the modelling of the logarithm of electricity spot prices. The 

authors also highlighted the importance of correctly modelling the structure of dependence between 

wind intensity and the price of electricity. To this end, they replaced the small jumps of the NIG 

process by a Brownian term. The main purpose of this contribution was to use climate derivatives to 

cope with losses due to the decrease in wind intensity or price of electricity. Benth et al. also aimed 

to provide closed formulas for pricing wind derivatives. Our work focuses on the generalisation of the 

aforementioned work in several directions. We first estimated numerically the income of a wind farm 

through the model described below and compared it with the empirical income (this type of analysis 

is not present in the mentioned work). Furthermore, we considered a dataset on an hourly basis. This 

aspect enables the collation of hourly estimates of the expected income over a given horizon. We have 

also verified that the income estimate is significantly different if we disregarded the dependence be-

tween the two main variables, namely, the price of electricity and wind intensity. In fact, if these two 

variables are modelled independently, the estimate of the expected income is also altered.

Given that determining the income of a wind farm is essential to correctly model the wind intensity 

and the price of electricity, we briefly listed the main models traceable in the recent literature in com-

parison with the models applied in this contribution. For these variables, the bibliographic references 

are notably complete.

Concerning the wind speed model, we used the Box–Cox transformation of the wind speed data, 

where the optimal exponent is determined such that the transformed values are close to a Gaussian 

distribution (Nowotarski & Weron, 2018; Uniejewski, Weron, & Ziel, 2019). A power transformation 

was applied by Sim, Maass, and Lind (2019) with the same purpose. The problem is that the wind 

speed lacks a Gaussian distribution but is typically presented as a Weibull distribution, as widely 

described in the literature (Chang, 2011). Furthermore, the distribution of wind speed has high tails, 

indicating that rare events are more frequent than those contemplated by a Gaussian distribution 

(D’Amico, Petroni, & Prattico, 2015; Van Kuik & Peinke, 2016). Then, we applied a combination 

of trigonometric functions after the Box–Cox transformation to consider the seasonality of the data. 

Finally, we deseasonalised the data and applied an autoregressive AR (n) process to cope with resid-

ual autocorrelation. Next, energy production can be deduced from wind speed by considering the 

power curve that characterises the wind turbine. This model permits the replication of the statistical 

behaviour of energy production of a single wind turbine.

For the electricity price model, the main objective is to replicate the statistical features of the elec-

tricity price series. A detailed survey about this topic has been carried out by Weron (2014); the survey 

provided an excellent account of the recent literature on electricity price modelling and forecasting. 

Other references include the work of Cartea and Figueroa (2005), which presented a mean-reverting 

jump diffusion model for the electricity spot price and derived the corresponding jump diffusion 

model. Borovkova and Schmeck (2017) developed a novel approach to electricity price modelling 

based on the technique of stochastic time change and specified the base process as a mean-reverting 

jump diffusion and the time change as a continuous stochastic process with seasonal component. 

Several models found in the literature describe well the inversely proportional nature of electricity 

prices (Schwartz, 1997; Lucia & Schwartz, 2002) but fail to consider the presence of high peaks that 

cannot be overlooked. These peaks must be addressed to extend the model by incorporating a jump 

component. This type of model was first introduced by Merton who used it to model equity dynamics 

(Merton, 1990); however, the model cannot simultaneously consider the mean reversion and spread 

of jump. Cartea and Figueroa (2005) and Lucia and Schwartz (2002) proposed a model that includes 

the three primary characteristics of electricity spot prices: mean reversion, jump and seasonality. 

In literature, we found other examples of time series analysis for price forecasting. Such examples 
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include autoregressive integrated moving average (ARIMA) models (Contreras, Espinola, Nogales, & 

Conejo, 2003), generalised autoregressive conditional heteroskedasticity (GARCH) models (Garcia, 

Contreras, Van Akkeren, & Garcia, 2005), autoregressive gamma process, gamma autoregressive pro-

cess and the ARFIMA-FIGARCH model (Caporin & Pres, 2012).

In our survey, the proposed model foresees a deterministic and a stochastic component, similar 

to the wind speed model. We started with a normal probability integral transformation (N−PIT) to 

obtain near-Gaussian transformed data (Nowotarski & Weron, 2018). Then, we applied a combination 

of trigonometric functions to the transformed data to cope with seasonality. Finally, we deseasonalised 

the data and applied again an AR (n) process to consider residual autocorrelation.

A numerical application of this model through Monte Carlo simulations is performed on real data 

coming from a wind farm located in Sardinia (Italy). We then compared the real data with synthetic 

data obtained by implementing the proposed model. Furthermore, we examined the influence of the 

SAPEI submarine cable on the expected income of the wind farm.

The following sections are organised as follows. Section 2 describes the database used for the anal-

ysis and introduces the model and its validation. Section 3 unveils the results of the proposed model. 

Finally, Section 4 concludes the paper.

2 |  MATERIALS AND METHODS

2.1 | Dataset characteristics

In this section, we describe the data used, namely the wind speed and electricity price. The data cov-

ered a 10-year (from 1 August 2008 to 31 July 2018) period on an hourly basis (87,638 records).

2.1.1 | Wind speed

The wind speed dataset has been retrieved from MERRA-2 project (https://gmao.gsfc.nasa.gov/reana 

lysis /MERRA -2/). Table 1 provides the main statistics of the wind speed dataset for each year. We 

applied the two-sample Kolmogorov–Smirnov goodness-of-fit hypothesis test to the probability dis-

tribution functions between each pair of years. The hypothesis that the yearly sub-series comes from 

the same distribution at 5% significance level was not rejected only for certain pairs of yearly sub-

series, namely for the years 1–3 (0.3712), 1–7 (0.0819), 2–6 (0.0729), 2–7 (0.0953), 6–7 (0.0819), 6–8 

(0.1482) and 8–10 (0.0505), with the p-value reported between the parentheses. For the other pairs, 

the hypothesis was rejected with p-value close to 0. For these reasons, we have decided to model our 

series per year as the parameters of the distributions involved vary appreciably. Figure 1 shows the 

mean wind speed for each daily hour (lower panel). The wind speed attained maximum values around 

2 p.m., whereas lower values always occurred during the night. Next, we studied the seasonality of the 

wind speed, which can be deduced by the associated periodogram (Figure A1 in the Appendix, upper 

panel). We deduced a distinct 24-hr period for the series (for this purpose, we determined the peak 

value at the abscissa 2∕24=0.0833). Finally, we examined the serial correlation for the series. For 

this purpose, we analysed the autocorrelation function (ACF) and partial correlation function (PACF) 

(Figure A2 in Appendix). From these plots, we searched for evidence of the presence of serial autocor-

relation. More specifically, we selected an AR (3) process for the wind series.
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To obtain the income generated by one wind turbine, we transformed the wind speed in wind power 

by means of the power curve of a hypothetical wind turbine. The turbine is located in Sardinia (Italy) 

and has the following characteristics:

• geographical coordinates: 39.5N (latitude) and 8.75E (longitude);

• hub height of the turbine: 95 m;

• rated power of the turbine: 2 MW;

• cut-in wind speed: 4 m/s;

• rated wind speed: 13 m/s; and

• cut-out wind speed: 25 m/s.

T A B L E  1  Wind speed statistics for each year

Year Mean SD Skew. Kurt. Min. Max.

1 6.46 3.43 0.84 4.10 0.06 22.03

2 6.55 3.57 0.87 3.75 0.03 21.53

3 6.38 3.17 0.56 2.96 0.11 18.53

4 6.40 3.58 0.90 4.14 0.12 26.08

5 7.13 3.84 0.68 3.22 0.02 22.94

6 6.60 3.55 0.75 3.44 0.03 22.34

7 6.54 3.49 0.88 4.06 0.11 24.20

8 6.51 3.40 0.60 3.07 0.08 20.50

9 6.14 3.43 0.91 4.02 0.07 23.55

10 6.56 3.61 0.75 3.38 0.03 20.96

F I G U R E  1  Price versus power correlations, mean price, mean load and wind speed for each hour [Colour figure 

can be viewed at wileyonlinelibrary.com]
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If we want to extend the analysis to a wind farm that consists of multiple turbines, as a first approx-

imation, we can multiply the wind energy produced by the number of turbines.

Table A1 in the Appendix gives the main statistics of the energy transformed data for each year. For 

example, we deduced that wind energy is extremely variable and has an upper bound of 2,000 kWh 

due to the wind pale characteristics.

2.1.2 | Electricity price

The Italian Day-Ahead Market (“MGP”) is divided into several geographical zones: Central Northern 

Italy, Central Southern Italy, Northern Italy, Sardinia, Sicily and Southern Italy. Synthetically, energy 

is traded for the next day in 1 hr blocks. The MGP acts as an auction market where the participants 

propose both the quantity and the minimum and maximum prices that they are willing to sell or pur-

chase. At the closing of the MGP market (12 p.m. of the day before the day of delivery), the proposals 

are accepted on the basis of the economic merit-order criterion, and the transmission capacity limits 

between zones must be fulfilled. The results are disclosed within 12.55 p.m. of the day before the 

day of delivery. The price is therefore established for each zone and for each hour as the equilibrium 

price between supply and demand (the intersection between the aggregate demand and supply curve). 

Finally, the national single price (“Prezzo Unico Nazionale”; “PUN”) is determined as the weighted 

average of the zonal prices where the weights are the accepted quantities purchased in these zones.

The data concerning electricity price are freely available from the website of the Italian com-

pany “Gestore Mercati Energetici” (http://www.merca toele ttrico.org/It/downl oad/DatiS torici.aspx). 

We obtained the data for the Sardinia zone, covering the period described before on an hourly basis. 

Table 2 lists the main statistics of the dataset for each year.

The prices exhibited a high kurtosis due to the sudden peaks that characterise the electricity prices. 

Furthermore, after the introduction of the SAPEI submarine cable between the regions of Lazio and 

Sardinia (with a capacity of 1,000 MW) in November 2011, the price characteristics changed dramat-

ically. With the introduction of this cable, the dynamics regarding the mechanisms of auctions that 

govern the determination of prices in the market of the day before have changed. The average values 

and the variance of prices have decreased in recent years (Table 2). We applied again the two-sample 

Kolmogorov–Smirnov goodness-of-fit hypothesis test between each pair of years. The hypothesis 

that the yearly sub-series comes from the same distribution was rejected at 5% significance level with 

T A B L E  2  Electricity price statistics for each year

Year Mean SD Skew. Kurt. Min. Max.

1 87.62 43.27 0.80 3.42 9.00 300.00

2 75.97 42.74 1.50 5.04 1.01 300.00

3 74.08 29.22 2.08 10.17 10.00 300.00

4 87.59 43.88 2.47 9.86 1.01 450.00

5 65.92 34.10 3.06 19.18 1.01 399.05

6 55.19 25.55 2.32 17.75 1.01 300.03

7 52.63 17.11 1.53 10.63 1.01 170.99

8 44.02 14.09 1.17 5.62 10.00 150.02

9 47.50 12.78 1.52 8.38 1.01 150.00

10 55.12 16.15 1.38 8.48 1.01 170.00
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p-value close to 0 for each pair of years. Our series as for the wind speed should be modelled by year. 

Figure 1 shows the mean electricity price and mean load (mid-panels) for each daily hour. We deduced 

that the mean prices had two local maximum values at around 9 a.m. and 8 p.m., and the lower values 

occurred during the night. These maximum values occurred in correspondence with the load peaks 

(Figure 1, mid-panel). Load follows a profile similar to that of prices. Thus, when we shifted through 

a peak time slot, production plants were accelerated to cover the greater energy demands. As a result, 

prices also experienced an increase in value.

The seasonality of the price series can be deduced by the associated periodogram (Figure A1 in 

the Appendix, lower panel). We deduced again a 24-hr period (with the same peak value at the ab-

scissa 2∕24=0.0833). Finally, we examined the serial correlation for the series. The ACF and PACF 

are given in Figure A2 in the Appendix. From these plots, we detected evidence of the presence of 

serial autocorrelation. We selected the AR (2) process for the price series. Then, we investigated the 

daily hour correlation between the price and production (Figure 1, upper panel).

We deduced that the dependence between price and production exhibits low negative correlation 

that varies for each hour. As a consequence, these correlations should be carefully managed.

2.2 | Model

2.2.1 | Wind speed process

The dataset covered the same period 1 August 2008 to 31 July 2018 (hourly basis), and we modelled 

the series for each year. The wind speed y (t) follows a typical Weibull distribution.

This condition was confirmed by comparing the density function of the wind speed variable with 

the Gaussian and Weibull distributions (Figure 2). We also exhibited the qqplot of the distribution 

with respect to the Gaussian and Weibull distributions (Figure 3). The Jarque–Bera (J-B) test con-

firmed that the distribution is non-Gaussian (test statistics in Table 3). To transform this distribution 

to a Gaussian one, we applied the Box–Cox transformation given by the following function:

We denoted ỹ (t)= f
𝜆
(x (t)) the transformed variable. The estimations of the parameter of transfor-

mation will be shown in the next section (we used the “boxcox” Matlab function).

The distribution of variable ỹ (t) is similar to the Gaussian distribution (we will show several ex-

amples in the results section).

Then, to cope with seasonality and serial autocorrelation, we set the following:

We estimated first the seasonal component. Then, we applied an AR (p) process to the deseason-

alised series (which was still near Gaussian).

The seasonal component was determined with specific functions of Mathematica software, which 

involve standard methods such as the conjugate gradient or the quasi-Newton method.

The parameters of the seasonal component will be given in the next section.

Finally, we simulated trajectories from the process through Monte Carlo procedure and applied the 

inverse Box–Cox transformation:

f
�
(x)=

x�−1

�
.

ỹ (t)=𝛼 ⋅sin

(

2𝜋

24
t+𝛽

)

+𝛾+

p
∑

i=1

ai ⋅y (t− i)+𝜀t.
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to simulate trajectories for the variable y (t).

To assess the model accuracy, we compared again the following quantities between empirical and 

simulated values: first moments (mean, standard deviation, skewness and kurtosis), minimum and 

maximum values, ACF, and PACF and density probability (referring to the next section).

2.2.2 | Electricity price process

Given x (t) as the electricity price at time t, we modelled each year separately. The price process x (t) 

has a non-Gaussian probability distribution and is characterised by price peaks and near-zero values.

f −1

�
(x)= (1+� ⋅x)1∕� ,

F I G U R E  2  Density function of wind speed variable versus Gaussian and Weibull distributions [Colour figure 

can be viewed at wileyonlinelibrary.com]
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To prove this condition (confirmed by the J–B test, Table 4), we compared the density function 

of the price distribution with the Gaussian distribution (Figure 4, left panel) and exhibited the qqplot 

of the distribution with respect to the Gaussian distribution (Figure 4, right panel). To transform this 

distribution to a Gaussian one, we applied the N-PIT defined as follows (Nowotarski & Weron, 2018; 

Uniejewski et al., 2019):

where F
x(t) is the cumulative distribution function (CDF) of x (t). As the true distribution of x (t) is gener-

ally not known, we can estimate it with the empirical distribution function. Finally, G−1 is the inverse of 

the standard normal CDF.

The distribution of the variable x̃ (t) is similar to the Gaussian distribution. Thus, to cope with 

seasonality and serial autocorrelation, we set the following:

x̃ (t)=G
−1

(

F
x(t) (x (t))

)

,

x̃ (t)=𝛼
1
⋅sin

(

2𝜋

12
t+𝛽

1

)

+𝛼
2
⋅sin

(

2𝜋

168
t+𝛽

2

)

+𝛾
1
+

q
∑

i=1

bi ⋅y (t− i)+𝜂t.

T A B L E  3  J–B test statistics for wind speed for each year

Year p-Value Statistic

1 .001 1,483

2 .001 1,298

3 .001 453

4 .001 1,674

5 .001 693

6 .001 882

7 .001 1,550

8 .001 529

9 .001 1,594

10 .001 869

T A B L E  4  J–B test statistics for electricity price for each year

Year p-Value Statistic

1 .001 993

2 .001 4,803

3 .001 2,512

4 .001 2,483

5 .001 1,093

6 .001 8,733

7 .001 2,470

8 .001 4,540

9 .001 1,395

10 .001 1,373

53



   | 2811CASULA ET AL.

First, we estimate the seasonal component. Then, we applied an AR (q) process to the deseason-

alised series (which was still near Gaussian).

The parameters of the seasonal component and the AR (q) process will be shown in the result 

section.

Finally, we simulated trajectories from the process through Monte Carlo procedure and applied the 

inverse N-PIT transformation:

to simulate trajectories for variable x (t).

To assess the accuracy of the model, we compared the following quantities between empirical and 

simulated values: first moments (mean, standard deviation, skewness and kurtosis), minimum and 

maximum values, ACF, and PACF and density probability (see the next section for details).

2.2.3 | Multivariate model

Given that we have highlighted a non-trivial dependency structure between the wind speed series and 

electricity price, using a bivariate model that can consider this important characteristic is appropriate. 

Modelling independently these two series leads to flawed results with respect to empirical data.

The construction of the multivariate model requires the introduction of the vector AR (n) (VAR (n)) 

process.

An n− th order vector autoregressive process is represented by the following equation:

where the vector of k endogenous variable yt is linked to the i− th lag of the vector yt−i, c is a k−vector 

of constants, A
i
 is a time-invariant (k×k)-matrix, and �

t
 is a k-vector of error terms. Each error term has 

zero-mean, the covariance matrix of error terms is a (k×k) positive-semidefinite matrix, and no serial 

correlation exists among individual error terms.

x (t)=F
−1

x(t)
(G(x̃ (t)) ,

yt = c+A1 ⋅yt−1+A2 ⋅yt−2+⋯+An ⋅yt−n+�t,

F I G U R E  4  Density function (left panel) and qqplot (right panel) of electricity price variable with respect to 

Gaussian distribution [Colour figure can be viewed at wileyonlinelibrary.com]
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2.3 | Expected income

The expected income of the wind turbine at time t
0
≥0 up to time t

0
+N is as follows:

where r is a constant risk-free interest rate, x
(

t
0
+k

)

 is the price at time t
0
+k, and z

(

t
0
+k

)

 is the energy 

produced at time t
0
+k.

The expected value of a product is not the product of expected values unless independence exists. 

Therefore, we expected different results from the vector model and the independent variables. An 

estimator of the expected income is as follows:

where H is the number of simulations, x
i

(

t
0
+k

)

 is the value of the price process at time t
0
+k for the ith 

simulated path, and zi

(

t
0
+k

)

 has analogous meaning for the power production process.

The empirical income of the wind turbine was then compared with the simulated income given the 

following hypotheses:

• Independence between price and wind speed;

• Dependence structure between price and wind speed given by the VAR process.

3 |  RESULTS

3.1 | Model parameter estimation

We started with the parameters estimation of the two marginals (wind speed and electricity price) for 

each year.

Concerning the wind speed, we estimated parameter � of the Box–Cox transformation. The values 

are given in Table 5. Next, we applied the seasonal component whose coefficients and the associated 

R−squared are given in Table 6.

Then, we applied an AR (3) model, whose associated lag coefficients (which are all significant) are 

given in Table 7. With regard to the electricity price, we first applied the N−PIT. Next, we used the 

seasonal component, whose coefficients and the associated R−squared are given in Table 8.

Then, we applied an AR (2) model, whose associated lag coefficients (which are all significant) are 

given in Table 9. We illustrated hereafter (Tables 10 and 11) the main statistics of the simulated tra-

jectories for wind speed and electricity price, respectively, for each year in the bivariate model. These 

tables, compared with Tables 1 and 2, showed the excellent fitting of the simulated series. The statis-

tics of the simulated series for the univariate models are shown in the Appendix (Tables A2 and A3).

To prove that the marginal distributions (wind speed and electricity price) issued from the bivariate 

model have the required properties, we compared the probability density function (PDF), ACF and 

PACF with the empirical values. For the sake of brevity, we performed the comparison for the first 

V
(

t0,t0+N
)

=�t0

[

N
∑

k=1

x
(

t0+k
)

⋅z
(

t0+k
)

⋅ (1+r)−k

]

,

V̂
(

t0,t0+N
)

=
1

H

H
∑

i=1

N
∑

k=1

xi

(

t0+k
)

⋅zi

(

t0+k
)

⋅ (1+r)−k,
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year of the dataset (as shown in the next figures). Specifically, Figure 5 shows the empirical PDF of 

wind speed and the PDFs of a set of simulated trajectories. The PDF of the simulated trajectories has 

the same shape as the empirical one. We plotted the same functions for electricity price in Figure 6 

T A B L E  5  Parameter of Box–Cox transformation

Year �

1 0.4918

2 0.4422

3 0.5358

4 0.4320

5 0.4829

6 0.4870

7 0.4646

8 0.5145

9 0.4160

10 0.4669

T A B L E  6  Parameters of the seasonal component for wind speed

Year � � � R
2

1 −0.2142 0.7182 2.8646 .8193

2 −0.1994 0.6638 2.7302 .8234

3 −0.2520 0.8522 3.0059 .8294

4 −0.1985 0.7799 2.6399 .8146

5 −0.2520 0.7898 3.0670 .8241

6 −0.2218 0.8999 2.8949 .8173

7 −0.2318 0.7257 2.8065 .8272

8 −0.1976 1.1207 2.9634 .8176

9 −0.1273 0.8077 2.5075 .8127

10 −0.1890 1.0802 2.8041 .8121

T A B L E  7  Coefficients of the AR (3) process for the wind speed process (for each year)

Year a
1

a
2

a
3

1 1.6043 −0.8148 0.1784

2 1.6017 −0.7977 0.1615

3 1.6686 −0.9114 0.2106

4 1.5752 −0.7611 0.1522

5 1.6853 −0.9358 0.2233

6 1.5984 −0.8140 0.1839

7 1.6134 −0.8430 0.1946

8 1.6248 −0.8798 0.2241

9 1.6611 −0.9235 0.2292

10 1.5867 −0.8033 0.1857
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T A B L E  8  Parameters of the seasonal component for electricity price

Year �
1

�
2

�
1

�
2

�
1

R
2

1 −0.1447 −0.5373 5.6224 0.5541 0.0382 0.1419

2 −0.1549 −0.4977 0.0072 0.4680 0.0213 0.1302

3 −0.1071 −0.4719 1.4182 0.3384 0.0166 0.1129

4 0.2207 −0.6366 4.0776 0.3969 0.0114 0.2211

5 0.1906 −0.6435 0.0733 0.9225 0.0085 0.2281

6 0.1651 −0.6359 0.8117 0.9533 0.0099 0.2176

7 0.2867 −0.6231 1.9600 0.9347 0.0034 0.2363

8 −0.2313 −0.5272 3.5618 0.7067 0.0019 0.1664

9 −0.2414 −0.5718 0.6049 0.8841 0.0060 0.1926

10 −0.3050 −0.5887 1.1763 0.8789 0.0032 0.2212

T A B L E  9  Coefficients of the AR (2) process for the electricity price process (for each year)

Year b
1

b
2

1 0.8846 −0.0124

2 0.9659 −0.0792

3 0.9807 −0.1094

4 0.9294 −0.0746

5 1.0886 −0.2315

6 0.9173 −0.0519

7 0.9726 −0.0911

8 1.0576 −0.1419

9 1.0923 −0.1772

10 1.1218 −0.2219

T A B L E  1 0  Wind speed statistics for each year (bivariate model)

Year Mean SD Skew. Kurt. Min. Max.

1 6.48 3.43 0.82 3.89 0.05 23.95

2 6.56 3.56 0.90 4.14 0.06 25.64

3 6.41 3.20 0.70 3.61 0.03 22.83

4 6.41 3.56 0.94 4.27 0.05 25.88

5 7.12 3.85 0.84 3.93 0.05 26.58

6 6.62 3.56 0.84 3.95 0.05 24.94

7 6.54 3.49 0.86 4.00 0.04 24.87

8 6.51 3.39 0.76 3.74 0.03 23.50

9 6.16 3.44 0.98 4.41 0.09 25.25

10 6.57 3.63 0.89 4.10 0.05 25.57
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and deduced again that the PDF of the simulated trajectories has the right shape. Then, we exhibited 

in Figure 7 (Figure 8, respectively) the ACF and PACF of the empirical wind speed series (electricity 

price, respectively) which were compared with those of a particular simulated trajectory. We discov-

ered evidence from graphical inspection (for both marginals) indicating that the serial autocorrelation 

of the simulated trajectory has the same behaviour as that of the empirical one.

We also showed from graphical inspection that the transformed variables were close to a Gaussian 

distribution. To this end, we compared the PDF of wind speed and electricity price-transformed vari-

ables with respect to a Gaussian distribution with the same mean and variance (for the last year of the 

dataset; Figure 9).

3.2 | Expected income estimation

Table 12 presents the income results. The empirical income (in euros) was compared (for each year 

of the dataset) with the simulated value for both models (independence between the marginals and 

bivariate model). Here, we have considered r=0.02.

T A B L E  1 1  Electricity price statistics for each year (bivariate model)

Year Mean SD Skew. Kurt. Min. Max.

1 89.99 45.61 0.76 3.22 9.02 273.81

2 77.06 43.98 1.45 4.82 1.28 272.24

3 74.89 30.55 2.04 9.69 10.00 296.82

4 88.40 44.96 2.38 9.23 1.01 426.50

5 65.85 33.31 3.02 19.10 1.01 364.39

6 55.34 25.06 2.16 16.42 1.01 297.81

7 52.75 17.09 1.49 10.24 1.01 170.07

8 43.98 13.96 1.14 5.44 10.14 137.85

9 47.61 12.67 1.46 7.86 2.69 140.64

10 55.19 15.93 1.30 7.94 1.53 164.37

F I G U R E  5  Probability density function empirical (blue line) versus simulated ones (yellow lines) in wind speed 

series [Colour figure can be viewed at wileyonlinelibrary.com]
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We also considered the income obtained at a certain hour of day (specifically, 6 p.m.) to take ad-

vantage of the modelling on an hourly basis. The results presented in Table 13 were compared with the 

relative empirical data and indicated a good level of adaptation. Furthermore, since 6 p.m. falls within 

the peak load range, the relative income is not comparable to the daily income divided by 24 (there is 

an average difference of 30%).

F I G U R E  6  Probability density function empirical (blue line) versus simulated ones (green lines) in electricity 

price series [Colour figure can be viewed at wileyonlinelibrary.com]

0.025

0.020

0.015

0.010

0.005

0 100 200 300 400

F I G U R E  7  ACF (upper panels) and PACF (bottom panels) empirical (left panels) versus simulated (right 

panels) trajectory in wind speed series [Colour figure can be viewed at wileyonlinelibrary.com]
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We also investigated the correlation between the pairs price/production and price/wind speed for 

the simulations coming from the bivariate model. These correlations were compared with the empir-

ical ones for each year (Table 14).

Finally, with regard to the parameter estimation of the VAR (3) process, we used the equations 

(deterministic component) for the last two years of the dataset for the sake of brevity:

{xt =1.1204xt−1−0.2148xt−2−0.0111yt−2yt =1.5863yt−1−0.0311xt−1+0.0289xt−2−0.8028yt−2+0.1854yt−3,

where x
t
 is the electricity price process and yt is the wind speed process. A comparison with the anal-

ogous parameters given in Tables 7 and 9 highlighted notably similar values. Still, the presence of 

the additional mixed lagged variables in the VAR (3) process permitted coping with the dependence 

structure between the two processes.

To conclude, we summarised the most remarkable and innovative results obtained.

F I G U R E  8  ACF (upper panels) and PACF (bottom panels) empirical (left panels) versus simulated (right 

panels) trajectory in electricity price series [Colour figure can be viewed at wileyonlinelibrary.com]

1.0

0.8

0.6

0.4

0.2

1.0

0.8

0.6

0.4

0.2

0.8

0.6

0.4

0.2

0.8

0.6

0.4

0.2

–0.2

10 20 30 40 10 20 30 40

10 20 30 40 10 20 30 40

F I G U R E  9  Probability density function of transformed wind speed (left panel) and electricity price (right panel) 

versus Gaussian distribution [Colour figure can be viewed at wileyonlinelibrary.com]
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We have modelled the two marginal series (electricity price and wind speed) first independently, 

then considering their dependency structure in the perspective of a bivariate model. The margins were 

compared with the respective empirical distributions based on four main moments, the PDF, ACF 

and PACF. From this comparison, we have deduced an excellent level of adaptation of the proposed 

models.

With regard to the bivariate model, we compared the correlations between price/production and 

price/wind speed with the analogous correlations inferred from empirical data per year (Table 14). In 

this case, an excellent adaptability of our bivariate model was also highlighted.

We then estimated the income of a wind farm, which is the main objective of the work. In this re-

gard, we modelled the both margins independently and considered their dependency structure within 

the bivariate model. The results per year were compared with the relative empirical values (Table 12). 

We noted how the values obtained faithfully reflected the empirical values in the bivariate case. 

However, the results obtained in the case of independence between the marginal (univariate model) 

produced considerably more distant results (yearly) than the actual results.

The series under study was modelled on an hourly basis. We opted for this choice because the elec-

tricity market prices are fixed on an hourly basis and show significant variations. We have observed 

T A B L E  1 2  Empirical versus simulated expected income for each year

Year Empirical Independent

VAR 

model

1 275,725 303,937 290,407

2 248,735 275,635 252,078

3 234,349 241,637 233,985

4 282,015 307,408 291,928

5 264,460 288,900 263,571

6 181,660 200,729 186,257

7 177,235 183,688 181,136

8 141,659 152,281 139,410

9 148,009 143,494 148,300

10 189,128 198,419 193,211

T A B L E  1 3  Empirical versus simulated expected income for each year at 6 p.m.

Year Empirical Simulated

1 15,372 15,707

2 13,706 13,431

3 12,089 11,671

4 15,938 14,944

5 14,590 15,262

6 10,463 10,602

7 10,166 10,079

8 7,094 6,867

9 7,905 7,499

10 9,663 9,677
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that the wind speed can also vary considerably by the hour. Despite this, if we calculate the daily in-

come considering the average of both prices and wind speed on an hourly basis, highly similar results 

are obtained (we have verified that the values differ at most by two percentage points). The advantage 

of the modelling on an hourly basis lies in the possibility of calculating the income on a given hori-

zon, however setting a specific hour of the day (e.g., if the producer wishes to place on the market the 

production relating to a specific time slot for a certain period).

In conclusion, the typology of results presented in this work is innovative compared with the pres-

ent literature and allows the enriched modelling of the expected income of a wind farm with consider-

ation of the two main stochastic variables (wind intensity and electricity price) with hourly granularity 

and their dependency structure.

4 |  CONCLUSION

We proposed a new stochastic model to simulate the expected income of a wind turbine. For this pur-

pose, we must adequately model the wind speed and electricity price. For both series, we performed 

a preliminary transformation (with Box–Cox transformation for wind speed and N-PIT for electricity 

price) to obtain a near-Gaussian distributions. Next, we deseasonalised the transformed series with 

a combination of trigonometric functions to cope with seasonality. Finally, we applied a VAR that 

permits the residual autocorrelation of the marginals and the associated dependence structure.

This multivariate model, by means of Monte Carlo simulations, was then compared with real 

data. The model approximates accurately the expected income, and the expected income obtained by 

simulating both marginals independently leads to poorer result. The model also allows the accurate 

reproduction of the characteristics of both wind speed and electricity price series. Finally, we high-

lighted that the introduction of the SAPEI submarine cable produces a structural break in the electric-

ity prices, and as a consequence, the income of our hypothetical wind turbine over a one-year interval 

varies significantly.
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T A B L E  1 4  Correlation price/production and price/wind speed (empirical versus simulated) for each year (%)

Year Price/prod. (real) Price/prod. (biv. model) Price/wind (real) Price/wind (biv. model)

1 −9.89 −8.92 −8.28 −9.99

2 −10.78 −10.66 −11.01 −12.50

3 −6.66 −6.76 −6.24 −7.78

4 −9.14 −4.48 −8.75 −5.37

5 −15.79 −12.96 −16.62 −14.71

6 −16.05 −13.11 −15.68 −14.92

7 −9.04 −6.14 −8.27 −7.06

8 −23.06 −20.02 −25.77 −23.58

9 +2.50 +2.27 +3.39 +2.89

10 −17.99 −9.24 −16.21 −10.42
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APPENDIX 

F I G U R E  A 1  Price (upper panel) and wind speed (lower panel) periodograms [Colour figure can be viewed at 

wileyonlinelibrary.com]
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F I G U R E  A 2  ACF and PACF for price series (left panels) and wind speed series (right panels) [Colour figure 

can be viewed at wileyonlinelibrary.com]
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T A B L E  A 1  Energy statistics for each year

Year Mean SD Skew. Kurt. Min. Max.

1 389.34 539.73 1.67 1.97 0 2,000

2 412.95 583.02 1.62 1.55 0 2,000

3 378.43 522.83 1.70 2.15 0 2,000

4 396.87 566.45 1.62 1.62 0 2,000

5 514.02 637.63 1.22 0.24 0 2,000

6 424.74 580.19 1.55 1.32 0 2,000

7 403.14 569.06 1.66 1.73 0 2,000

8 411.41 557.08 1.65 1.46 0 2,000

9 359.43 538.72 1.78 2.32 0 2,000

10 422.46 585.65 1.52 1.20 0 2,000

T A B L E  A 2  Wind speed statistics for each year (univariate model)

Year Mean SD Skew. Kurt. Min. Max.

1 6.44 3.42 0.81 3.85 0.04 23.63

2 6.55 3.58 0.93 4.21 0.06 25.63

3 6.39 3.22 0.73 3.68 0.03 22.11

4 6.46 3.60 0.95 4.29 0.07 26.24

5 7.14 3.88 0.85 3.94 0.04 26.89

6 6.60 3.55 0.85 4.01 0.04 24.97

7 6.51 3.46 0.86 4.06 0.06 24.68

8 6.49 3.40 0.77 3.79 0.03 23.12

9 6.15 3.46 0.99 4.36 0.09 24.95

10 6.54 3.61 0.88 4.05 0.04 24.95

T A B L E  A 3  Electricity price statistics for each year (univariate model)

Year Mean SD Skew. Kurt. Min. Max.

1 89.74 45.61 0.76 3.23 9.07 274.61

2 77.34 44.23 1.45 4.79 1.64 274.02

3 74.58 30.04 2.05 9.80 9.80 291.25

4 88.39 44.95 2.38 9.22 1.01 421.00

5 65.90 33.34 2.99 18.88 1.01 367.36

6 55.31 25.12 2.15 16.13 1.01 298.56

7 52.77 17.01 1.47 10.14 1.01 169.99

8 44.12 14.06 1.14 5.48 10.13 139.82

9 47.58 12.78 1.48 8.04 2.48 142.20

10 55.19 16.00 1.33 8.12 2.01 164.52
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4. Performance estimation of photovoltaic energy production. 
 

Having analyzed the resource provided by the force of the wind, we focused on another type of 

renewable energy, solar energy. This type of production finds its natural place after the analysis of 

the wind one as the intensity of the wind is among the fundamental variables for the production of 

energy that develops through a PV panel, together with incident solar radiation and temperature. 

Once the variables involved in the production of this type of energy have been modeled and the 

technical characteristics of the solar panels used have been established, it was possible to determine 

the economic income generated using the hourly spot price curve of electricity and its correlation 

with solar radiation, via vector autoregressive models. 
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Abstract

This article deals with the production of energy through photovoltaic (PV) panels. 
The efficiency and quantity of energy produced by a PV panel depend on both deter-
ministic factors, mainly related to the technical characteristics of the panels, and sto-
chastic factors, essentially the amount of incident solar radiation and some climatic 
variables that modify the efficiency of solar panels such as temperature and wind 
speed. The main objective of this work is to estimate the energy production of a PV 
system with fixed technical characteristics through the modeling of the stochastic 
factors listed above. Besides, we estimate the economic profitability of the plant, 
net of taxation or subsidiary payment policies, considered taking into account the 
hourly spot price curve of electricity and its correlation with solar radiation, via vec-
tor autoregressive models. Our investigation ends with a Monte Carlo simulation 
of the models introduced. We also propose the pricing of some quanto options that 
allow hedging both the price risk and the volumetric risk.
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1 Introduction

The production of renewable energies, such as wind and photovoltaic (hereinaf-
ter PV) energy, has been undergoing a significant increase in recent years. The 
installation of wind turbines and PV panels is currently booming, and this trend 
is expected to continue in the near future. These systems allow injecting on the 
market (in addition to a possible personal use) electricity with low environmental 
impact and with relatively low production costs. The “green energy” thus pro-
duced has an important impact on electricity prices through the typical auction 
mechanism in the day-ahead market (Deane et al. 2017). PV panels exploit direct 
solar radiation and they produce energy through the well-known photoelectric 
effect mechanism. The efficiency and quantity of energy produced depend on both 
deterministic and stochastic factors. The deterministic factors are mainly related 
to the technical characteristics of the panels: physical characteristics of the semi-
conductor materials (such as silicon), inclination of the panel and the azimuth 
angle of the panel surface. The stochastic factors are the amount of incident solar 
radiation and the climatic variables: for example, temperature and wind speed 
influence the mechanism of energy production through the photoelectric effect. 
The first objective of this research is to estimate the energy production of a PV 
plant with known technical characteristics. In this regard, we will have to effec-
tively model the stochastic variables that come into play, namely the solar radia-
tion (the basic variable) and the two climatic variables, temperature, and wind 
speed, which will affect the efficiency of the panels. Moreover, we estimate the 
economic profitability of the PV plant taking into account the hourly spot price 
curve of electricity in the day-ahead market. In this way, we can estimate not only 
the quantity of energy produced in a fixed time horizon but also the correspond-
ing market value. In this respect, it is important to build up a model that considers 
among its features the correlation (on an hourly basis) between solar radiation 
and the price of electricity. Note that to evaluate the net income in the production 
of renewable energy, a much-debated topic currently, we could consider the pro-
duction costs for individual technologies. For example, a recent study presented 
by IRENA (2019), Renewable Power Generation Costs in 2018, estimates an 
average cost for the production of PV energy equal to 0.085 USD/kWh. For com-
parison, the average cost of wind power generation is USD 0.056/kWh. Regard-
ing the influence of any taxation or incentives in the production of PV energy, 
we are not currently aware of these data. In any case, these are fixed and deter-
ministic values that do not lead to any modification of the models used so far. 
Finally, the correct assessment of the energy produced by PV panels and of the 
corresponding electricity prices allows the management of two important sources 
of uncertainty: the volumetric risk and the price risk. The volumetric risk regards 
the fact that in a fixed time horizon the production is lower than that planned 
by the producer therefore he is not able to meet the expected commitments. The 
price risk concerns a decrease in electricity spot prices and the corresponding fall 
of the expected income. These two types of risk can overlap and therefore lead to 
even greater losses. We show how quanto options can contribute to the solution 
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to this problem. Results are illustrated through Monte Carlo simulation in rela-
tion to a hypothetical PV system located in Italy. The main references in the lit-
erature regarding the pricing of these options can be traced back to the works of 
Benth et al. (2015), Benth and Ibrahim (2017) and Caporin et al. (2012). Regard-
ing the production of PV energy, some works use neural network techniques, for 
example, Graditi et al. (2016). Benth and Ibrahim (2017) use daily data of some 
PV plants located in Germany and determine a continuous-time process suita-
ble to model the daily PV production. Finally, Lingohr and Müller (2019) deter-
mine a non-linear continuous-time autoregressive process for the production of 
solar energy by using infeed data in Germany. Neto et al. (2017) aim to perform 
a portfolio optimization of RES generation assets (hydroelectric, wind, and PV) 
for the Brazilian market. They also present an economic analysis by taking into 
account taxation and financing for the determination of the associated cash flows, 
but they do not take into account the spot electricity prices. The empirical analy-
sis of the data has highlighted, through the correlation, the presence of a certain 
dependence structure between solar radiation and the price of electricity. Besides, 
solar radiation assumes minimum values at night (for obvious reasons) and maxi-
mum values in the central hours of the day (1–2 pm). At the same time, the price 
of electricity also takes on higher values in the central hours of the day due to 
greater electricity demand. Consequently, we have introduced this feature into our 
model. The principal innovative aspect of our work concerns the modeling of the 
stochastic factors that come into play and the analysis of the profitability of a PV 
system that takes into account the real price of electricity: we used a multivari-
ate model that could link the price of electricity with solar radiation (and there-
fore PV production) through a vector autoregressive process. In this way, we can 
more effectively evaluate both the income of the PV plant and more accurately 
price the joint market/volumetric risk through the quanto options. Pricing these 
options through a multivariate model is another original feature of our contri-
bution. The next sections are structured as follows. In Sect.  2 we describe the 
factors that influence PV production. In Sect.  3 we present the models relating 
to the stochastic factors necessary to estimate the production and profitability of 
PV energy. Then, in Sect. 4, we reveal the results of the model and we price the 
quanto options.

2  Materials and methods

2.1  Photovoltaic production

To determine the energy produced by a PV panel, we follow a procedure used 
by Urraca et  al. (2018). The standard test conditions (“STC”) foresee a tempera-
ture equal to 25  ° C and an irradiation level 1000 W/m2. In general conditions, the 
energy instantly produced by a PV panel depends on the effective in-plane radiation 
Geff and the module temperature Tmod. First, we must determine the module tem-
perature through the Faiman relation (Faiman 2008):
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The parameter u0 represents the effect of the radiation on the module temperature 
and u1 explains the cooling by the wind. This relation allows determining the mod-
ule temperature as a function of radiation in the incidence plane Geff, the ambient 
temperature Tamb and the wind speed  WSmod measured at the device height. The u0 
and u1 coefficients have been estimated empirically for different types of PV panels. 
A discussion is given by Koehl et al. (2011) from which we took the values used in 
the numerical application. Finally, the energy produced in general conditions can be 
obtained from the relation (Benth and Benth 2011; Urraca et al. 2018):

with 
P
�
DC

= PDC∕PSTC PSTC = nominal power

G
�
eff

= Geff∕GSTC GSTC = 1000 W∕m2

T
�
mod

= Tmod − TSTC TSTC = 25 ◦C

so that PDC is the energy actually produced. For the parameters k1, …, k6 we took 
the values used by Huld et  al. (2011) for c-Si type panels. The effect of tempera-
ture on the performance of PV panels has been investigated by Barykina and Ham-
mer (2017) so that it is necessary to include it to model the energy production. We 
assume, without loss of generality, that the panel is ground-mounted, i.e. at a typical 
height of about 2 m. For simplicity, we assume that our panel is oriented in such 
a way that the incident radiation is given by the global radiation inferred from the 
MERRA-2 dataset (object of our modeling).

2.2  Dataset characteristics

The hourly time series of climatic variables can be obtained from NASA’s 
MERRA-2 project (https ://gmao.gsfc.nasa.gov/reana lysis /MERRA -2). We have cho-
sen an Italian location with coordinates long. 8.75 and lat. 39.5. This location cor-
responds to a Mediterranean-type climate (with good insolation all year round) and 
flat land that does not contain particular geographical obstacles to radiation. Next, 
we examine each variable in detail.

2.2.1  Solar radiation

The MERRA-2 code for solar radiation is SWGDN (surface_incoming_shortwave_
flux). The data cover 40 years, from 1/1/1980 to 31/12/2019 on an hourly basis (see 
Table 1).

The zero values are reached before sunrise and after sunset. Besides, solar 
radiation has a maximum value for each geographical location and for each hour 
and day of the year which depends (in a “clear sky” condition) on the position of 
the sun. The actual value of the radiation at a given instant, therefore, represents 
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a fraction of the maximum radiation which depends on the atmospheric condi-
tions (cloud cover, fog, presence of dust, etc. ...). The maximum radiation value 
can be estimated empirically by extracting the maximum radiation value for each 
hour and day of the year from the dataset (therefore each of these values will be 
estimated in a subset with 40 records). In Fig. 1a we report the maximum radia-
tion as a function of the hour and day of the year (grid with 24 × 365 values) in a 
three-dimensional graph. In Fig. 1b we report the maximum radiation for the year 
(with an hourly period; 8760 values on the x-axis). The upper curve corresponds 
to hour 12 (with the upper value on 21 June), the lower curves correspond to hour 
5 am and hour 7 pm.

Furthermore, we have noticed that the average radiation represents 82.55% of 
the corresponding maximum value therefore in this location the radiation reaches 
on average high values.

2.2.2  Temperature

The MERRA-2 code for temperature is TS. The data cover 16  years, from 
1/1/2004 to 31/12/2019 on an hourly basis and 140,256 records (see Table 1 for 

Table 1  Variables statistics—real values

Indicator Solar radiation 
(W/m2)

Temperature (°C) Wind speed (m/s) Electricity 
price (€/
MWh)

Mean 205.96 17.42 2.81 66.0465

Std. Dev. 287.70 9.70 1.86 34.5806

Skewness 1.22 0.65 0.96 2.0632

Kurtosis 3.19 2.97 3.42 6.5268

Min. 0 −4.14 0.01 0

Max. 1030 49.68 12.47 450

N° obs. 350,640 140,256 140,256 138,072

Fig. 1  (a) Maximum radiation vs. day/h. (b) Maximum radiation for each hour of the year
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the main statistics). We note that extreme temperatures are unlikely. Tempera-
tures that exceed 45 °C are only 0.33% while the negative ones are 0.66%.

2.2.3  Wind speed

The MERRA-2 codes for wind speed are U2M (2-m eastward wind) and V2M (2-m 

northward wind) which represent the two components. The wind speed is then 
deducted. The data cover 16 years, from 1/1/2004 to 31/12/2019 on an hourly basis 
(see Table  1). We observe that the wind speed remains rather low. Values higher 
than 10 m/s represent only 0.09% of the dataset. Let’s assume that the PV panel is 
at a height of 2 m. Otherwise, we can exploit a well-known relationship (D’Amico 
et al. 2015b) to transform the intensity of the wind based on height. We also note 
that the average wind intensity depends on the hour: the average speed increases 
until it reaches a peak around hour 2  pm, then reverses the trend and decreases. 
Another aspect of the seasonality of the wind intensity can be deduced from the 
monthly average values. Finally, we examine the serial correlation for the series. For 
this purpose, we analyze the autocorrelation function (ACF) and partial correlation 
function (PACF) given in Fig. 5, Sect. 3.3. From these plots, we find evidence of 
the presence of serial autocorrelation at lags 1 and 2, while the series also denotes a 
clear seasonality of 24 h.

2.2.4  Electricity price

The data concerning electricity price is available from the Italian company “Gestore 
Mercati Energetici” website (http://www.merca toele ttric o.org/It/downl oad/DatiS 
toric i.aspx). We considered the Sardinia zonal price from 1/4/2004 to 31/12/2019 on 
an hourly basis since our PV plant is located in Sardinia (see Table 1). We note that 
prices exhibit a high kurtosis, due to the sudden peaks that characterize the elec-
tricity prices. Indeed, we note that although the average value is equal to 66.05 €/
MWh, about 1% of the prices reach or exceed a threshold of 200 €/MWh. The price 
of electricity depends heavily on the hour and on the month, for example, from the 

Fig. 2  Mean electricity price vs. year
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dataset inspection, we highlight two maximum peaks at hours 10 am and 8 pm and 
the lowest values are found at night (for which the demand for energy drops). Aver-
age prices reach the lowest values between March and May, while higher values 
occur between July and September. The average price of electricity varies from year 
to year (see Fig. 2). In the reference period, the highest average price occurred in 
2008 and the lowest in 2016.

3  Model

We advance a stochastic model for the main variables that come into play in 
Faiman’s relation (1). We first propose autoregressive models of univariate time 
series of solar radiation, temperature, wind speed, and electricity prices and then we 
advance a more general scheme where solar radiation and electricity prices are mod-
eled jointly in the form of a bivariate model. The application of Faiman’s relation 
(1) to the results of the specific considered models allows quantifying the expected 
production and income.

3.1  The solar radiation

In Sect. 2.2.1 we determined an estimate of the maximum radiation for each hour of 
the day and each day. Now, the effective radiation R(t) will be a stochastic fraction of 
the maximum radiation Rmax(t) which depends on atmospheric factors.

We determine for each hour (t = 1, …, 8760) and each year of the dataset, the 
fraction:

This fraction is defined when Rmax(t) ≠ 0. Consequently, we deduce that 
R(t) = Rmax(t) ⋅ (1 − K(t)). We note that a similar index denoted ‘clearness index’ 
was introduced by Koudouris et al. (2018). It represents the ratio between the effec-
tive solar radiation and the one measured at the top of the atmosphere. The authors 
model hourly clearness index for each month (for a total of 288 distributions) with 
a mixture of Kumaraswamy distributions. This method is particularly onerous in 
terms of parameters, so we prefer to model the variable K(t) as a single process. To 
model the solar radiation, we just have to model the stochastic process K(t) using the 
following process with white noise ε1:

The seasonal component has two main periods (1 year and 24  h) that can be 
deduced from the single-sided amplitude spectrum (or the periodogram), besides the 
24 h period can also be deduced from the ACF function (Fig. 3, top panel). Note 

K(t) =
Rmax(t) − R(t)

Rmax(t)
∈ [0, 1]
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that if we consider a single year dataset, the 1-year period is deleted. Next, we add 
an autoregressive component with two lags. To this end, we can examine the PACF 
function (Fig. 3, bottom panel).

The statistics of the simulated series are shown in Table 2 and are similar to the 
empirical values in Table 1.

Furthermore, we compare a simulated series in Fig.  4 (upper panel) with the 
empirical series (lower panel, referring to the last year of the dataset, where the 
x-axis comprises 8760 hourly values). We can see an excellent analogy of the data. 
This particular trajectory possesses the same qualitative characteristics as the empir-
ical one. For example, zero values (corresponding to night hours) are positioned in 
the right place while the highest values are positioned around the summer solstice. 
Besides, the comparison between Tables 1 and 2 gives more reliable goodness of 
fit since this comparison was made with a certain number of simulated trajectories. 
For example, the difference in mean value is −1.98% and the difference in standard 
deviation is 2.94%, which are very low differences.

Neto et al. (2017) applied a mean-reverting model with a deterministic season-
ality index to model directly the solar radiation. Here, we preferred to apply an 
autoregressive component to the K(t) process since the maximum radiation is easily 
deduced from the empirical data.

3.2  Temperature

We can refer to the contributions of Benth and Benth (2011), Huang et al. (2018), 
Türkvatan et al. (2020) and Zapranis and Alexandridis (2011). The models described 
therein are aimed at pricing temperature-based derivatives and contain the main 
characteristics of temperatures series, namely, seasonality, autoregressive proper-
ties, and mean-reverting character. In accordance with the works listed, we decide to 
model the temperature using its known peculiarities, that is, a seasonal deterministic 
component and an autoregressive stochastic component. Let T(t) be the temperature 
series on an hourly basis. The seasonal component is a combination of sinusoidal 
functions (with 1 year and 24 h main periods). Next, we model the residuals T̂(t) 
with an ARMA model. The optimal lags have been chosen with AIC and BIC crite-
ria, we selected then an AR(3) process. We report the values of the estimated param-
eters in Table 3. The final process is (with white noise ε2):

Table 3  Parameters of the 
ARMA component

Value p value

AR(1) 1.7927 0

AR(2) −1.0739 0

AR(3) 0.2053 0
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Fig. 3  ACF (top panel) and PACF (bottom panel) for K(t) process

Table 2  Variables statistics—
simulated values

Indicator Solar radia-
tion (W/m2)

Temperature (°C) Wind speed (m/s)

Mean 210.03 17.43 2.81

Std. Dev. 279.25 9.69 1.78

Skewness 1.09 0.00 0.99

Kurtosis 2.89 2.42 4.24

Min. 0 −13.13 0.00

Max. 999.1 47.95 15.36

N° obs. 350,640 140,256 140,256

Fig. 4  Simulated and empirical solar radiation series (W/m2)
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Next, we determine simulated trajectories from the model (see Table 2). A com-
parison with Table  1 (empirical data) shows a good fitting of the model. Indeed, 
the difference in mean value is −0.06% and the difference in standard deviation is 
0.10%, which are very close values.

3.3  The wind speed process

Some models for wind speed have been developed by Caporin and Preś (2012), 
D’Amico et al. (2015a), Sim et al. (2019) and Casula et al. (2020). We have adopted 
the latter which allows being integrated into a bivariate model with the price of elec-
tricity. Let W(t) be the wind speed at the time t. We apply at first the Box-Cox trans-
formation given by the function (see e.g. Casula et al. 2020) f�(x) =

x�−1

�
 . The trans-

formed variable Ŵ(t) = f𝜉(W(t)) has a distribution close to the Gaussian one. Next, 
we use a process similar to that used for temperature with white noise ε3:

The seasonal component has two main periods (1  year and 24  h) that can be 
deduced from the single-sided amplitude spectrum (if we consider a single year 
dataset, the 1-year period is deleted). Next, we add an autoregressive component 
with two lags. To this end, we can examine the ACF and the PACF function (Fig. 5, 
top/bottom panel respectively).
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Fig. 5  ACF (top panel) and PACF (bottom panel) for wind speed process
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The final step is to apply the inverse Box-Cox transformation fξ
−1(x) = (1 + ξ ⋅ x)1/ξ. 

The parameters of the model have been estimated through log-likelihood maximiza-
tion (performed with Matlab tools, values omitted). Then, we simulate trajectories 
from this process through the Monte Carlo procedure. The statistics of the simulated 
series are reported in Table 2. A comparison with Table 1 (empirical data) shows a 
good fitting of the model. The difference in mean value is 0.00% and the difference 
in standard deviation is 4.30%, which are again very low differences.

3.4  The electricity price process

An overview of recent models was provided by Weron (2014) and Nowotarski and 
Weron (2018) and the bibliography included therein. We will use the approach 
developed in Casula et  al. (2020) again in this context. Let P(t) be the electricity 
price at the time t. The price process P(t) has a non-Gaussian probability distribu-
tion (confirmed by the J-B test, see Casula et al. 2020) and is characterized by price 
peaks and near-zero values. To transform this distribution to a Gaussian one, we 
apply the N − PIT transformation defined as (Nowotarski and Weron 2018; Unie-
jewski et al. 2019) P̃(t) = G

−1
(

F
P(t)(P(t))

)

 where FP(t) is the cumulative distribution 
function (CDF) of P(t) and P̃(t) is the transformed variable. As the real distribution 
of P(t) is not known, we can estimate it with the empirical distribution function. 
Finally, G−1 is the inverse of the standard normal CDF. Next, we use a process simi-
lar to that used before, with white noise ε4:
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Fig. 6  ACF (top panel) and PACF (bottom panel) for electricity price process
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The seasonal component has three main periods (1 year, 1 week, and 24 h) that 
can be deduced from the single-sided amplitude spectrum (if we consider a single 
year dataset, the 1-year period is deleted). Next, we add an autoregressive compo-
nent with two lags. To this end, we can examine the ACF and the PACF function 
(Fig. 6, top and bottom panel respectively). Finally, we simulated trajectories from 
the process through Monte Carlo procedure and applied the inverse N − PIT trans-
formation P(t) = F

−1

P(t)

(

G
(

P̃(t)
))

.
The parameters of the model have been estimated through log-likelihood maximi-

zation (performed with Matlab tools, values omitted). Then, we simulate trajectories 
from this process (statistics are reported in Table 4 for year 2019). A comparison 
with empirical data shows a good fitting. The difference in mean value is −0.31% 
and the difference in standard deviation is 1.94%, which are very low differences, so 
that the simulated values represent faithfully the real ones.

Table 4  Simulated and 
empirical electricity price series 
statistics for the year 2019

Indicator Empirical Simulated

Mean 51.80 51.96

Std. Dev. 13.37 13.11

Skewness −0.46 −0.41

Kurtosis 4.83 4.69

Min. 0 0

Max. 113.07 109.57

Fig. 7  Correlation electricity price—solar radiation period 2005–2019
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3.5  Electricity price: solar radiation bivariate model

We highlight that the correlation between the price of electricity and solar radiation 
has undergone considerable variations over time. In Fig. 7, we reported the correla-
tion using a 1-year rolling window.

Finally, in Table 5 we list the correlations year by year. The salient fact concerns 
a sudden change in the period 2011–2012, indeed it is verified that the correlation 
passes from positive to negative values. Since the correlation changes considerably 
year by year, it is appropriate to create a bivariate model that can take this character-
istic into account and to model these variables year by year separately.

To achieve this, in the models that describe the solar radiation and the price of 
electricity, we have replaced the respective AR(2) components with a single VAR 
(“vector autoregressive”) process. We used more specifically a VAR(2, 2) process 
with 2 variables and 2 lags. The bivariate model considered can therefore be writ-
ten as follows:

where η1 and η2 are white noises and K̂(t) and P̂(t) are the deseasonalized processes:

To explain the change in correlation in the period 2011–2012, we consider 
in Table 6 the quantity of energy from renewable sources produced in Italy and 
we note that since 2011 there has been a massive input of PV energy, which 
has exceeded wind power production (ISTAT source, http://dati.istat .it/Index 
.aspx?lang=en&SubSe ssion Id=cc362 11b-d2d0-4c05-bb28-8d7c6 6cbd4 29).

We can argue that an increase in PV production may lead to a decrease in 
prices due to the behavior of producers in the auction mechanism in the Day-
Ahead Market.
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Table 5  Real correlations electricity price—solar radiation period 2009–2019

Year 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019

Corr. 0.3292 0.2932 0.1437 −0.0964 −0.1654 −0.2614 −0.1580 −0.2247 −0.1873 −0.0953 −0.1509
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3.6  The expected production and income

To determine the energy produced, we apply at first the Faiman relation (1). We 
use the values from Koehl et  al. (2011): u0 = 26.9  W/ ° C  m2; u1 = 6.20  Ws/ ° C 
m3. Precisely, we followed the choice of Huld and Gracia Amillo (2015), page 
5163, which consists in taking the average value of the values reported by Koehl 
et al. (2011). Next, we apply the relation (2) from Urraca et al. (2018). The asso-
ciated parameters are taken from Huld et al. (2011) for c-Si type panels: k1 =  − 0.
017237; k2 =  − 0.040465; k3 =  − 0.004702; k4 = 0.000149; k5 = 0.000170; k6 = 
0.000005.

Finally, we consider a nominal power PSTC = 1 kW. Another important aspect of 
our work consists in determining the hypothetical profit deriving from the produc-
tion of electricity in a fixed time horizon. To do this, we will use the zonal electric-
ity price introduced earlier. The expected income at a time t0 ≥ 0 up to time t0 + τ is:

where r is a constant risk-free interest rate, P(t0 + k) is the price at the time t0 + k 
and z(t0 + k) is the energy produced at the time t0 + k. An estimator of the expected 
income is:

where H is the number of simulations, Pi(t0 + k) is the value of the price process at 
the time t0 + k for the ith simulated path and zi(t0 + k) has analogous meaning for the 
power production process. The estimation of the income through formula (2) con-
siders the influence of the specific processes modeling the different variables as well 
as their interdependencies.

4  Results

We first present the results about energy produced, then we generate implied 
incomes, and finally, quanto options are built for hedging risks. A comparison 
with the empirical values confirms the suitability of the proposed approach.
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Table 6  Gross production of PV electricity (millions of KWh)

Year 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017

PV 193.0 676.5 1905.7 10,795.7 18,861.7 21,588.6 22,306.4 22,942.2 22,104.3 24,377.7
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4.1  Energy production

The statistics of the empirical energy produced are reported in Table 7. We con-
sider the dataset from 1/4/2004 (availability of the electricity price series) until 
31/12/2019 (138,072 records) and we picture a synthetic series in Fig. 8.

We complete the analysis with a Monte Carlo simulation for which we have 
generated ns = 100 trajectories for each stochastic variable (see Table 8) and we 
note a good correspondence with the empirical values reported in the same table. 
Indeed, the differences in mean value (reported year by year) are respectively: 
−0.32%, 0.91%, 0.96%, −1.53% and −0.21%. Consequently, the simulated pro-
duction values faithfully follow the empirical ones.

4.2  Income estimation

The results of the associated income estimated at the beginning of the time hori-
zon (for the years 2015 to 2019) with a risk-free interest rate of 1% are shown in 
Table 9. We note here again a good correspondence between empirical and simu-
lated values. Indeed, the differences in mean value (reported year by year) are 
respectively: −0.38%, −3.00%, −2.03%, −2.07% and − 0.82%. Hence, the applied 
multivariate model allows us to reproduce faithfully the income, which contains 
all the stochastic variables introduced previously. The results are compared with 
those obtained by simulating the two series independently and in this case, a 

Table 7  Empirical energy 
produced statistics (expressed 
in kW)

Indicator Value Indicator Value Indicator Value

Mean 0.1890 Skewness 1.1304 Min. 0

Std. Dev. 0.2613 Kurtosis 2.8855 Max. 0.9720

Fig. 8  Empirical energy produced (on an hourly basis for the period 2004–2019)
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worse result is highlighted. We also report the correlation between the simulated 
electricity price and solar radiation series which are close to the real ones given 
in Table 5. Therefore, another strong point of the model is highlighted, namely 
the ability to reproduce the observed dependence structure.

4.3  Quanto options

The payoff associated with lower than expected energy production and electricity 
price can be expressed as a double put option C(K1, K2) = max(K1 − E; 0) ⋅ max(K2 − p; 
0) with E =

1

n

∑n

i=1
Ei; p =

1

n

∑n

i=1
pi . The “energy index” E is defined as the average 

energy produced over a specified horizon [τ1, τ2] where Ei is the energy produced at a 
time i. The same holds for the price index p, where pi denotes the spot price at a time 
i. The period is measured in hours and the horizon is arbitrary. The index n will then 
represent the number of hours in the given horizon. Finally, the strike values K1 and K2 
are fixed. Assume that the quanto option is exercised at the time τ2. Its arbitrage-free 
price Qt at time t ≤ τ2 is given by (Benth et  al. 2015) Qt = e−r⋅(�2−t)E

(

C
(

K1, K2

))

 . 
Here, r > 0 denotes the risk-free interest rate (which we assume constant, as before). 
Since in our application, price and production levels differ widely year by year, we 
consider the options when referring to a specific year, evaluated at a time t = τ1. 
Regarding the pricing of this type of option, we can follow two distinct procedures. 
Benth et al. (2015, 2018) derive, in their application, a closed formula deduced from 
the hypotheses made on the dynamics of the underlying. Instead, Caporin et al. (2012) 
propose pricing through the Monte Carlo simulation, which allows dealing with more 
general situations (in the absence of closed formulas) but the method proves more 
onerous regarding processing times. Monte Carlo simulation was also used in Benth 

Table 8  Real vs. simulated 
production for years 2015–2019

Year Real mean production Simulated 
mean produc-
tion

2015 0.1892 0.1898

2016 0.1876 0.1859

2017 0.1977 0.1958

2018 0.1761 0.1788

2019 0.1892 0.1896

Table 9  Real vs. simulated 
incomes and simulated 
correlations price-solar radiation 
years 2015/2019

Year Real income Simulated income Simulated 
income 
(indep.)

Correlation

2015 79,722.0 80,027.8 80,283.8 −0.1755

2016 62,458.0 64,331.9 65,489.5 −0.1507

2017 82,430.8 82,900.8 84,102.9 −0.1357

2018 90,979.9 92,866.8 94.738.7 −0.0973

2019 81,946.4 82,618.3 84.135.3 −0.1435
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and Ibrahim (2017), but there the authors directly modeled the production of PV 
energy instead of the factors that influence it. In our example, we followed the Monte 
Carlo simulation. For example, we report in Fig.  9 the values of the quanto option 
for the years 2016 and 2018. We considered a variable strike for both variables (pro-
duction level and electricity price) therefore the option value is presented as a three-
dimensional figure with respect to the strike values set as independent variables.

From the comparison between these two cases, we note that the same strikes 
range for both options leads to different fair values of the options. Consequently, it is 
clear that the quanto options should ideally offer hedging for a specific horizon. We 
can also deduce from these plots that the value of the quanto option increases as the 
strike values increase. Indeed, if we increase the strike values (namely the “planned” 
price and production values), it is more likely that the real values are below these 
planned values. Therefore, the cost of hedging against price/volumetric risk will be 
higher. Furthermore, it is interesting to note that if only one of the two strikes take 
on a “high” value, the option value is lower. In this situation, the price/volumetric 
risk does not exist simultaneously therefore the balance of these two situations leads 
to the fair price of the quanto option.

5  Discussion

The growing diffusion of renewable energies requires the creation of models to esti-
mate the production and profitability of energy. In this work, we specifically dealt 
with the production of energy by PV panels that exploit the photoelectric effect. If we 
consider a PV panel with certain fixed technical characteristics, the amount of energy 
produced essentially depends on the amount of incident solar radiation. The efficiency 
of the panel also depends, to a certain extent, on temperature and wind speed. To cor-
rectly model the energy produced, we must therefore effectively model these three 
stochastic variables. We have described the models used in the work and we have 
shown that they allow us to fully replicate the empirical values. Finally, to evaluate the 
income deriving from the production of electricity, it is appropriate to correctly model 
the series of electricity prices. For this purpose, we applied a bivariate model solar 
radiation/electricity price to cope with the correlation between these two variables. We 
also described the model used in the work, and we verified that the simulated values 

Fig. 9  Quanto option for the year 2016 (left panel) and the year 2018 (right panel)
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also faithfully replicate the empirical values. More precisely, the comparison between 
empirical and simulated values takes place on different levels. First, we compared 
the individual variables (solar radiation, temperature, wind intensity, and electricity 
price). Subsequently, we compared the energy production and the income (where all 
4 stochastic variables come into play). Besides, the VAR models used to estimate PV 
production and the price of electricity are sufficiently flexible and adapt to the descrip-
tion of data coming from sites with slightly different climatic conditions. The results 
of the estimates will give us slightly different parameters, but the general methodol-
ogy remains unchanged. Moreover, the stochastic processes that represent the main 
climatic variables (solar radiation, wind intensity and temperature) are based on typi-
cal characteristics of these variables. Regarding the model of the electricity price, also 
in this case we have exploited the typical characteristics of this variable. The different 
zonal markets present in the Italian territory may present more or less high values but 
despite this, the qualitative characteristics are similar. A fundamental aspect of our 
model is to have considered the observed dependence structure between the price of 
electricity and solar radiation. This particularity is also valid outside the local context 
used for our numerical simulations so we can conjecture that the type of model used 
here can cover a wider field of application. Finally, taking into account that an energy 
producer is subject to both volumetric risk (lower than expected production) and price 
risk (drop in the spot price of electricity), we have developed quanto options useful to 
face these risks. These options were then priced with the Monte Carlo method.

Funding Open access funding provided by Università degli Studi di Cagliari within the CRUI-CARE 
Agreement.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, 
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as 
you give appropriate credit to the original author(s) and the source, provide a link to the Creative Com-
mons licence, and indicate if changes were made. The images or other third party material in this article 
are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is 
not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission 
directly from the copyright holder. To view a copy of this licence, visit http://creat iveco mmons .org/licen 
ses/by/4.0/.

References

Barykina, E., Hammer, A.: Modeling of photovoltaic module temperature using Faiman model: sensitiv-
ity analysis for different climates. Sol. Energy. 146, 401–416 (2017)

Benth, F.E., Benth, J.Š.: Weather derivatives and stochastic modelling of temperature. Int. J. Stoch. Anal. 
2011, 576791, 1–21 (2011). https ://doi.org/10.1155/2011/57679 1

Benth, F.E., Ibrahim, N.A.: Stochastic modeling of photovoltaic power generation and electricity prices. 
J. Energy Markets. 10(3), 1–33 (2017). https ://doi.org/10.21314 /JEM.2017.164

Benth, F.E., Lange, N., Myklebust, T.Å.: Pricing and hedging quanto options in energy markets. J. Energy 
Markets. 8(1), 1–35 (2015)

Benth, F.E., Di Persio, L., Lavagnini, S.: Stochastic modeling of wind derivatives in energy markets. 
Risks. 6(2), 56 (2018). https ://doi.org/10.3390/risks 60200 56

Caporin, M., Preś, J.: Modeling and forecasting wind speed intensity for weather risk management. Com-
put. Stat. Data Anal. 56, 3459–3476 (2012)

84

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2011/576791
https://doi.org/10.21314/JEM.2017.164
https://doi.org/10.3390/risks6020056


285

1 3

Performance estimation of photovoltaic energy production  

Caporin, M., Preś, J., Torro, H.: Model based Monte Carlo pricing of energy and temperature Quanto 
options. Energy Econ. 34, 1700–1712 (2012)

Casula, L., D’Amico, G., Masala, G., Petroni, F.: Performance estimation of a wind farm with a depend-
ence structure between electricity price and wind speed. World Econ. 43, 2803–2822 (2020). https ://
doi.org/10.1111/twec.12962 

D’Amico, G., Petroni, F., Prattico, F.: Economic performance indicators of wind energy based on wind 
speed stochastic modeling. Appl. Energy. 154, 290–297 (2015a)

D’Amico, G., Petroni, F., Prattico, F.: Wind speed prediction for wind farm applications by Extreme Value 
Theory and Copulas. J. Wind Eng. Ind. Aerodyn. 145, 229–236 (2015b). https ://doi.org/10.1016/j.
jweia .2015.06.018

Deane, P., Collins S., Gallachóir, B.Ó., Eid, C., Hartel, R., Keles, D., Fichtner, W.: Impact on electricity 
markets: merit order effect of renewable energies. Europe’s Energy Transit Insights Policy Making 
(Chapter 16) (2017). https ://doi.org/10.1016/B978-0-12-80980 6-6.00016 -X

Faiman, D.: Assessing the outdoor operating temperature of photovoltaic modules. Prog. Photovolt. Res. 
Appl. 16, 307–315 (2008). https ://doi.org/10.1002/pip.813

Graditi, G., Ferlito, S., Adinolfi, G.: Comparison of Photovoltaic plant power production prediction meth-
ods using a large measured dataset. Renew. Energy. 90, 513–519 (2016)

Huang, J.W., Yang, S.S., Chang, C.C.: Modeling temperature behaviors: application to weather derivative 
valuation. J. Futur. Markets. 38, 1152–1175 (2018)

Huld, T., Gracia Amillo, A.M.: Estimating PV module performance over large geographical regions: the 
role of irradiance, air temperature, wind speed and solar spectrum. Energies. 8, 5159–5181 (2015). 
https ://doi.org/10.3390/en806 5159

Huld, T., Friesen, G., Skoczek, A., Kenny, R.P., Sample, T., Field, M., Dunlop, E.D.: A power-rating 
model for crystalline silicon PV modules. Sol. Energy Mater. Sol. Cells. 95, 3359–3369 (2011). 
https ://doi.org/10.1016/j.solma t.2011.07.026

IRENA: Renewable power generation costs in 2018. International Renewable Energy Agency, Abu Dhabi 
(2019). ISBN 978-92-9260-126-3.

Koehl, M., Heck, M., Wiesmeier, S., Wirth, J.: Modeling of the nominal operating cell temperature based 
on outdoor weathering. Sol. Energy Mater. Sol. Cells. 95, 1638–1646 (2011)

Koudouris, G., Dimitriadis, P., Iliopoulou, T., Mamassis, N., Koutsoyiannis, D.: A stochastic model for 
the hourly solar radiation process for application in renewable resources management. Adv. Geosci. 
45, 139–145 (2018). https ://doi.org/10.5194/adgeo -45-139-2018

Lingohr, D., Müller, G.: Stochastic modeling of intraday photovoltaic power generation. Energy Econ. 
81, 175–186 (2019). https ://doi.org/10.1016/j.eneco .2019.03.007

Neto, D.P., Domingues, E.G., Coimbra, A.P., de Almeida, A.T., Alves, A.J., Calixto, W.P.: Portfolio opti-
mization of renewable energy assets: hydro, wind, and photovoltaic energy in the regulated market 
in Brazil. Energy Econ. 64, 238–250 (2017)

Nowotarski, J., Weron, R.: Recent advances in electricity price forecasting: a review of probabilistic fore-
casting. Renew. Sustain. Energy Rev. 81, 1548–1568 (2018)

Sim, S.-K., Maass, P., Lind, P.G.: Wind speed modeling by nested ARIMA processes. Energies. 12(1), 69 
(2019). https ://doi.org/10.3390/en120 10069 

Türkvatan, A., Hayfavi, A., Omay, T.: A regime switching model for temperature modeling and applica-
tions to weather derivatives pricing. Math. Finan. Econ. 14, 1–42 (2020)

Uniejewski, B., Weron, R., Ziel, F.: Variance stabilizing transformations for electricity spot price fore-
casting. IEEE Trans. Power Syst. 33(2), 2219–2229 (2019)

Urraca, R., Huld, T., Lindfors, A.V., Riihelä, A., Martinez-de-Pison, F.J., Sanz-Garcia, A.: Quantifying 
the amplified bias of PV system simulations due to uncertainties in solar radiation estimates. Sol. 
Energy. 176, 663–677 (2018)

Weron, R.: Electricity price forecasting: a review of the state-of- the-art with a look into the future. Int. J. 
Forecast. 30, 1030–1081 (2014)

Zapranis, A.D., Alexandridis, A.: Modeling and forecasting cumulative average temperature and heat-
ing degree day indices for weather derivative pricing. Neural Comput. Applic. 20, 787–801 (2011). 
https ://doi.org/10.1007/s0052 1-010-0494-1

Publisher’s Note  Springer Nature remains neutral with regard to jurisdictional claims in published 
maps and institutional affiliations.

85

https://doi.org/10.1111/twec.12962
https://doi.org/10.1111/twec.12962
https://doi.org/10.1016/j.jweia.2015.06.018
https://doi.org/10.1016/j.jweia.2015.06.018
https://doi.org/10.1016/B978-0-12-809806-6.00016-X
https://doi.org/10.1002/pip.813
https://doi.org/10.3390/en8065159
https://doi.org/10.1016/j.solmat.2011.07.026
https://doi.org/10.5194/adgeo-45-139-2018
https://doi.org/10.1016/j.eneco.2019.03.007
https://doi.org/10.3390/en12010069
https://doi.org/10.1007/s00521-010-0494-1


 

 

5. A multivariate model for hybrid wind-photovoltaic power 

production with energy portfolio optimization 

 

This latest work, at the time of writing this doctoral thesis, has not yet been published, it is currently 

under review by an international journal of the sector. 

It is of crucial importance for this research as it constitutes the logical conclusion of all three 

previous works, combining the innovative elements that have already been reported to achieve the 

realization of a multivariate model relating to hybrid wind-photovoltaic power production. 

The model also permits to price quanto options to hedge the volumetric risk (lower energy 

generation than expected) and the market risk (reduction in the price of electricity leading to lower 

revenues). 

Besides, we investigate the optimal choice between the two production technologies through 

Markowitz's classic portfolio selection theory and we enriched the analysis by taking into 

consideration the loss of load hours (LoLH) of efficient portfolios. The models are validated through 

Monte Carlo simulations using real data. 
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A multivariate model for hybrid wind-photovoltaic power production with energy 

portfolio optimization 

 

 

Abstract 

The expansion of renewable energy sources is destined to increase in the future, under the 

impulse, for example, of the Paris agreements with the aim of reducing the production of 

greenhouse gases. In particular, hybrid production plants allow exploiting different climatic 

sources to generate electricity. We aim to analyze the electricity generation of a mixed wind-

photovoltaic system considering a multivariate model that involves the required climatic 

variables. We have also included in the model the price of electricity to evaluate the 

profitability of the system through the expected income. Besides, we investigate the optimal 

choice between the two production technologies through Markowitz's classic portfolio 

selection theory. To this end, we consider a portfolio consisting of the income deriving from 

both wind and PV production and we determine the optimal mix that maximizes the overall 

income of our portfolio. This analysis is enriched by taking into consideration the loss of load 

hours (LoLH) of efficient portfolios. Finally, we aim to manage the volumetric/market risk 

with appropriate quanto options and to perform an optimal choice between the two 

technologies. The models are validated through Monte Carlo simulations using real data. 

Keywords: Renewable energy; Income; Monte Carlo simulation; Electricity price; Efficient 

frontier; Loss of load hours. 

JEL: C53, G17, Q47. 
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1. Introduction 

 The production of renewable energy is destined to continue its expansion in the coming 

years, because it is characterized, for example, by a reduced environmental impact. Indeed, 

wind and photovoltaic (PV) energies allow taking advantage of some climatic variables such 

as wind intensity and solar radiation. Renewable energy has also an important impact on the 

formation of electricity prices with an auction mechanism that characterizes the day-ahead 

market. 

 The importance of renewable energy is also highlighted in the 2015 Paris agreements, 

settled by the “United Nations Framework Convention on Climate Change” (see UNFCCC, 

2015) which aims to mitigate climate change by reducing emissions of greenhouse gases 

(GHGs) and the subsequent well-known “greenhouse effect”. The development of renewable 

energies has recently been addressed in the specialized literature under various aspects. For 

example, Patlitzianas & Flamos (2016) analyze its development in the GCC countries; Pekez 

et al. (2016) show how the expansion of RES is a possible solution to the problem of climate 

change. From a more specific point of view, Carpio (2021) tackles the problem of intermittency 

in the production of PV energy through optimal portfolio selection with a survey conducted in 

Brazil; moreover Das & Malakar (2021) deals with the uncertainty in the production of a wind 

farm with particular regard to the profit margin in the Indian energy market. 

 Hybrid systems that use wind generators and PV panels are increasingly being used 

(see, e.g. Ferrer-Martí et al. (2013) and Domenech et al. (2019)). These systems are quite 

complex involving different technologies to produce energy. Wind energy mainly depends on 

the intensity of the wind and the energy produced is quantifiable through the power curve that 

characterizes the turbine. As regard PV energy, fixed a panel with defined technical 

characteristics (size, semiconductor material, inclination, azimuth angle, ...), its efficiency 
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depends on the incident solar radiation of the solar panel used and, to a certain extent, on other 

climatic variables such as wind intensity and temperature. A mixed plant allows us to take 

advantage of very different situations: during the night, the plant will be able to produce only 

wind energy, while in the daytime there will be a mixed production dependent on the 

meteorological conditions. 

The efficiency of a PV panel has been studied by several authors. For the determination of the 

modular temperature of a PV panel, we followed Faiman’s law (Faiman 2008). To fix the 

technical characteristics of the PV panel object of our study we referred to the contribution of 

Huld et al. (2011); Koehl et al. (2011) and Urraca et al. (2018).  

Solar radiation was studied by Saoud et al. (2018) through a quaternion-valued neural network 

with short-term forecasting purposes. Next, the impact of temperature on the PV panels 

production has been examined by Dubey et al. (2013), Singh & Ravindra (2012), and Barykina 

& Hammer (2017), for this reason, we have included the temperature among the stochastic 

variables to be modeled. In practice, we will observe that the impact of temperature on PV 

production is small, so we will only consider its deterministic component. Some works use 

neural network techniques to determine the PV energy production, for example, Monteiro et 

al. (2017), Yousif et al. (2017), and Graditi et al. (2016). Next, Benth et al. (2017) apply a 

continuous-time process and Lingohr and Müller (2019) apply a non-linear continuous-time 

AR process to model PV production.  

Regarding the wind speed, we can count in literature the following contributions. Caporin & 

Pres (2012a) show that the ARFIMA-FIGARCH process models efficiently the wind speed 

process; Chang (2011) applies Weibull distributions, a typical feature of wind speed 

distributions, with parameters estimated by MLE method; D’Amico et al. (2015a) simulate 
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wind speed through indexed semi-Markov chains; Sim et al. (2019) apply at first a particular 

distribution of the data and then apply ARIMA processes. 

We list some references concerning temperature modeling: Benth & Benth (2011), Huang et 

al. (2018), Lee & Craine (2012), Türkvatan et al (2020), and Zapranis & Alexandridis (2011). 

These surveys highlight the main characteristics of the temperature (e.g. seasonality and 

autoregressive features) from which we will not deviate. 

A significant amount of literature has been produced on modeling electricity prices, 

fundamental references are Weron (2014) and Nowotarski & Weron (2018) with the related 

bibliographies. 

Our goal is not to innovate the processes that explain the dynamics of the single variables used, 

so we will exploit the most salient features listed in the literature, such as the presence of 

seasonal and autoregressive components. 

 In this paper, we aim to model the overall energy production of a hybrid wind-

photovoltaic system. To this end, we should model the main stochastic climatic variables 

involved in this process: solar radiation and wind speed, while we consider only the 

deterministic component of the temperature. We propose autoregressive stochastic processes 

for each variable.  

 Next, we determine the financial efficiency of the energy plant by including the 

electricity price. The objective is both to determine the overall energy produced and the 

expected income in a given period. 

 The study of the income for renewable energy sources is poorly studied in the literature. 

An application to wind farms has been carried out by Benth et al. (2018). The authors applied 

an Ornstein-Uhlenbeck process to model wind speed and energy production and a NIG 

(“Normal Inverse Gaussian”) process to represent the electricity log-prices. Another goal was 
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to effectively model the dependence between wind speed and the price of electricity. Another 

application in the same sector was given by Casula et al. (2020a). The authors apply a 

multivariate VAR process to jointly represent the wind speed and electricity price. We give 

here an innovative extension of the expected income for a hybrid wind-PV plant by considering 

a third variable dedicated to the PV production in the stochastic model and to consider its 

interdependencies with the other two variables and the impact on financial profitability of the 

hybrid plant. 

 We apply a Vector Autoregressive Model (VAR) to represent the complex dependence 

between wind speed, solar radiation, and electricity prices. This allows a more efficient 

investigation of the total production and expected income of the production plant. This aspect 

represents one of the main innovations of our work. 

 The next aspect concerns the simultaneous volumetric risk and price risk with which a 

producer has to deal. We remind that the volumetric risk concerns a production lower than 

expected in a given interval. The market risk is due to a fall in electricity prices which implies 

that the sale of a given amount of electricity produces a lower income. These two risks can 

coexist and produce larger losses. To hedge against these losses, we can take advantage of a 

particular type of option, called quanto options (see Zhang, 2001 for a general overview). Note 

that in the framework of renewable energy production, the volumetric risk is caused by 

unfavorable climatic events: wind speed outside the working thresholds and/or low solar 

radiation, just to name a few. Quanto options were investigated by Benth et al. (2015) and 

Caporin et al. (2012b) to deal with temperature derivatives and by Benth et al. (2018) in the 

management of wind derivatives underlying the production of wind energy. An application 

concerning PV production was given by Benth et al. (2017). We use here an original application 

of the quanto options for hedging the volumetric/price risk of a hybrid wind-PV plant. 
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 The last aspect on which we focus is the optimal choice between the two production 

technologies. To do this, we use Markowitz's classic portfolio selection theory (see Markowitz 

(1952)). We consider a portfolio consisting of the expected income deriving from both wind 

and PV production and we determine the optimal mix that maximizes the overall income of 

our portfolio. We note that portfolio selection techniques in the energy sector have been 

addressed by several authors in the literature. Cucchiella et al. (2017) perform an economic 

analysis to evaluate the profitability of investments in RES in the Italian market, concerning 

incentives. Cunha & Ferreira (2014) apply the classical mean-variance approach to a RES 

portfolio composed of hydropower, wind, and PV sources in the Portuguese market. deLlano-

Paz et al. (2017) propose a literature review of the applications of portfolio theory to energy 

planning and electricity production. The authors assert that the inclusion of RES sources 

reduces portfolio risk. Muñoz et al. (2009) consider a portfolio composed of wind, PV, mini-

hydro, and thermoelectrical sources in the Spanish market. The associated cash flows are used 

to set up the internal rate of return and consequently to minimize the investment risk (and 

maximize the return) of the portfolio. Neto et al. (2017) apply portfolio theory with RES assets 

(hydroelectric, wind, and PV) for the Brazilian market and they perform an economic analysis 

considering taxation and financing.  

Besides, the need to consider energy portfolios in terms of mixtures of available generation 

technologies has been widely investigated by Lucheroni & Mari (2017, 2018) concerning 

minimization strategies for the LCOE (Levelized Cost of Energy) of the portfolio. Li et al. 

(2017) investigate the impact of wind and PV production for development in China. Yang et 

al. (2016) examine the consumer preference for electricity production when the quota of RES 

increases. Mahesh & Sandhu (2015) examine the benefits of considering hybrid energy systems 

wind-PV due to their complementary characteristics. 
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 Besides, we have considered an important indicator of risk in the energy production, 

namely the “Loss of Load Hours” (LoLH) which contemplates the total number of hours, for 

which energy production is less than planned in a given horizon. Once we determined the set 

of efficient portfolios using financial techniques based on Markowitz’s theory, we evaluate the 

LoLH indicator which provides a risk index only for those scenarios which are financially 

sound. These latter aspects represent an equally innovative contribution to our work. We 

conclude with a Monte Carlo simulation of the stochastic variables needed to implement the 

models and we consider a hypothetical energy plant in Italy. Solar radiation and climatic factors 

data come from NASA's MERRA-2 project and the data containing historical values of the 

electricity prices come from GME (Gestore Mercati Elettrici”). 

 The paper continues as follows. In section 2 we describe the production of wind and 

PV energy as well as the auxiliary variables. In section 3 we discuss the models concerning the 

stochastic variables and we introduce the expected income. Then, in section 4, we illustrate the 

findings of the proposed models with the pricing of the quanto options, the efficient frontier, 

and the LoLH estimation. Finally, section 5 concludes. 

 

2. Materials and Methods 

 We present here some statistics of the variables involved. Next, we estimate the solar 

energy produced by a photovoltaic panel with given characteristics and the wind energy 

produced by a given wind turbine. 

2.1 Dataset characteristics 

 The (hourly) time series of the climatic variables are retrieved from NASA's MERRA-

2 project (https://gmao.gsfc.nasa.gov/reanalysis/MERRA-2). The geographical coordinates of 

the location are 39.5N (latitude) and 8.75E (longitude).  
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 Solar radiation is entered in MERRA-2 with the SWGDN code 

(surface_incoming_shortwave_flux). The data contain 40 complete years (from 1/1/1980 to 

31/12/2019, hourly basis) and some statistics are given in Table 1. 

 
Solar radiation 

W/m2 

Temperature 

°C 

Wind speed 

m/s 

Electricity price 

€/MWh 

Mean 205.96 17.52 6.54 63.88 

Std. Dev. 287.7 9.75 3.51 34.19 

Skewness 1.22 0.65 0.78 2.49 

Kurtosis 3.19 2.96 3.62 12.38 

Min. 0 -3.63 0.02 0 

Max. 1,030 49.68 26.08 450 

N° obs. 350,640 78,888 78,888 78,888 

Tab.1 Solar radiation, temperature, wind speed, and electricity price - real values 

We note that the values of solar radiation have an obvious minimum of zero (between sunset 

and sunrise) while the maximum value is linked to the location and the hour and day. We 

determine the maximum potential value (for each hour and each day of the year) empirically 

from the available data (this value is reached in case of clear-sky condition). The actual 

radiation turns out to be a proportion of the maximum. In Figure 1 we show the maximum 

radiation. 
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Fig.1 Maximum radiation vs. day/hour 

We represent the effective stochastic radiation ( )R t  as a fraction ( )K t  of the maximum 

radiation max ( )R t  depending on the atmospheric situation. We set then for each hour of the 

year: 

max

max

( ) ( )
( ) [0,1] 1, ,8760

( )
R t R t

K t t
R t

−
=  =  

We define ( )K t  whenever max ( ) 0R t  , otherwise it means that the radiation is zero. 

As a consequence, ( )max( ) ( ) 1 ( )R t R t K t=  − . This process has a seasonal component (periods: 

one year and 24 hours) and an autoregressive component with two lags. These features are 

deduced by analyzing the periodogram and the ACF and PACF functions (Casula et al., 2020b). 

 The temperature is given in the MERRA-2 dataset with the TS code. The data ranges 

from 1/1/2009 to 31/12/2017, some statistics are illustrated in Table 1. Besides, the series has 

a well-known seasonal trend. The seasonal component has two main periods (one year and 24 

hours) and the autoregressive component is an (3)AR  process. The optimal lag has been 

determined with AIC and BIC criteria. 
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The wind speed components are given in the MERRA-2 dataset with codes U2M (“2-meter 

eastward wind”) and V2M (“2-meter northward wind”). The data ranges from 1/1/2009 to 

31/12/2017, some statistics are given in Table 1. 

We deduce from Figure 2 that the mean wind speed is linked to the hour. The average speed 

reaches a maximum peak at about 2 pm. 

 

Fig. 2 Mean wind speed vs. hour 

Finally, we deduce from the inspection of the autocorrelation function (ACF) and partial 

autocorrelation function (PACF) that lags 1 and 2 are significant, besides the series highlights 

a seasonality of 24 hours and one year (Casula et al, 2020a). 

The electricity price dataset ranges from 1/1/2009 to 31/12/2017 and is present on the “Gestore 

Mercati Energetici” website (http://www.mercatoelettrico.org/It/download/DatiStorici.aspx). 

We used the Sardinia zonal price. Some statistics are illustrated in Table 1. We deduce a high 

value of kurtosis caused by the numerous price peaks. 

The hourly dependence of the price is shown in Figure 3 (upper left panel). For example, the 

highest values are reached at 10 am and 8 pm and the lowest ones at night (indeed energy 

demand decreases). 
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Fig.3 Mean electricity price vs. hour (upper left), year (upper right), day of the week (lower 

left), and month (lower right) 

 

We observe (Figure 3, upper right panel) that the mean price depends on the year (highest value 

in 2009 and lowest in 2016). The price trend compared to the day of the week is shown in 

Figure 3 (lower left panel). We highlight that the average price is lower on Sunday and Monday, 

while on the other days lower average fluctuations occur. Next, the dependence on the month 

is shown in Figure 3 (lower right panel). The seasonal component contains three main periods 

(one year, one week, and 24 hours) and the autoregressive component, deduced from the 

inspection of the ACF and the PACF functions, has two significant lags (see Casula et al. 

2020a). 

 

2.2  Photovoltaic energy production 

97



 

 We aim here to estimate the PV energy production for a panel with known 

characteristics and the necessary climatic factors given. To this end, we follow a procedure 

developed by Urraca et al. (2018). The “Standard Test Conditions” (STC) apply with a 

temperature of 25 C  and an irradiation value of 21000 /W m . The electricity generated by a 

PV panel is a function of the in-plane radiation 
eff

G  and the module temperature modT  

determined by the Faiman relation (Faiman, 2008): 

 mod
0 1 mod

eff

amb

G
T T

u u WS
= +

+ 
 (1) 

where 0u  and 1u  are two parameters ( 0u  gives the effect of the radiation on the module 

temperature and 1u  represents the cooling by the wind), ambT  the ambient temperature, and 

modWS  the wind speed. The solar energy produced in general conditions is obtained as (Urraca 

et al., 2018): 

 

 

( )2 2 2
1 2 3 mod 4 mod 5 mod 6 mod' ' 1 ln ' ln ' ' ' ln ' ' ln ' '

DC eff eff eff eff eff
P G k G k G k T k T G k T G k T=  +  +  +  +   +   + 

(2) 

 

with 

 2

mod mod

' / nominal power

' / 1000 W/m

' 25 °C

DC DC STC STC

eff eff STC STC

STC STC

P P P P

G G G G

T T T T

= =

= =

= − =

 

so that DCP  is the energy produced. 
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The parameters 1 6, ,k k  characterize the type of panels. 

2.3 Wind energy production 

We consider a turbine characterized by: 

hub height 95 m; rated power 2 MW; cut-in wind speed 4 m/s; rated wind speed 13 m/s; cut-

out wind speed 25 m/s. 

The wind speed is then transformed into wind power through the power curve ( )x  which 

characterizes the turbine: 

 
2

0 if 0 4

21.78 147.96 243.42 if 4 13
( )

2000 if 13 25

0 if 25

x

x x x
x

x

x

 
 − +   = 

 
 

 

with x  expressed in /m s  and ( )x  expressed in kWh . 

The significantly variable wind energy is linked to the wind speed fluctuations (see Table 1). 

Finally, note that to determine the energy produced by our hypothetical wind turbine, we will 

have to consider the wind speed at the required height. In this regard, we can use the following 

formula (see, e.g. D'Amico et al., 2015b) 

 
0

1

0 0

with = ln
h h

h h
v v

h z




−

   
=    

   
 

where hv  represents the wind speed measured at the height h  of the wind turbine hub, 
0h

v  is 

the known value of the wind speed at the specified height 0h  ( 0 2h m= ), and 0z  a parameter 

linked to the morphology of the site. 
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3. Mathematical Models 

3.1 Univariate processes 

 This section is dedicated to the stochastic modeling of the main variables involved in 

this study, which take into account the characteristics illustrated in section 2.1. Specifically, 

we focus on an autoregressive description of a transformation of the solar radiation process, of 

the temperature process, a Box-Cox transformation of the wind speed process, and the N PIT−  

transformation of the electricity price process. Finally, the autoregressive component of each 

variable has been replaced with a unique VAR  (“vector autoregressive”) process which 

considers the simultaneous evolution of the variables involved in the system. We leave out 

from the multivariate model only the temperature, of which we will take only the deterministic 

component. 

 

 The stochastic process ( )K t  is modeled as: 

 
2

1 1 1 2 2 1
1

2 2
( ) sin sin ( )

24 8760 i

i

K t c A t B A t B K t i
   

=

   = +   + +   + +  − +   
   

  

with white noise 1 .  

 

Indicator 
Solar radiation 

W/m2 

Temperature 

°C 

Wind speed 

m/s 

Mean 210.03 17.43 2.81 

Std. Dev. 279.25 9.69 1.78 

Skewness 1.09 0 0.99 
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Kurtosis 2.89 2.42 4.24 

Min. 0 -13.13 0.01 

Max. 999.1 47.95 12.47 

N° obs. 350,640 140,256 140,256 

Tab.2 Solar radiation, temperature, and wind speed – simulated series 

 

 We denote ( )T t  the temperature series: 

 
3

2 1 1 2 2 2
1

2 2
( ) sin sin ( )

24 8760 i

i

T t c C t D C t D T t i
   

=

   = +   + +   + +  − +   
   

  

with white noise 2 . The parameters of the (3)AR  process are given in Table 3.  

 

 Value p-value 

AR(1) 1.7927 0 

AR(2) -1.0739 0 

AR(3) 0.2053 0 

Tab.3 Parameters of the ARMA component 

Temperature is involved in Faiman's formula (1). We have noticed that the impact of 

temperature in PV power generation given by formula (2) is relatively marginal. In fact, if we 

only consider its deterministic component, the energy produced, and its variability vary in a 

range below 1%. For this reason, we only consider the deterministic component of the 

temperature while for the other three variables (wind intensity, solar radiation, electricity price) 

we will build a multivariate stochastic model. 
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 We denote ( )W t  the wind speed process (hourly basis) and perform the Box-Cox 

transformation with the aim of making the distribution more similar to the Normal one (see 

Sim et al. 2019, and Casula et al., 2020a): 

 
1

( )
x

f x


 
−

=  

We denote the transformed variable ( )ˆ ( ) ( )W t f W t= . The process ˆ ( )W t  is modeled as: 

 
2

3 1 1 2 2 3
1

2 2ˆ ˆ( ) sin sin ( )
24 8760 i

i

W t c E t F E t F W t i
   

=

   = +   + +   + +  − +   
   

  

with white noise 3 . 

We then apply the inverse Box-Cox transformation ( )1/1( ) 1f x x


 − = +   to restore the starting 

variable. We omit the parameters’ values for the sake of brevity.  

The statistics of the simulated climatic series (solar radiation, wind speed, and temperature) 

given in Table 2 are very close to the empirical data presented in Table 1. 

 

 Finally, let ( )P t  be the electricity price process (hourly basis) and apply to it the 

N PIT−  transformation with the aim of making the distribution more similar to the Normal 

one (Nowotarski & Weron 2018, Uniejewski et al. 2019, Casula et. al, 2020a, 2020b): 

 ( )( )1
( )( ) ( )

P t
P t G F P t

−=  

where ( )P t
F  is the cumulative distribution function (CDF) of ( )P t  and 1

G
−  is the inverse of the 

standard normal CDF. The new process ( )P t  is closer to the Normal distribution and its 

equation is: 
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2

4 1 1 2 2 3 3 4
1

2 2 2
( ) sin sin sin ( )( )

24 168 8760 i

i

P t c M t N M t N M t N P t t i
    

=

     = +   + +   + +   + +  − +     
     

  

with white noise 4 . 

Next, we just have to perform the inverse N PIT−  transformation ( )( )1
( )( ) ( )

P t
P t F G P t

−= . We 

omit the parameters’ values for the sake of brevity. The statistics of the simulated series are 

shown in Table 4 and they reveal an excellent fit with real data. 

Indicator Real Simulated 

Mean 51.80 51.96 

Std. Dev. 13.37 13.11 

Skewness -0.46 -0.41 

Kurtosis 4.83 4.69 

Min. 0 0 

Max. 113.07 109.57 

Tab. 4 Simulated and real electricity price statistics (year 2019) 

 

3.2 The multivariate process 

 The electricity price, wind speed, and solar radiation are the main stochastic variables 

involved in this study. 

From the analysis of the data, we note that the correlations between these variables vary 

considerably. For this purpose, we show in Figure 5 the correlations using a one-year rolling 

window for years 2008/2018.  
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Fig.5 Correlations between electricity price, wind speed and solar radiation – period 

2008/2018 

Next, we show in Table 5 the correlations for each pair of variables and each year. These 

correlations change significantly from year to year. We will have to consider a multivariate 

model that correctly reflects this dependency structure. Single-variable processes contain a 

seasonal component and an autoregressive component. When moving to the multivariate 

model, we keep the seasonal component and replace the individual autoregressive processes 

with a unique VAR  (“vector autoregressive”) process. 

Year Price/Radiation Price/Wind Radiation/Wind 

2009 +32.92% -11.57% 2.28% 

2010 +29.32% -6.58% 0.17% 

2011 +14.37% -4.22% 1.50% 

2012 -9.64% -14.42% 0.44% 

2013 -16.54% -11.28% 1.16% 

2014 -26.14% -11.61% 7.13% 

2015 -15.80% -11.21% 3.28% 

2016 -22.47% -13.38% 3.98% 
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2017 -18.73% -6.69% -0.20% 

Tab.5 Correlations between electricity price, wind speed, and solar radiation – period 

2009/2017 

We used more specifically a (3,2)VAR  process with 3 variables and 2 lags. We propose 

therefore the following model: 

 

2 2 2

1
1 1 1

2 2 2

2
1 1 1

2 2 2

3
1 1 1

ˆ ˆ ˆ ˆ( ) ( ) ( ) ( )

ˆ ˆ ˆ ˆ( ) ( ) ( ) ( )

ˆ ˆ ˆ ˆ( ) ( ) ( ) ( )

i i i

i i i

i i i

i i i

i i i

i i i

K t a K t i b P t i c W t i

P t d K t i e P t i f W t i

W t m K t i n P t i o W t i







= = =

= = =

= = =

 =  − +  − +  − +



=  − +  − +  − +



=  − +  − +  − +


  

  

  

 

where 1 , 2 and 3 are white noises and ˆ ( )K t , ˆ( )P t and ˆ ( )W t  are the associated 

deseasonalized processes: 

 

1 1 1

4 1 1 2 2

3 1 1

2ˆ ( ) ( ) sin
24

2 2ˆ( ) ( ) sin sin
24 168

2ˆ ( ) ( ) sin
24

K t K t c A t B

P t P t c M t N M t N

W t W t c E t F



 



  = − −   +   
    = − −   + −   +    

   
  = − +   +  

 

 

 

3.3. The economic study 

In this section, we provide a set of tools useful to assess the economic adequacy of a hybrid 

wind-PV plant from different perspectives. Specifically, we first present a profitability 

investigation based on the income process. Furthermore, we focus on the assessment of the risk 

based on the management of the volumetric/market risk through quanto options, we deal with 

the optimal mixing of the two energy technologies (wind and PV) valued using techniques of 
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efficient portfolio selection and the computation of the Loss of load hours which measures the 

risk of an insufficient generating capacity as compared to the power demand. 

  

 3.3.1 Energy production and income 

We determine the production of photovoltaic and wind energy, and then we deduct the joint 

production and the overall income. 

As for photovoltaic energy, we apply equation (1) with the following parameters’ values (from 

Koehl et al., 2011): 

 2 3
0 126.9 W/°C m ; 6.20 Ws/°C mu u= =  

Next, we apply equation (2) with parameters’ values (given by Huld et al. (2011) in the case of 

c-Si panels): 

 1 2 3 4 5 60.017237; 0.040465; 0.004702; 0.000149; 0.000170; 0.000005k k k k k k= − = − = − = = =  

Finally, we consider a conventional nominal power 1STCP = kW . 

Next, we estimate the expected profit coming from the overall production of electricity in a 

given horizon. To this end, we consider the electricity prices. The expected income of the PV 

panel and the wind turbine at a time 0 0t   up to time 0t +  is given by: 

( ) ( ) ( )
00 0 0 0

1

, (1 ) k

t

k

V t t P t k z t k r


 −

=

 + = +  +  +  
E  

where r  is the (constant) risk-free interest rate, ( )0P t k+  is the electricity price at the time 

0t k+ , and ( )0z t k+  is the energy generated at the time 0t k+ . The energy generated concerns 

both PV and wind energy. We take the following estimator of the expected income: 

106



 

( ) ( ) ( )0 0 0 0
1 1

1ˆ , (1 )
n

k

i i

i k

V t t t k z tP k r
n



 −

= =

+ = +  +  +  

where ( )0i
P t k+  denotes the price process at the time 0t k+  for the th

i  simulated path, 

( )0i
z t k+  is the energy process at the time 0t k+  for the th

i  simulated path, and n  is the 

number of paths. It is worth noticing that in virtue of the VAR model specification, the 

processes ( )0i
P t k+  and ( )0i

z t k+ are mutually dependent and ( )0i
z t k+  is the summation of 

the (dependent) power productions due to wind and solar radiation.  

 3.3.2 Quanto options 

We can express the payoff associated with both lower than expected energy generation and 

electricity price as ( ) ( ) ( )1 2 1 2, max ;0 max ;0C K K K E K p= −  −  with: 

 
1 1

1 1
( ); ( )

n n

i i

E z i p p i
n n= =

= =   

The “energy index” E  is the average overall energy (PV and wind) generated over a given 

horizon  1 2,   where ( )z i  is the overall energy generated at a time i ; the same meaning holds 

for the price index p  and n  is the number of hours. Finally, the strike values 1K  and 2K  are 

fixed. If the option is exercised at the time 2 , its “arbitrage-free” price tQ  at time 2t   is 

(Benth et al, 2015): 

 ( ) ( )( )2

1 2,r t

t
Q e C K K

−  −= E  

( r  is the constant risk-free interest rate). 

Since in our application price and production levels differ widely year by year, we consider the 

options when referring to a specific year, evaluated at a time 1t = . The pricing of these options 
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can be carried out through suitable closed forms (Benth et al., 2015 and 2018), or more 

generally by using the Monte Carlo method (Caporin et al., 2012b; Benth & Ibrahim, 2017). In 

our work, we have followed the second approach, for a fixed year. 

 3.3.3 Efficient frontier 

We face the problem of the optimal choice between the two energy technologies (wind and PV 

energy production). Specifically, a hypothetical investor can choose between the two 

production technologies. Some combinations will lead to a higher income but also a higher 

risk, measured through volatility. The ultimate goal will be to determine the set of efficient 

portfolios in the classic Markowitz sense. Let's consider a portfolio (PTF) composed of weights 

1x  and 2x  in the two technologies (wind and PV). The income of this portfolio is the weighted 

sum of the incomes of both technologies. We define the expected value and the variance at a 

time 0 0t   up to the time 0t +  of the income of the two technologies as: 
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 = + −  +  +  
 

= + −  +  +  









E

E

 

where 1  and 2  represent the production costs ( 1
z  is the wind energy and 2

z  is the PV 

energy). 

In the context of Markowitz's classical portfolio selection theory, we can consider the 

constrained optimization problems:  
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where   is the correlation between the expected incomes of wind and PV production. The 

solutions of these optimization problems will be the composition weights of the optimal 

portfolios. Obviously, the riskiness of portfolios depends on the riskiness of the individual 

factors (given by volatility) and on the correlation between the factors themselves. We will 

therefore obtain in the mean-variance plan an efficient frontier with the classic parabolic type, 

for which portfolios with higher expected income will clearly have a greater overall risk. 

 3.3.4 The Loss of load hours 

Another risk measure is given by Loss of load hour (LoLH), namely the expected number of 

hours in a fixed horizon when the energy generating capacity is lower than the demand. This 

risk measure is more specific in the field of electricity generation than the more classic 

volatility of the Markowitz environment. 

The LoLH estimation foresees the following steps (see D’Amico et al., 2020): 

1) Fix a horizon of length T; 

2) Simulate n  trajectories of the energy produced by the plant through the Monte Carlo 

procedure from the models described before. We denote these trajectories as the 

following array: 

 

11 12 1

21 22 2

1 2

T

T

n n nT

z z z

z z z

z z z

 (*) 

109



 

where 
ij

z  is the energy generated by the hybrid plant at the time j  in the th
i simulation. 

We set ( )1: , ,
i i iT

z z z=  with 1,2, ,i n=  and note that the sequences   1

N

i i
z

=
 are n  

independent realizations of the same stochastic process. 

3) Transform the array ( )ij
z  through the indicator function as follows: 

 
1   if   

0   otherwise
j kj

kj

D z
I


= 


 

 where 
j

D  is the energy demand at the time j . 

4) Set 
1

T

k kj

j

LoLH I
=

= , namely the number of hours of demand not supplied. The sequence 

  1

n

k k
LoLH

=
 is a random sample of size n as the variables kLoLH  are mutually 

independent and identically distributed according to step 2. We use as an estimator the 

sample mean: 

 1ˆ

n

k

k

LoLH

LoLH
n

==


 

 

4. Results 

 In this section, we report the results of the application of the econometric models to real 

data in order to estimate the income process and the risk measures discussed in the previous 

section. Finally, we compare the real values with the simulated ones to set up the performance 

of the models applied. 

4.1. Energy production 
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To compare the wind and PV technologies, the values are re-proportioned so that both have a 

maximum production capacity of 1 kWh. The results are obtained year by year from 2013 to 

2017. They are presented in Table 6. 

Year PV production 

(real) 

Wind production 

(real) 

Overall production 

(real) 

2013 0.1924 (0.1881) 0.2289 (0.2345) 0.4244 (0.4226) 

2014 0.1955 (0.1916) 0.2079 (0.2075) 0.4034 (0.3991) 

2015 0.1957 (0.1918) 0.1865 (0.1903) 0.3822 (0.3821) 

2016 0.1954 (0.1901) 0.2095 (0.2141) 0.4049 (0.4042) 

2017 0.1986 (0.2003) 0.1963 (0.1989) 0.3949 (0.3991) 

Tab.6 Real vs. simulated energy production (kW) for years 2013/2017. 

We highlight a good correspondence between real values and simulated values. 

4.2. Income estimation 

We have inserted in Table 7 the income (for each technology and overall production) evaluated 

at the beginning of each year (with 0.01r = ). Next, we compared the results obtained in the 

case that the stochastic variables involved (wind speed, solar radiation, and electricity prices) 

are simulated independently. As expected, the estimated income in the case of independence 

gives much worse results.  

Year PV income (real) Wind income (real) Overall income (real) Overall income 

indep. 

2013 90,924 (91,993) 115,055 (122,320)  205,979 (214,313) 225,408 

2014 79,114 (75,395)  89,866 (89,989)  168,980 (165,384)  177,839 

2015 81,481 (80,744)  79,766 (80,222)  161,247 (160,966)  171,062 

111



 

2016 66,687 (63,265)  72,113 (73,887)  138,800 (137,152)  144,762 

2017 84,149 (83,495)  86,388 (85,849)  170,537 (169,344)  177,560 

Tab.7 Real vs. simulated income in Euro (multivariate and independent) for years 

2013/2017. 

4.3  Quanto options 

We report in Figure 6 the pricing of the quanto option referred to the years 2017 and 2016. The 

option price is represented as a function of the strikes considered to be variable. 

 

 

Fig.6 Option price referred to the year 2016 (left panel) and the year 2017 (right panel) 

 From these two plots, we note that with the same values for the strikes the price of the 

option (inserted in the z-axis) varies greatly, therefore the choice of the time horizon is decisive 

for hedging purposes. We also note that the option price is increasing compared to the strikes. 
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This result is reliable because higher values of the strikes (which translate into higher electricity 

prices and higher energy production) increase the combined price/volumetric risk and 

consequently increase the price of the hedging requested. Finally, if only one of the strikes goes 

up, the option price goes down because in this situation the combined price/volumetric risk 

doesn't exist at the same time. 

4.4  Efficient frontier, LoLH, and optimal choice 

In this application, we consider the following values: 1 0.056 / kWh =  and 2 0.085 / kWh = ; 

source IRENA (2019), Renewable Power Generation Costs in 2018). 

As an example, we have performed the efficient frontier for the year 2017 (the last year of our 

dataset). The estimated parameters are 1 86,282.8 = , 2 84,027.2 = , 1 5,706.36 = , 

2 1,131.11 =  and 9.87% = . 

We plot the efficient frontier in Figure 7, we also examined the sensitivity of the result by 

changing the correlation by 10% . We find, as might be expected, that efficient portfolios with 

higher expected returns will also have greater riskiness. The choice between these efficient 

portfolios will therefore depend on the investor's risk aversion. 
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Fig.7 Efficient frontier for the year 2017 and correlation sensitivity (amounts in Euro) 

 To perform a realistic estimate of LoLH, we consider the real load for electricity whose 

data can be obtained from the GME website (together with those of the price of electricity). In 

this way, we can consider real fluctuations in demand. For example, we note that at night, the 

energy demand is low, as is the production of energy due to climatic factors in general. The 

load values were then all re-proportioned to have the same order of magnitude as our 

hypothetical energy plant. 

We compare then the real and simulated LoLH for a one-year horizon (Table 8). 

Year Real Simula

ted 

Differenc

e 

2013 1,744 1,692 3.0% 

2014 1,648 1,595 3.2% 

2015 1,865 1,780 4.6% 

2016 1,660 1,566 5.7% 

2017 1,858 1,771 4.7% 

Tab.8 Real vs. simulated LoLH (hours) for the years 2013/2017. 

We highlight good accordance between real and empirical data. 

Concerning the efficient frontier determined before, we can calculate the value of LoLH for 

each efficient portfolio determined (see in this regard Figure 8). 
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Fig.8 Efficient frontier for the year 2017 and its associated LoLH values (hours); amounts in 

Euro 

We note that the less risky efficient portfolios (with a lower expected income) have a higher 

LoLH, therefore the risk of lower energy production than required is greater. Indeed, it is 

reasonable to observe that a low LoLH is associated with a high expected income (the greater 

the expected income the greater the production must be, and therefore the possibility of not 

satisfying the demand decreases. The opposite happens for low values of the expected income. 

The choice of the “optimal” portfolio should therefore stem from the analysis between these 

two risk measures. For example, the investor might choose the optimal portfolio with the 

desired LoLH.  

 

5. Discussion 

 As the expansion of renewable energy sources is destined to increase in the future, it is 

necessary to develop theoretical models in order to correctly estimate both the generation of 

electricity and its economic convenience. In the specific case of renewable energies, this 
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estimate obviously passes through the estimate of the climatic variables involved. Here, we 

faced the generation of energy by a mixed wind-PV plant. To get a reliable estimate of the 

overall energy produced and the expected income, we applied a multivariate model that links 

the climatic variables (solar radiation and wind speed) and the electricity price allowing with 

the same occasion to reproduce the dependence structure between these variables. We validated 

the model by verifying that the results obtained are better with respect to the situation where 

the individual stochastic variables are modeled independently. 

The model also permits to price quanto options to hedge the volumetric risk (lower energy 

generation than expected) and the market risk (reduction in the price of electricity leading to 

lower revenues). 

Finally, we applied an original portfolio selection between the two technologies that consider 

a classical Markowitz’s approach (maximization of the overall expected income) and the Loss 

of Load Hours. 

 

This research did not receive any specific grant from funding agencies in the public, 

commercial, or not-for-profit sectors. 
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6. Conclusion 
 

The leitmotif of the 4 articles that make up the core of this thesis is the economic and financial 

aspects in the production of electricity with particular attention to the production of renewable energy. 

As the expansion of renewable energy sources is destined to increase in the future, it is necessary 

to develop theoretical models in order to correctly estimate both the generation of electricity and its 

economic convenience. 

In particular the research focuses on Italian futures traded within a rather young market 

(established in 2008) which is the IDEX market. At the time of publication, as far as we know, no 

academic papers were available on the subject. The paper examines the possible interrelation 

between futures and spot prices, and draws on the ex-post risk premium and the net convenience 

yield. To understand this process we analyzed the variables that can affect these parameters through 

different regression techniques (linear regression, partial least squares regression and principal 

component regression) going to generalize the works of Botterud et al. (2010) and Weron and Zator 

(2014) and finding promising results in terms of the adequacy of the proposed models. The main 

variables found to be explanatory and therefore included in the models, in accordance with the 

existing literature, are fuel prices (oil, coal, natural gas) and higher spot price moments (variance, 

asymmetry and kurtosis). The analyzes conducted led us to expand the known set of variables by 

integrating it with some calendar variables and other variables specific to the Italian market. 

The innovative aspect of the work presented concerns both its application to a market not yet 

explored from this point of view, and the improvement of what has already been done in other 

contributions (such as Botterud et al. (2010) and Weron and Zator (2014) for the Nord Pool market) 

thanks to regression techniques more suited to the phenomenon in question and the use of a wider 

set of explanatory variables. The modeling carried out, evaluated through different adequacy tests, 

show us the reliability of the results obtained. 

The specific theme of renewable energies is therefore addressed starting from wind power and 

from the consideration that any person wishing to invest in the construction of a wind farm is faced 
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with a sector full of uncertainties, mainly linked to two factors: changes in wind intensity and 

fluctuations in the price of electricity. Hence the need to create a stochastic model that is able to 

estimate the expected gain generated by a wind turbine over a certain period of time. 

The expected gain is basically given by two stochastic variables: the intensity of the wind 

measured in the location where the wind turbine is located and the price of electricity in the reference 

market, both measured on an hourly basis. A third stochastic variable therefore comes into play, 

given by the amount of energy produced by the wind turbine per hour. 

Once these three variables have been modeled, it is possible to determine the profit of a wind 

farm by calculating it as the sum of the discounted values (determined using a constant risk-free rate 

for the entire time interval considered) of the product between the price of electricity and the quantity 

of energy produced every hour. 

It is therefore proposed a new stochastic model to simulate the expected income of a wind turbine. 

For this purpose, we must adequately model the wind speed and electricity price. For both series, 

we performed a preliminary transformation (with Box–Cox transformation for wind speed and N-PIT 

for electricity price) to obtain a near-Gaussian distributions. Next, we deseasonalised the 

transformed series with a combination of trigonometric functions to cope with seasonality. Finally, 

we applied a VAR that permits the residual autocorrelation of the marginals and the associated 

dependence structure. This multivariate model, by means of Monte Carlo simulations, was then 

compared with real data. The model approximates accurately the expected income, and the 

expected income obtained by simulating both marginals independently leads to poorer result. The 

model also allows the accurate reproduction of the characteristics of both wind speed and electricity 

price series. Finally, we highlighted that the introduction of the SAPEI submarine cable produces a 

structural break in the electricity prices, and as a consequence, the income of our hypothetical wind 

turbine over a one-year interval varies significantly. 

We then move on to the analysis of another type of renewable energy, the one that is achieved 

through photovoltaic panels, determining the energy production of a PV system with fixed technical 

characteristics through the modeling of the stochastic factors that determine it, essentially the 
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amount of incident solar radiation and some climatic variables that modify the efficiency of solar 

panels such as temperature and wind speed.  

Finally, to evaluate the income deriving from the production of electricity, we applied a bivariate 

model solar radiation/electricity price to cope with the correlation between these two variables. We 

also described the model used in the work, and we verified that the simulated values also faithfully 

replicate the empirical values. More precisely, the comparison between empirical and simulated 

values takes place on different levels. First, we compared the individual variables (solar radiation, 

temperature, wind intensity, and electricity price). Subsequently, we compared the energy production 

and the income (where all 4 stochastic variables come into play). Besides, the VAR models used to 

estimate PV production and the price of electricity are sufficiently flexible and adapt to the description 

of data coming from sites with slightly different climatic conditions. The results of the estimates will 

give us slightly different parameters, but the general methodology remains unchanged. Moreover, 

the stochastic processes that represent the main climatic variables (solar radiation, wind intensity 

and temperature) are based on typical characteristics of these variables. Regarding the model of the 

electricity price, also in this case we have exploited the typical characteristics of this variable. The 

different zonal markets present in the Italian territory may present more or less high values but 

despite this, the qualitative characteristics are similar. A fundamental aspect of our model is to have 

considered the observed dependence structure between the price of electricity and solar radiation. 

This particularity is also valid outside the local context used for our numerical simulations so we can 

conjecture that the type of model used here can cover a wider field of application. Finally, taking into 

account that an energy producer is subject to both volumetric risk (lower than expected production) 

and price risk (drop in the spot price of electricity), we have developed quanto options useful to face 

these risks. These options were then priced with the Monte Carlo method. 

The research ends with the analysis of hybrid production plants that allow exploiting different 

climatic sources to generate electricity. Following what was done in the previous papers, let's analyze 

the electricity generation of a mixed wind-photovoltaic system considering a multivariate model that 

involves the required climatic variables.  

125



 

To get a reliable estimate of the overall energy produced and the expected income, we applied a 

multivariate model that links the climatic variables (solar radiation and wind speed) and the electricity 

price allowing with the same occasion to reproduce the dependence structure between these 

variables. We validated the model by verifying that the results obtained are better respect to the 

situation where the individual stochastic variables are modeled independently. 

The model also permits to price quanto options to hedge the volumetric risk (lower energy 

generation than expected) and the market risk (reduction in the price of electricity leading to lower 

revenues). 

Besides, we investigate the optimal choice between the two production technologies through 

Markowitz's classic portfolio selection theory. To this end, we consider a portfolio consisting of the 

income deriving from both wind and PV production and we determine the optimal mix that maximizes 

the overall income of our portfolio. This analysis is enriched by taking into consideration the loss of 

load hours (LoLH) of efficient portfolios. Finally, we aim to manage the volumetric/market risk with 

appropriate quanto options and to perform an optimal choice between the two technologies. The 

models are validated through Monte Carlo simulations using real data. 
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