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TEACHING A MACHINE TO THINK AT ENERGY COST
Marco Rao, Giada De Angelis, Elena Sebastianelli

Abstract

This work concerns the application of some machine learning (ML) methods to the problem of estima-
ting the levelised cost of energy (LCOE) by class of electricity generation technologies: in the case
study, a photovoltaic plant of 0.83 MW is considered using national data provided by GSE for the In-
ternational Energy Agency in 2020. The purpose of this work is to highlight the pros and cons of the
application of ML in the improving of accuracy in evaluation of such a cost compared to more tradi-
tional methods such as linear regression models, and to propose ideas for further insights on their
use in this context.

Key words: Machine Learning, LCOE.

Riassunto

Questo lavoro concerne I'applicazione di alcune metodi di machine learning (ML) al problema della
stima del costo livellato dell'energia (LCOE) per classi di tecnologie di produzione energetica: nel
caso studio, si considera un impianto fotovoltaico di 0.83 MW di potenza come censito da GSE a li-
vello nazionale per I'Agenzia Internazionale dell'Energia nel 2020. Scopo di questo lavoro, eviden-
ziare pro e contro dell'applicazione del ML per l'incremento di accuratezza nella valutazione dei
costi medesimi rispetto a metodi pil tradizionali come i modelli di regressione lineare, e proporre
spunti per approfondimenti ulteriori sul loro impiego in tale contesto.

Parole chiave: Machine Learning, LCOE.
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Introduction

This work proposes some applications of several machine learning! (ML) approaches in
energy system analysis: in particular, the proposed work deal with the energy cost, using the
theoretical framework provided by the IEA methodology [3] about the so-called Levelised
Cost of Energy (LCOE).

The authors are aware that the proposed work only investigates a small part of the
applications of ML to the energy system: nonetheless, this exercise, albeit limited, is highly
significant of the potential of ML in this field, which are certainly not limited, nor are they

intended, as devoted to improves performance in the execution of specific tasks.

The work is structured as follows.

The two methodological cornerstones of the work are discussed in detail in the follows.

A discussion of LCOE and on the fundamentals of Machine Learning is provided to
understand the performed work, which consists in the development of predictive models to
estimate the LCOE of the selected technology given some explanatory variables.

The explanatory variables are the ones reported in the LCOE standard model as provided by
the IEA.

The performed simulation aimed to compare the used ML techniques with a canonical
method, namely a traditional linear model, reporting the differences in terms of two well-
known standard accuracy measures, such as Mean Absolute Error (MAE) and Root Mean

Square Error (RMSE).

Fig. 1 and 2

! There are many excellent starting points to enter in the ML world: here we just recall the ones provided by
TensorFlow platform from Google [1] and by the excellent text of Chollet [2].
7



1 The levelised cost of energy (LCOE)

1.1 The basis

One of the most common, worldwide accepted, measures to compare alternative sources
of energy is the so-called levelized cost of energy, or levelized cost of electricity (LCOE)
provided by IEA [3]%. LCOE is, literally, “the average revenue per produced electricity unit
necessary to recover initial investments and operating costs over the expected financial and
operational power plant’s life cycle” [4].

The LCOE is the average cost, express in some currency (usually, the U.S. dollar) per
energy unit, and is equal to the Total Life Cycle Cost of a certain technology by the
discounted energy yields obtained from the production in a defined time horizon. The LCOE
allowed cost ranking in comparing technologies also radically different technically and it can
be also used in time series analysis or for determination of feed-in-tariffs and grid parity

analyses [5].

The LCOE was chosen to perform the proposed analysis cause, in a macroeconomic
perspective, it is one of the most suitable one and its formula can easily be adapted to many

types of investigations required in decision support analysis in policy making.

In the follows, a detail of the LCOE formula building is proposed, to better understand the

meaning of this indicator.

1.1.1. From UCOE to LCOE

The logic behind the LCOE formula is something commonly used in Economics: it
can be seen as a cost-benefit ratio, considered cash flows discounted at the ¢ when the
technology is analyzed, given the overall characteristics of the technology itself.

In the following formulas, C;, is the total capital construction costs in year ¢, 0&M;,

operation and maintenance costs in year ¢, and F;, fuel costs in year ¢, 0&M, is the operation

2 See, especially for the methodological part, section II of 2020 report.



and maintenance costs in year ¢, and F;, the fuel costs in year ¢, and E;, the amount of energy
produced in year ¢.

With such parameters we can get the undiscounted cost of energy (UCOE):

Eq.1
~,C+ O&M; + F,

UCOE =
t=1 Bt

There's no need to explain that only introducing a discount factor we can capture time
uncertainty and comparing costs and production related to different periods became possible.

A discount factor is generally defined as in E£q.2.

Eqg.2
) 1
Discount Factor = —(1 Y
The discount factor formula considers the time horizon ¢, namely the expected lifetime
of the plant, and the discount rate d, calculated by the analyst. A discount rate could either be
nominal, when it includes the effects of inflation, or real, when those effects are excluded: in
this study we follow the IEA suggestions, so the real discount rate will be taken in
consideration, known that this is a necessary simplification for the analyst about the role of
inflation in real life on several factors, like commodities prices.
The discount factor can be first applied on the flow of costs sustained during the

period, obtaining the total life-cycle cost (TLCC):

Eq.3

— zn C, + 0&M, + F,
C Luey (A4 d)e

In TLCC the cost flow is discounted to a base year: it is a useful measure for
comparing mutual exclusive projects, however there is no frame reference to decide if the
value of TLCC indicates a beneficial investment, so it's not recommended for economic

evaluation [6]. The TLCC is conceptual improvements respect the UCOE but misses the
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benefits, since the amount of energy produced during the period is not considered. Dividing
the TLCC by the summatory of energy produced in the period ¢, it is possible to obtain the
discounted costs cost of energy (DCCOE), as in Eq.4.

Eq.4

D CCOR — zn Co+ ORM +F N
B t=1 (1+4d)t b1

The DCCOE consider the energy yields but only the costs are discounted: in practice,
is only one step away from the simplest version of the LCOE formula. In fact, the DCCOE
differs from the classical form of the LCOE only eliminating the discount factor in the second
part of the equation®: since energy generation in all technologies is almost constant every
year, the ratio of LCOE to DCCOE is expected to be almost constant as well for each
technology considered [7].

Now we're ready to consider the standard LCOE formula by the IEA:

Eq.5

LCOE — zn C, + O&M, + F, + D, + C02, zn E,
Ly (1+d)t =1 (1 + d)?

In the LCOE we divide the discounted sum of costs by the discounted sum of energy
production on a lifetime for the considered technology: it's a cost measure that includes all the
others and appears as a simplest, yet most refined and easiest to interpret, cost of energy that
could be found in literature [8].

In the IEA formulation, two additional costs are considered: D;, the decommissioning
cost in year ¢, and CO2;, the cost of carbon emissions in year ¢. Adding those two elements is
essential for sustainable decisions in energy production: D; accounts for the costs that have to
be sustained at the end of the power plant’s lifetime, (it's a sort of costs for “waste
management” in a circular economy perspective); CO2 cost accounts for the carbon impact of
chosen technology highlighting the significant difference existent between fossil fuels-based

plants and the renewable ones.

3 This is true when decommissioning and Co2 costs are not included.



1.2 Some improvements of the standard LCOE formula

The LCOE formula is deeply simplified, and several authors tried to rediscuss the LCOE,
to address specific issues in energy analysis: in the follows we discuss some of these

improvements and proposal.

1.2.1 The NREL formula

A good alternative proposal to the IEA basic formulation it is the one presented by the
National Renewable Energy Laboratory (NREL): it defines the LCOE in terms of annual cost
of energy and bases the calculation on the costs of financing the project capital. The NREL
formulation includes the capital recovery factor (CRF), defining the LCOE as the minimum

price at which energy must be sold for an energy project to break even [9].

Eq.7

CRFxC,+0

C, is the overnight cost of capital ($/kW), O is the fixed operating and maintenance
costs ($/kW-yr), CF is the capacity factor multiplied by 8760, the number of hours in a year,
F the fuel cost, expressed in dollars per million British thermal units ($/MMBtu) multiplied
by &, heat rate, measured in British thermal units per kilowatt-hour (Btu/kWh), V is the
variable O&M costs ($/kWh). The LCOE by NREL don't create interpretation problems even
if the formula it is taken out of context since each component is directly expressed in
monetary units*. The logic behind the formula is the same that the IEA one: the total cost over
an annual period is calculated and divided by the energy produced in the same period.

The time factor ¢ and the interested rate i are considered through the Capital Recovery

Factor (CRF) formula, expressed in Eq.8

Eq.8

CRE — i(1+ )"
@A+ in-1

4 See, at this regard, the annotation of IEA at page 35 of [3].
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The discount rate i is the main component of the formula, together with n, the number
of annuities received, or, in a more intuitive way, the number of payments made to repay the
capital (Aldersey-Williams and Rupert, 2019). The CRF is the main financial assumption in
this formulation: the NREL defines it has “the ratio of a constant annuity to the present value

’

of receiving that annuity for a given length of time.”, in this way the present value is
expressed in terms of the annuity, the interest rate, and the number of annuities. Eventual
doubts regarding which discount rate should be used, according to expectations and
uncertainty, are the same in the IEA formula. There are no substantial advantages in using one
formula rather than another, except for the focus that the analyst wants to give to its work?>.
The IEA formula and the NREL formula return the same value of LCOE under
simplified assumptions [8]: not considering decommissioning costs and CO2 in the IEA
formula; assuming a constant annual output for the project as well as for costs; if the initial
construction fixed costs must be all in the year 1 and capital recovery starts immediately with

a financing term equal to the project's operating life. If those assumptions are true, the two

formulas are perfectly equivalent, and one is perfectly replaceable with the other.

1.2.2 WACC as an alternative to fixed discount rate

Using a fixed value of the discount rate for every technology, without taking in
consideration the difference sources of funding used for each single project is controversial. A
more proper measure to calculate the discount rate could be the Weighted Average Cost of
Capital (WACC) that provides an average measure of the cost of capital weighting each type
of financing using the ratio between every single type of source and the total amount of
capital. Capital is usually composed by debt, and common equity, the amount of capital

invested by the shareholders, which is reported in the WACC formula, in Eq.9.

Eq.9

E
WACC = Ce*m-FCd*(l—T)*D_I_E

5 The NREL formula gives more attention to investment and capital recovery, so it could me more suitable for a
private investor, while the IEA formula, including social costs, focuses more on public side of the project and

can be easily used by the decision maker.
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C. is the cost of the common equity, Cy is the cost of debt, £ is the weight of common
equity on the total liability, D is the weight of debt on the total liability, £+D the total liability
and T the corporate tax rate. Both the cost of common equity and the cost of debt are
expressed in term of rate of return of the single financial source, where the rate of return is a
measure used to establish the profitability of an investment®.

There are two main reasons why WACC should be used in substitution of the standard
discount rate for every technology in the LCOE formula: incorporating the risk regarding the
financing of the project and taking in consideration the fiscal regime. Using the same fixed
discount rate for every technology does not consider the risk deriving from using different
sources for financing therefore the risk associated with the single project. The WACC express
the cost of investing in a certain project, therefore the investors want to receive back from the
project at least this return or either the project is not worth to invest in. Using the WACC as a
discount rate rises the LCOE for those technologies considered financially riskier and
potentially advantages those ones that are apparently less risky [8]: they also reports how
investors in the energy sector match their expectations regarding return with the available
technologies and the market trends: financial investors whit lower return expectations, such as
pension funds and insurance companies, are investing in offshore wind projects and this trend
is indicative that the perception is that the risk related to the project will decrease as the
technology matures.

Secondly, as already discussed, the standard LCOE formula does not consider the
fiscal regime in which the project is inserted. However, fiscal policy instruments are one of
the most applied strategies to influence economic players and this is also true in green energy
production. This means that different technologies can have a different tax rate according to
the national pollution standards, for example. In the WACC formula, the corporate tax rate 7'
is multiplied for the cost of debt: for the single project, the cost of debt is also weighted for
the level of taxation applied to the power plant considered. However, this can be considered
just a partial solution for including fiscal regime in the LCOE formula: pollution taxes, for
example, are applied not as a corporate tax but as a tax per unit of pollution produced,

considering a certain pollutant’.

® The rate of return differs whether the utility is regulated or not: in case of a regulated utility, such electricity,
the suggested value is 9.1% for before-nominal cost of debt and 13.0% for nominal cost of equity.

7 CO2 taxes per unit emitted are the most common one, but taxes can be applied on every other pollutant
substance, for example on a certain quantity of pollutant released in water, a river for example.
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1.2.3 Power purchase agreements in LCOE formula

Another interesting point is related to the several typologies of incentives that RES
power plants have access to in fact, a popular instrument used to guarantee a fair and risk-
controlled agreement in selling and buying RES produced electricity is using the Power
Purchase Agreements (PPAs). As already discussed, nowadays the biggest concern regarding
RES power production is related to their technological unfeasibility in producing a time and
amount-controlled stock of electricity, which creates a competitive disadvantage in the
electricity market against old school technologies. PPAs are a type of contract in which a
seller, the electricity producer, and a buyer, the subject willing to purchase the electricity
produced, agrees in terms of quantity of electricity produced.

The idea behind a common PPA contract is that a private subject is willing to use
green power for its matters but has no intention in investing its own capital to install a
renewable technology: this subject can stipulate a PPA contract with a seller which owns
these technologies and its willing to sell in a more legally protected environment. The seller
can choose even to provide the installation of the technology while the only duty of the buyers
is buying power on a KWh basis. A slightly different version of a common PPA is a virtual
PPA, where the seller chooses to compete on the market selling power to the grid and signs an
agreement whit a third-party investor which guarantees the owner a certain fixed price for the
electricity sold to the grid. The advantage for the third-party is that the if the grid price for
electricity is higher than the agreed one, the difference results as a profit for the investor.
PPAs are widely diffused in big renewable electricity producers like Europe, the U.S and
Latin America.

Brucks et al [10] show there is an interesting correlation between PPAs and the
calculation of LCOE for wind farms production: theoretically, PPAs use an LCOE model to
determine which should be the fair price for the energy produced, considering the whole cost
profile over the expected. However, PPAs has the power to contribute to the cost profile since
the aim itself of a PPA contract is to share and reduce the risk of additional costs, which are
not accounted in the LCOE model.

This allocation of risk is negotiated between the subject involved in the contract and reflects
the market condition of the specific country in which the contract is signed, and the

technology involved, which is really like what happen in the calculation of the LCOE. It is



reasonable to hypothesize that a PPA contract influences the LCOE of a certain technology
where the contract is applied.

In their study, the real data from 7 windfarms located in Germany and Denmark were
used to study the effects of PPAs on LCOE. The authors wanted to include energy delivery
limits and their penalty cost in a newly improved LCOE model: energy delivery limits can be
in form of maximum annual energy delivery limit, minimum one, both together and neither.
Since the energy delivery limits have a direct correlation with an already existing component
of the LCOE formula, the first step is defining the cost of underdelivering energy PN, as the
difference between the energy generated and the one delivered, considering the expected

energy production F,,,, that the buyer requires, as follows in £q.10.

Eq.10
(Miny Poxp — Et)COE; when E; < Minyy, Py,
0 when E; = Min, Pey,

PN, = {

COE; is the agreed cost of energy between the seller and the buyer, E; is the amount of
energy generated in year ¢, which is already a component of the LCOE formula, Min;;,, is the
smallest fraction of expected energy production By, that is required by the buyer. What
happens is that in the case in which the seller does not meet the production requirements is
obliged to compensate the buyer in the case where it is forced to buy electricity on the spot
market for a higher price than the agreed one. There is also a production loss PL;, defined as
the difference between the energy generated in year ¢ and the threshold for the maximum

penalty Max;;,, considering again the expected energy production F,y,,, defined in Eg.11.

Eq.11

(E; — Maxlimpexp)COEt(1 — PPAterm) when E; > Maxm Pexp
0 when E; < Max; Poyy

PL, = {

In this case, the penalty is applied in case the production exceeds the expected agreed:

the PPA;.,,m establish the type of penalty applied according to the contract, for example if the
PPA has a no outside sell option, this term equals to zero, while if all the electricity produced
is purchase by the buyer, therefore the term is 1, the penalty is not applied. In the LCOE

formula, the component Pen,, defined as the sum of both the two penalties type is added in
15



the cost profile, so in the nominator of the fraction together with the types of tax credit TC;

applied to the single wind farm, as shown in Eq.72.

Eq.12

LCOE _ Zn Ct + O&Mt + Ft + Pent - TCt Zn Et
- L= (1+a) =1 (1 +d)t

The results of the study show that, using the same Max;;,,, and Min;;,,, introducing a
maximum penalty has no significant effect in the LCOE calculation, while introducing
minimum penalties or both results in higher LCOEs than the ones calculated without
considering the PPAs applied. Since PPAs use an LCOE model to establish the price for
electricity sold in the contract, it is clear how including the PPA penalties in the LCOE
calculation is fundamental for setting fair conditions for both the parts.

Most of all, calculating the LCOE with PPA penalties is a key asset in both public and
private investments decision since it reduces drastically the default probability of a RES
technology under a PPA agreement. This formulation in interesting because together with
including the effects, also integrates the fiscal regime which the power plants are operating
under still using a fixed discount rate®, but including a specific term for the fiscal credits.
However, even if the authors chose to use the IEA formulation of LCOE, decommissioning
costs and CO2 are not included: while comparing older technologies with RES ones, this type

of costs can make the difference in evaluating a performance’.

1.2.4 Montecarlo simulations for managing uncertainty

Another possible model improvement applies to the uncertainty related to the variables
included in the model: again, this applies especially to RES technology, since they are the
ones more subject in uncertainties, both in technical and economic performance. Tran et al
[10] incorporate a sensitivity analysis in LCOE calculation to have a more significant

comparison between well-developed technologies and RES ones. The fundamental

8 The authors set the discount rate at 0 and 8.9% per year and do not justify it theoretically.
® The authors’ original purpose is not creating a comprehensive LCOE model, including all the possible costs,
but focusing on studying PPA effects on the LCOE model. However, since the aim of this research is providing a
possible improved LCOE model for strategic decisions, the authors want to highlights this lack in the
theorization.
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assumption is that RES technologies are more affected by uncertainty in input data since they
have been in use for a shorter amount of time and less widely diffused.

Furthermore, RES technologies are non-dispatchable, which has a direct effect on
generation cost due to the difference between the scheduled energy produced and the market
demand, as well as geographically dependent, where is certain locations the generation cost
drops because of particularly prosperous conditions. Moreover, capital cost and O&M costs
are affected by uncertainty for all technologies, regarding the difference between the expected
performance and the actual one. The authors firstly chose a Monte Carlo simulation'
approach for studying uncertain conditions in O&M costs, energy production, lifetime, and
reliability to perform a global sensitivity analysis: the procedure consists in interpreting the
statistical distribution of an input variable, generate random variable value based on the
distribution, using them to calculate the LCOE, and lastly aggregated the results, obtaining a
LCOE distribution. Secondly, they tried to provide a forecast of greenhouse gasses (GHG)
emission costs according to different carbon pricing scenarios.

The LCOE is again defined as the ratio between the Total Lifetime Cost and the Total
Lifetime Energy Production, but the formula used is the one of Eg.7 defined by the NREL,
which means that decommissioning costs while CO2 costs are added, but an equation is used
to specify the cost of CO2 for each technology. Defining an equation for CO2 helps in
randomizing a value of the variable an performing a Monte Carlo simulation: the cost of CO2

is defined in Eq.12.

Eq.12
C02 =CP X HR X EC X CF x 8760 x 10~°

CP is the carbon price, HR is the heat rate, EC is the life cycle GHG emissions coefficient of
the technology, CF is again the capacity factor.!! Using the first annual CO2 cost calculated,
the future annual CO2 costs can be defined as in Eq.13.

10 The Monte Carlo methods are a class of computational algorithms based on repeated random sampling to get
numerical values of some observed phenomena. Their use in physical and mathematical problems is massive
especially in the fields of optimization, numerical integration.

"' The metrics for those costs are the ones that follow CP is expressed in $/metric, HR in Btu/kWh, EC in
kg/MMBtu. The life cycle GHG emissions data is obtained from NREL’s life-cycle assessment meta-analysis.
Lastly, the study considers the carbon prices between $5/metric ton and $30/metric ton.

13 This is even more clear in the IEA formulation, since the energy produced E, appears directly and not in the
form of the CF.
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Eq.13
A+i+k)"-1
i+k

FV, = C02 X

The future annual payment FV; is obtained multiplied CO2 by a factor made by the
discount rate i plus an annual price change &, assumed to be between 3% and 5%. The future
payments are summed for every year ¢, obtaining the CO2 payments PV;q,. Those are
summed to the overnight capital cost and multiplied by the Capital Recovery Factor (CRF),
as in Eq.14.

Eq.14

CRF x (C, + PV, +0

The additional uncertain variables in the stochastic model are the energy performance,
the capital costs, the operation and maintenance costs, lifetime, and economics. Energy
performance is defined as “the amount of energy converted from a certain type of
technology” and it is connected to the capacity factor CF, defined as “the ratio of the actual
output to the maximum potential output”. A higher production of energy reduces the LCOE,
mathematically it can be seen because the CF appears in the denominator of the fraction,
logically there is a net benefit from the electricity sold which compensates for the costs
sustained'2. Capital costs varies across technology, country, system size and in the case of
RES are the major component in the cost profile since O&M have a greater impact for
conventional technologies. Concern the lifetime, the major problem is in the case in which the
lifetime is estimated, so newer technologies have a greater uncertainty regarding this
component. Lastly with the general term “economics”, the authors refer to chosen discount
rate, which is assumed to vary between 3% and 10%.

The peculiarity of this research is that a wide range of technologies is taken in

consideration: the authors perform the Montecarlo analysis for widely known technology,

“'Wave energy is electrical energy converted from waves’ kinetic energy; tidal energy harvests the energy from
tides caused by gravitational pulls of the moon. The first one is under development, while the second has no
commercial operating use now. It is interesting to note that the authors choose these two technologies while not
including hydrogen energy production.
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RES or not, like coal, gas, nuclear, solar PV, and thermal, offshore, and onshore wind, but
also for less diffused technologies like wave energy and tidal energy'’. For all the
technologies involved in the study, a distribution of the data regarding the uncertainty variable
was supposed, using data referring to the US energy market and production. Each simulation
considered for each way of electricity production accounts for 10,000 possible combinations
of the uncertain variables. The results met what was hypothesized a priori by the researchers:
traditional technologies are less affected by uncertainty than renewable ones, especially in the
first scenario where CO2 is not included. In fact, for coal-fired, natural-gas and nuclear power
generates more predictable results: LCOEs for coal power plants shows a log-normal
distribution, as well as the nuclear power plants, while the natural gas ones show a normal
one.

The maturity of these technologies makes they variation range less wide, which makes
them more predictable when computing their LCOE. Regarding RES, the interesting find is
that the technologies with lower and less uncertain LCOEs are also the ones that are more
popular regarding their diffusion and usage. However, the variation ranges are inevitably
vaster than non-renewable powered technologies, due to operational characteristics. The
distribution for solar PV, solar thermal, offshore, and inshore wind presents a distribution
close to a log-normal one. It is interesting to note how the probability distribution for offshore
wind has a longer right tail, indicating the low probability of high values of the LCOE: the
authors report how the data available for offshore wind energy are scarce since the technology
is still in its penetration phase in the market. Again, learning by doing is the key for
drastically reducing the unitary cost for energy produced: only by improving technological
knowledge is possible to reduce the initial capital costs that rise and make more uncertain the
LCOE for RES technologies.

In the second Monte Carlo simulation, CO2 cost, as described, and calculated before is
added: in particular, the authors accounts for life cycle GHG production and not only for the
CO2 emitted during the production, which provides a more complete perspective of the
impact of each technology. Clearly, traditional power plants’ LCOE, like coal powered and
natural gas powered'?, critically increase when the cost of emitting GHG is included. It is

interesting to notice how also onshore wind and solar PV shows an increase in LCOEs

14 Nuclear power plants are not considered since there is no GHG emission from them. A discussion about the
possible advantages and disadvantages of this condition was already provided when introducing discount rate
and decommissioning costs.
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possible values: RES power plants are not completely carbon neutral, especially if the entire
life cycle is analyzed, and solar PV results in being more pollutant than wind turbine when it
comes to GHG emissions.

The study underlines how not including GHG emissions for energy production can
mislead in investments choice, preferring traditional technologies to renewable ones without
accounting for the externalities produced just because they result in being more financially
appealing. The choice of using a life-cycle measure for CO2 it is interesting, however data of
life-cycle assessment (LCA) for certain technology cannot always available. LCA requires a
conspicuous quantity of data and specific expertise to be performed, which means additional
costs and time usage when performing an analysis. Even if LCA analysis for a certain
technology are already available, it is possible that those are extremely specific, and not easily
generalizable'’.

What it is made clear in this research it is necessary to evaluate how to include a
certain measure of the CO2, as well as those specific variables have a greater impact on the
variation range of the LCOE. Capital cost seems to be still on of the components that clearly
has the greater influence on the variation range of the LCOE: focusing on the behavior of a
specific component, modelling its dynamic and verify how a forecast impacts on the LCEO
can be useful when it comes to planning strategic decisions. The authors proposed possible
solutions in reducing the cost of capital: the first applies economies of scale in reducing
marginal cost of capital as the power plant’s capacity increases.

Nonetheless, implementing a single power plant’s production can be determined
assuming a series of constrains that goes from the type of energy market to local demand. As
already discussed, PPAs can be a constrain as well to strategic decision in production: in that
case, the price negotiated depends on the LCOE which is influenced by the existence of
penalties, especially minimum penalties, and the combination of maximum and minimum
ones. It is not possible to consider economies of scale in energy production as they are
considered in a common goods and services market: the existence of physical, technical, and
legal constrains that characterize energy markets can make mostly inconvenient to rely on

implementing the production strategies to make the marginal costs to drop.

15 An entire LCA is based on a functional unit, which a quantified description of the performance of the
production system, which means defining exactly which are the limits of the analyzed system. Even if we are
considering the same quantity of CO2 produced per KWh/h, geographical, technical, financial factor can

intervene in making the analysis not comparable.
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Another possibility is focusing on learning rates: this is again related to the concept of
learning by doing and not simply implementing the production of a single power plant but
increasing the number of similar technological power plants producing in the market. The
longer the technology is in the market, the more cost reduction is achieved thanks to

technological improvements and acquired competences.

1.2.5 LCOE for grid parity determination

Commonly related to the LCOE formula is the concept of grid parity. The grid parity
of an alternative source of electricity is reached when its LCOE is lower or equal to the price
of electricity on the market. This is considered the rule of thumb of whether a technology is
marketable or not, concerning its competitive capacity against fossil fueled power plants.
Nissen and Harfst [6] demonstrated that using grid parity to guide investment choices in
technology could be misleading, since a technology con be competitive even if its LCOE is
above the electricity market price.

The authors proposed a reviewed model to better define market dynamics concerning
technological competitivity. They start from redefining the LCOE in terms of Net Present
Value (NPV): as already discussed, the LCOE is a cost-benefit measure, so that the idea of
grid parity relies on the fact the benefits, in terms of electricity price, overcome the costs
necessary to sustain the production. Reaching grid parity means determining the price p for
energy, saved, or replaced, that equals the NPV. What it is problematic in the common
assumption is that as every steady-state point, the equation is solved for a constant specific
price. This means assuming that the electricity price is constant while comparing it to a
measure, the LCOE, which relies on a time variable ¢, defining the time frame in which the
power plant is operating.

In their work, they demonstrated a technology can generate a positive NPV and be
considered profitable even if the LCOE is higher than the energy price on market. This was
achieved assuming a 5% annual price rise for energy starting from a base price in /=0 of 0.15
€/kWh, which is still a simplification for reality, but that suits the experimental purposes for
the study. A calculation spreadsheet was set for a hypothetic renewable technology, which a

time horizon of 5 years, which is clearly unrealistic, but it suits the experimental purposes of
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the exercise'®. They obtained a NPV positive value of 2,266 €, while LCOE value of 0.17
€/kWh found is clearly higher that the starting price.

This contradiction led to the necessity to adapt the model to, at least partially, include
the perspective of a non-stable price for energy. The Energy price adjusted LCOE includes a
component to assess so, an energy price rise rate (epr): it means that in the LCOE formula are
incorporated the expectations on an annual price variation of the energy price. On one hand,
this is still a simplified solution to the complexity of energy market: it is well known that
variations on the spot market for electricity happen daily, even hourly. The purpose of the
authors, however, was trying to incorporate trends and expectation on the evolution of the

market in a macroeconomic perspective.
Fig.3: LCOE depending on epr variations
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Source: Nissen and Harfst (2019), Shortcomings of the traditional “levelized
cost of energy ”[LCOE] for the determination of grid parity*

Including expectations means forecasting the possible scenarios for a more complete analysis:
Fig.3 shows the difference in LCOE values between assuming no variations in electricity
annual prices versus varying epr from 0% to 8%. Since the component is added in the
denominator of the equation, the more the epr increases, the more it is reflected on the

electricity grid price and the more the LCOE drops. With this simple adjustment it was

16 For any further explanation of the assumption made, see the original paper.
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possible to adjust an unprecise measure for grid parity to a more complete index which allows
to properly plan investments in renewable power plants according to how the market is

expected to evolve in future years.

1.2.6 Final considerations about LCOE

So far, different strengths and weakness were discussed concerning on the LCOE
measure and as many possible improvements were proposed. Summing up on what reported
so far, it is possible to firstly say that the LCOE is the most complete measure built on a cost-
benefit analysis for planning public national energy strategy. It is because it includes the
wider set of costs accountable, it includes a discount factor which makes monetary values in
different periods comparable, and it provides a unitary cost of energy which makes different
technologies comparable.

The possible weaknesses are principally related to the high level of assumptions made
for building the model. However, this is not uncommon in Economics: trying to describe
reality through modelization necessary need assumptions that simplifies complex phenomena.
Additionally, the strength of the LCOE can be considered an open model: further assumptions
or implementations can be always done, as shown with the example of PPAs or a non-
constant electricity price. Therefore, the LCOE was chosen in this analysis as a valid index to
measure the energy cost even in future scenarios that will probably imply new variables and
new hypothesis.

In this work, the original LCOE formula is taken as a starting point, but the newly
added features are used for building model. It includes a WACC component, meaning that
simulations can be done as well on discount rate, together with a Montecarlo simulation to
simulate variations of the LCOE according to the experimental setup. Different estimation
techniques will be compared to answer to new possible challenges and to answer to the

evolution of the energy market.
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2 Machine learning

Machine learning (ML) is a subfield of Artificial Intelligence (Al) that study the way in which
the computer systems can perform a specific task without using explicit instructions, relying
on patterns and inference instead. In practice, algorithms (the so-called learmner) build a
mathematical model based on sample data, known as "training data", to make predictions or
decisions without being explicitly programmed to perform the task.

A complete overview of the ML areas is very hard to be made but some introductory works

could be useful to approach this topic from the fundamentals [12-17].

2.1 Some historical notes

The term machine learning (ML) is nowadays part of the common talking so deeply to
become a slogan. ML is often compared to inferential statistic or econometrics, but, since is
inspired to replicate the human computational process is, indeed, radically different in
concept, although like the previous ones especially in executing single tasks (like pattern
recognition). ML is the heart of the Al, so few notes on history of the Al will be provided, to
better understand what ML is really is.

Additionally, the techniques used in this research will be introduced: Multilayer
Perceptron Neural Networks (MLP) [18-23], Support Vector Machines (SVM) [24-29] and
Decision Trees [30-36].

Subsequently, a case study in energy cost calculation will be provided as an

introduction to the experiment presented in the next section.

2.1.1 The Early Ages

The story of Al is normally indicated in the 50s, when the technological development,
together with Sci-Fi novels, started to make the idea of an intelligent robot something familiar

to the most. Alan Turing!” was one of the most emblematic figures behind the theorization of

17 Alan Turing was an English mathematician who dedicated his career to theorizing the mathematic framework

that would have become the base of modern computer science. Turing is very popular for many good reasons,
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Al one of his most famous works [37] starts with the emblematic question “Can machines
think?”. Instead of directly answering the question and focusing on the difficult task of
defining the concepts of machine and intelligence, he proposed a game, called “The imitation
game”. The Imitation game must be played by three people: a man (A), a woman (B) and
third subject, of which the gender is irrelevant, that will play the role of the interrogator (C)
and that is called to ask questions to the subjects. The interrogator cannot see the other players
and classifies them as X and Y: the task is to declare at the end of the game which one of X
and Y is either A or B. The perfect environment for playing the game is the one where the
interrogator’s questions are answered by typewritten answers, so that voices cannot influence
the investigator’s judgment. The question proposed by Turing to the original one is what
happens if one of the players, for example A, is substituted by a machine which has the
capabilities to answer? Will the investigator be able to define which one is the machine and
which one is the human being? If the investigator is uncertain on distinguishing the two
entities, it is possible to affirm that the machine is performing at the same level as a human
being and that, to the extent of the task, is showing a form of intelligence that is like ours.
Nowadays, it is not uncommon to think about automatized answering systems: more
and more companies provide an automatized costumer services systems, where the assistance
to the public is provided by an Al It is possible to affirm that the Turing test is verified at
least for easier and more “mechanical” tasks, while for more complex topics it is not: Al are
able to make a small talk with a human, understanding the context, but it could be harder
when it comes in having a conversation with an expert on an extremely specific subject. At
the time, when Turing was theorizing this innovative way to define intelligence related to
machines, technology was not at the state for which something like that could be proved. The
greatest limit to verify the hypothesis was due to technological state of computers: the
machines that were used at the time were way far from any form of intelligence, since they
can only execute commands, without being able to store them. It is possible to say that they
were lacking on the key skill that will define intelligence, which is the capacity of “learning”.
Even if there were at the time physical limitation to reach completely what Turing

prospected, a first attempt of an “intelligent” machine was proposed by Allen Newell, Herbert

one of which is that in 1939, he gave a fundamental contribute to decoding Enigma, the machine used by
Germans to crypt the communications.
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Simon, and John Clifford Shaw'®, who was in charge in writing the codes and developing the
program in 1955: the Logic Theorist was a program designed to reproduce a problem-solving
scheme as similar as possible to the one applied by a person, which practically makes it to be
considered by many the first artificial intelligence program ever developed. As Newell and
Simon explains (1956), the application of the program was on proving theorems presented in
Whitehead and Russell’s Principia Mathematica (1910) in the form of propositional logic.
Logic Theorist was able to prove 38 of the 52 theorems presented in Chapter 2, but the most
surprising fact was that the proofs provided were even more detailed than the original ones
proposed by the authors. In Simon’s words, “/We] invented a computer program capable of
thinking non-numerically, and thereby solved the venerable mind-body problem, explaining
how a system composed of matter can have the properties of mind.”: it was concretely
possible to think about a machine that could be part of the Imitation game and concretely
confusing the investigator.

In 1956, it was presented to the public in the Dartmouth Summer Research Project on
Artificial Intelligence (DSRPAI), hosted by John McCarthy and Marvin Minsky [38]'?: it was
the first time in which the phrase “artificial intelligence” was used for a scientific event. Even
if historically the conference can be considered a milestone for the Al, in facts it was not
possible to gain any relevant scientific result from the event since the participants were not
able to agree on a shared framework of standardizing methods for the field. However, the
codes wrote by Shaw to transfer the mathematic theorization of Logic Theorist on a computer
were the bases for developing the IPL (Information Processing Language) and McCarthy
adopted the same symbols to develop the LISP Programming language, which is still

discussed by Al researchers.

2.1.2 Eliza, the first chatbot

Regardless the DSRPALI actual results, the event can be considered the starting point
for the growing interest in Al that characterized the following years. The effort was focused

on replicating forms of intelligence as close as possible to human’s ones, through heuristic

18 At the time of the invention, Herbert Simon was a consultant at Research and Development (RAND)
Corporation while Allen Newell was a scientist studying logistics and organization theory in the same company:
together, they theorized the mathematical configuration of the Logic theory, while John Clifford Shaw was a
RAND computer programmer who oversaw the coding for Logic Theorist.

19 John McCarthy and Marvin Lee Minsky were two American cognitive and computer scientists, considered

among the founders of the Al as a discipline.
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programming?’ for example. Following the idea of the Turing test, chatbots, small software's
able to emulate a conversation with a real person on a predetermined topic, became more and
more popular: in 1966, ELIZA, a chatterbot reproducing the behavior of a Rogerian
psychotherapist, was invented by Joseph Weizenbaum?!. In addition to ELIZA’s ability to
replicate human conversational skills, another interesting fact is that its script, keywords, and
their associated transformation rules, was data [39] which means that it was not part of the
program itself so that ELIZA is not restricted to any particular response or language, but it
could recognize and answer a conversation in Welsh, German and English.

This step was fundamental: until ELIZA, the capacity of storing and sorting
information were not a prerogative of machines, which had the primary use of executing a
command on the base of the inputs provided. With the separation of the process from the data,
ELIZA was able to show a primitive form of “intelligence” since it was part of the machine’s
duties to choose from the data which information was suitable for the ongoing conversation.
The process is like what modern algorithms do, but it was extremely innovative at time,
considering also computational capacities of computers in that age.

Technological limitations were of the greatest obstacles for further development of the
Al in later years: ELIZA demonstrated that the key ability for a machine to resemble
intelligence was relying on data, but computers could not store enough information as well as
process it as fast as necessary to have a proper response to the task. In the ‘70s, most of the
scientists working on Al were able to think and even mathematically theorize machines with
the general intelligence of the human beings, but practical constrains do not allowed it. That
decade, however, was crucial for the implementation of chess players programs. Claude
Shannon?? was the first who wrote a paper about developing a chess playing program in 1950
[40], describing two principal approaches: Type-A programs, working with a min-max search
algorithm and computing thousands of moves, or Type-B, working with strategic and

heuristic approach.

20 The term “heuristics” indicates the shortcuts and mental strategies that human beings put into action whether
they are involved in pursuing a goal. Heuristic programming tries to infuse the same logics and behavior into a
machine in problem-solving activities.

2! Joseph Weizenbaum was a German American computer scientist and professor at Massachusetts Institute of
Technology (MIT).

22 Claude Shannon was an American mathematician, electrical engineer, and cryptographer known as "the father
of information theory", which is the scientific study of the quantification, storage, and communication of digital
information.
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During the ‘50s and the ‘60s, Type-B programs were mostly developed, but in 1973
the developers of the “Chess series program” switched to Type-A programs: Type-Bs were
preferred because of the simpler conformation and the need of less input data to work, but
they could easily behave wrongly following an inappropriate rule of thumb during a match.
The technological capabilities available at the time, even if limited, made possible to focus on

Type-A programs, the ones using “brute force”.

2.1.3 From the ‘80s to the “big data” age

The 1980s were a fruitful time for Al: John Hopfield and David Rumelhart?* [41-43]
made the deep learning methods, which will be presented more in details later, popular and
Edward Feigenbaum presented expert systems, intelligent computers that use knowledge and
procedures to solve problems that are difficult enough to require a certain expertise in the
solving process (Feigenbaum and Klahr, 2003) [44]. It was during the 1990s that Al
innovation made great strides: in 1997, a Type-A chess player program, Deep Blue,
developed by the corporation IBM, was able to defeat the world chess champion Gary
Kasparov.

Deep Blue was able to compute around 200 million positions a second and averaged 8-
12 play search depth, while humans can only consider near 50 moves to various depths: the
victory was possible thanks to this extraordinary computational capacity, if Deep Blue were a
Type-B program then perhaps the win would have been more interesting for the
considerations on machine intelligence (Smith, 2006) [45]. 20 years later, in 2017, Google’s
Alpha Go defeated the Chinese Go champion, Ke Jie: the greatest capability of Alpha Go was
studying older matches and playing thousands of games against itself, thanks to improved

storing capacity, a greater number of data accessible and faster computational capability.

Fig.4: Timeline of the Al development

23 John Hopfield is an American scientist most widely known for his invention of an associative neural network
in 1982, David Rumelhart was an American psychologist who made many contributions to the formal analysis of

human cognition, through mathematical psychology and logical reasoning.
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The invention of Google in 1998 can be considered the starting point of the era of the
“big data”: constant flow of data continuously processed that provides algorithms with all the
necessary information to train themselves. The 21st century is characterized by important
changes in information technologies, like the Internet of Things (IoT), cloud computing and
social networks: these three key components increased drastically the speed at which data are
generated and accumulated [47]. Thanks to the IoT and social networks, the type of data that
are processed nowadays are profoundly different from the script used by ELIZA: data
production is constant, interconnected and deeply detailed. The social network era started
with the foundation of Facebook in 2004: the original idea was merely related to digitally
archiving basic information and pictures of Harvard students, while todays Facebook accounts
for more than 2.2 billion monthly users.

Nowadays, Facebook is just one of the social networks available, but it was a pioneer
in using big data to provide a customized experience to the users. The data produced by social
networks users are so highly detailed that from a commercial point of view a mass
personalization can be provided (Peters, 2012) [48]. The greater share of Facebook’s revenues
comes from advertising revenues thanks to the possibility of marketers to propose targeted
advertisements based on the data produced by subjects through their Facebook profiles [49].

The idea of interconnection is also relevant in [oT: the term was coined in 1999 and it
refers to idea of transforming everyday objects into smart devices being connected to the
network and able to gather and share data (Trend Micro). In IoT, data production is possible

without human intervention thanks to the object’s sensors from the environment: a smart air
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conditioner system can automatically blow cooling air when the room’s temperature reaches a
certain value. Social networks and IoT, in addition to the data production and usage, have in
common the presence of an algorithm, executing a predefined task thanks to the data

provided.

2.2 What is “machine learning”

Most of the automatized processes replicate the exact same pattern: gathering data,
processing the data acquired and outlining the information necessary and finally using that
information for executing the assigned task, improving the performance through experience.
The process described can be achieved through a machine learning process. Before
introducing ML techniques, it is necessary to provide a proper definition of ML, as the one
form IBM: “Machine learning is a branch of artificial intelligence (Al) and computer science
which focuses on the use of data and algorithms to imitate the way that humans learn,
gradually improving its accuracy.” ML is a subset of Al that relies on the utilization of data
for making decisions from what observed from the data itself: it involves the same
components of traditional programming, but what differs is the way in which those
components are combined. In traditional programming, the machine is directly programmed
and from the computation on data is asked to provide results; ML starts from data and results

and uses computation to come up with rules [50].

Fig.5: Traditional programming vs Machine learning
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ML is often used in forecasting as an alternative to classic statistical tools, because of
the possibility to model more complex phenomena, difficult to be described a priori. The
process is like the switch from traditional programming to ML: in econometrics, for example,
a certain statical model, a linear regression for example, is applied to data and results are
commented. This implies that the researcher has a prior idea of the relationship within the
input variables, which usually comes from scientific literature. However, inputs interactions
can be hidden or unclear: ML algorithms can discover these unknown patterns and using them
for improving the computation. Domingos [51] defines ML as “doping applied to scientific
method”: the hypothesis testing process is the same one always applied in the scientific
method, but thanks to ML it is possible to test simultaneously multiple hypothesis in a second,
while a scientist would have spent their entire career working on them.

The role that the scientist has in the process depends on the type of machine learning
classifiers used and what is the purpose of the analysis. ML techniques refers to two main
categories with two primary scopes: supervised learning for building predictive models, and
unsupervised learning for constructing descriptive models. In supervised learning, labeled
data is used to train the algorithm: the algorithm has the aim to adjust the weights attributed to
each information gained to avoid overfitting or underfitting of the model. Predictive models
are obtained by supervised learning: a target feature, the one to be predicted, is specified to
the learner and its task will be to discover the relationship among the target feature and the
other features from the dataset. The term “supervised” does not imply an active role of the
scientist in the process: the only human intervention in the learning process relates to
correctly specify the target feature, providing the algorithm with the instructions for the task it
must learn.

Predictive models can be split into two categories: classification models and numeric
predictions. When the target feature can be expressed as a categorical feature, a class, divided
into levels, classification models are used to predict whether a certain state of the world will
happen. An easy example is antispam filter: the algorithm is asked to classify an email as
spam or not spam, according to the given criteria provided by human supervision. If the target
feature can be defined as a number, numeric prediction is suitable: economic variables, as the
average income of a certain area can be predicted from significant inputs provided. This is the
specific case for Economics in which ML techniques can be a valid alternative to

Econometrics.
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The other type of learners is unsupervised learning: in this case, there is no necessity
to establish the target of interested, since every feature is as important as the others. In
unsupervised learning, the algorithm is asked to search for patterns or data groupings
exploring the given data: the greater the number of inputs provided, the greater the possibility
for the algorithm to discover hidden relationships among variables. Unsupervised learning is
often used in data mining?*, which aims to extract useful information from big data available
concerning a certain topic: pattern discovery, for example, is often used for market analysis
and costumer segmentation, so that costumer preferences are directly revealed from the
purchasing data that they directly produce. Another possible use is clustering, which final aim
is dividing the data in homogeneous groups: the ML algorithm can divide into groups, but it a
human’s prerogative to find the common characteristic for which each group was created by
the learner.

It is also possible to classify existing ML algorithms according to the idea of
intelligence that was infused in the machines while developing them: even if it seems more a
philosophical than a technical concern, it influenced the way in which algorithms perform in
solving the assigned task. In Pedro Domingos’ book, [S1], the author underline five “tribes”
of machine learning, according to the principles supported by each group. The main idea
supported into the book is if and how will be possible to find “the ultimate learning machine”,
an algorithm concretely able to process any sort of information, learn from it and using it to
take decisions or complete a task without any necessary support from the human beings: this
idea of Master Algorithm corresponds to the artificial general intelligence (AGI)*.

Going deep in Domingo’s argument, the first tribe is constituted by the Symbolists,
which firmly believe in a type of logic intelligence, as the one used in mathematical logic: the
set of rules used in algorithms is the “if-then” type of logic, which effective, but that can
result as rigid when decisions are taken in uncertain conditions. The second is the
Connectionists, who tried to model algorithms on the same patterns followed by the human
brain: the idea of connections relates to the connections that happens between neurons when
signals pass from one to another. The Bayesians focuses on uncertainty and probabilistic

values: ML is seen as a form of probabilistic inference where every possible outcome happens

24 As we found in Lantz [52], the term data mining is erroneously used as a synonym of machine learning.
Machine learning can be applied to tasks different from data mining, like the ones concerning predictive models,
while if data mining methods are used, it is highly likable that ML is used.
25 AGI will correspond in the final step of ML, where a machine will be able to understand, learn and replicate
any cognitive action that a human being can perform. Another step further could be the surpass of the human
intellectual capacity from an Al, ending in the Artificial Super Intelligence (ASI).
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with a certain chance. Evolutionaries refer to natural selection as the key for learning: the
focus is on the process, focusing on steps and iterations, miming what the natural evolutions
of species have done with their cognitive abilities. Lastly, Analogizers base learning activity
on the capacity of finding similarities, evaluating the level of similarity between two different
units. This classification could appear purely theoretical, but it provides a clear explanation of
the logic behind different type of algorithms: decision trees are a typical decision-making tool
for Symbolists, while support vector machines (SVM) can be attributed to the Analogizers
approach.

2.2.1 How machine learning works

Regardless differences in the logic applied, the machine learning workflow is a
common process for every algorithm. Lantz (2019) reduces the learning process into three
essential components: data input, abstraction, and generalization. Data input is the shared
starting point: as already explained, data can be labeled or not depending on which type of
learning process is in act (supervised or unsupervised). In the abstraction phase, data is
organized according to the meaning that can be attributed to it. Data itself is composed by
numeric observations with no specific meaning, stored in the computer’s memory as a
sequence of zeros and one: abstraction is necessary for specifying the meaning of the data,
connecting its numeric representation with the reality which generated it. The knowledge
representation, the formation of logical structures that transforms raw sensory information
into meaningful insights, is based on these abstracted connections: practically, the algorithm
organizes input data into a model for extracting the descriptive pattern of it. Modelization can
be practiced through equations, diagrams, logical if-else rules, and clustering: the model
choice is subject to the purpose of the analysis26. The model optimization process applied to
data is called training: training the machine to describe the data is the first step of the learning

process.

Fig.6: From data, through Abstraction, to Generalization

26 The model choice concerns to the difference between using supervised learning for predictive scopes in
contrast to using unsupervised learning for descriptive purposes.
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) Generalization

Source: Lantz (2019), Machine Learning with R

A step further is generalization: the learner must be able to apply the abstracted
knowledge gained in training on a similar problem. Generalization implies that the machine
can understand the key features of the problem, instead of examining each single information
provided: this is related to the concept of heuristics, which was already introduced, mental
shortcuts that human beings enact while completing a task. To verify if the abstraction and
generalization process was successful, testing is necessary: the algorithm is asked to apply
what it was learnt in the previous steps to a new dataset, performing the same task as the one
it was asked to conduct on the training one. Referring again to the antispam filter example, in
the training process, the learner was taught to separate a spam email from a non-spam one
following certain criteria, for example identifying key words. In the testing phase, the anti-
spam filter is provided with a new set of emails: the more emails are correctly identified, the
better the learner is performing.

The advantage of machine-learning models over traditional statistical models is their
ability to quickly consume enormous numbers of records and thereby more accurately make
predictions. However, this does not mean that ML models are infallible: leaners’ capability of
prediction is based on the quality of data they have been trained on. If the data is somehow
biased, so it will be the decision making of the learner. If data incorporates a certain bias, in
the training process, the algorithm will incorporate di bias in the learning process, and it will
apply a biased rule in the testing phase when it is asked to perform its task. Biases are
particularly relevant in data which was generated by human beings: an example is
automatized credit scoring processes where the algorithm was trained on time series data of
the previous credit decision performed by bank clerks?” A more detailed analysis about biases

implication in decision making will be provided in the next chapter.

27 Every cognitive bias applied in granting or not loans to certain subjects by the bank clerks is incorporated in
the data and the learner will be trained on associating certain characteristics to liability. Clarifying, if the bank

clerk was racist so will be the algorithm.
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Another implication of the close relationship between learning and data quality is the
underfitting vs overfitting problem. In the training phase, the algorithm is asked to model the
relationship between the inputs, the features, and outputs, the labels; in the testing phase the
learner is provided only with the features and asked to make the predictions about labels. Data
is not completely able to fit a real-world trend: there will always be unmeasured relationships
or noise in the variables considered in the model. There are several reasons for noise in data:
it goes from simple measurement errors, concerning the classic wrongly reported data, or even
errors in how data are stored, like missing values because of incorrectly coded or corrupted
values. The data itself has its own trend: the “true function” represents the statistical
distribution of it. The first problem concerns the fact that the model generated by the
algorithm is not flexible enough to represent the data provided: in the case of underfitting, the
variance is low, and the bias is high.

What happens is that the learner, in its process of modulization, oversimplifies the
relationship between the inputs, describing it as less articulate than how concretely is. When it
comes to the testing phase, the error rate is high because of the model incapacity of shape the
complexity of data. It is possible to increase the capability of the model through an additional
step, which concerns improving the model performance: what usually happens is that cost
function is developed to make some errors more relevant than others. If we are asking a
classifier model to determine whether a mushroom is poisoning or not, the situation in which
the model classifies as poisoning a non-poisoning mushroom should be weighted more than
the one in which a non-poisoning one is classified as poisoning. Eating a poisoning
mushroom will make someone die while not eating an edible mushroom will not affect that

much anyone.

Fig.7: The overfitting problem
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Source: Koehrsen (2018), Overfitting vs. Underfitting: A Complete Example [53]

This example can seem out of context, but it can be easily applied in more complex
situation, like choosing to finance or not a certain project because of the probability of default.
The risk that comes from the process of improving the model performance, and therefore
trying to incorporate the most possible data noise in the model, ends in overfitting. Overfitting
makes the model to goodly perform in training but poorly in testing phase because the learner
is not able to generalize. The algorithm perfectly learned to shape the training data but did not
extrapolate the existing dynamics that connects the variables: it ends with a model not able to
be use for predictive purposes. It is important that in the improving phase to balance between
accuracy and flexibility.

The process described, together with the possible implications, it is commonly shared with all
the learners, regardless the purpose, the type of learning and the logical structure. A possible
difference can occur in the level of intelligibility of the various steps. The learners used in this
chapter are commonly referred as black box methods: in black box methods the mechanism
for which the input is transformed into the output cannot be easily descried or it cannot be

described at all.

36



3 Data and Methods

3.1 Data

The used data come from IEA handbook about solar photovoltaic technology for Italy, in
particular data are referred to a plant of 0.83MW, as showed in table 1 [4]%.
Instead to use a fixed value for discount rate, like IEA, we've used the WACC: the used value,

reported in table 1, reflect the calibration operates respect the LCOE value calculated by IEA.

Variable units of measure Value

Cost of capital U.S. DollaryMWh 21,77
Power MW 0,83
Average Load Factor % 27%
Average Auxiliary Factor % 100%
Auxiliary Power % 0%
Lifetime Years 25,00
Weight of Debt % 50%
Interest rate of Debt % 5%
Taxation Rate % 30%
Risk Free Rate % 1%
Expected Market Risk Premium % 2%
Beta % 100%
Construction Time Years 1
Operation and Maintenance Cost U.S. DollaryMWh 27,85
Cost of Fuel U.S. Dollar/MWh 0,00
CO2 Price U.S. Dollar/Ton of CO2 30,00
Decommissioning Cost U.S. Dollar/MWh 2,51

Since the data was not sufficient for to test the predictive power of the different models used
in the work, a numerical simulation based on such data was performed. The first kind of
simulation involved just a predefined variance (= 10%) arbitrarily imposed to the IEA

calibration values.

28 See at page 60-61.
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The simulation was performed using 10.000 replies of each parameter of LCOE model, then
using for training phase of ML models the first 1.000 replies, testing results on the

subsequently 9.000 observations.
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3.2 Methodology

Linear Model

Due to the massive abundance of excellent free resources related to this topic, is not intended
by the authors to bother the readers proposing for the umpteenth time a well-known topic so
we just suggest a looking to some classic to refresh the basis [54], if this is the case.

Furthermore, the work used as a baseline for the performed test, is also a practical and useful

resource to quickly remind the essential to understand the simulation [52]%°.

Neural networks

Starting with Artificial Neural Networks (ANNs), they try to shape the relationship
between the input and the output with the same processes that a human brain would have
used. Neural networks were particularly popular both in neuroscience and computer science
during the ‘60s, they had an eclipse during the ‘70s and had a new era in ‘80s: nowadays, they
are widely implemented in different tasks because of their vast potential. The first learning
processes of ANNs involved simple logical constructs like the logical AND function or the
logical OR, which was necessary to try to replicate as realistically as possible the brain’s
functionality. In ANNSs, the brain’s network made by the interconnection of neurons is
replicate thanks to artificial neurons or nodes to achieve the learning tasks. A neural network
consists in sets of consecutive layers made of nodes sets, transmitting the signal for each
layer, ending into the output signal, the result. Each node signal is weighted according to the
importance that it has in determining the output. The signal is passed on different layers
according to an activation function f, so that the output is determined by the activation

function value of the weighted sum of the inputs.

Fig.8: The activation function

2 See chapter 6.
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There are different existing types of neural networks that can be used according to the
complexity of the problem to solve, and they can be distinguished according to three factors:
the type of activation function chosen, the architecture of the network and the training
algorithm. Through the activation function, the mechanism for which information is
transmitted from one neuron to another is established. It involves setting a threshold that
establish whether the information should be transmitted to another neuron or not: passing or
not the threshold depends on the value that the activation function attributes to the total input
signal.

Thinking more concretely, what happens is that a set of information is available to
determine a certain output: not all the information is necessarily needed to determine the
output or either the level of information for a certain input is not enough to concretely
contribute to the computation of the output. In those cases, the threshold is not reached, and
the neuron is not activated. One of the most used activation function forms is the sigmoid
activation function®®, because of property of being differentiable: since it is possible to
calculate the derivate across the entire range of inputs, it smooths the threshold calculation for
every neuron.

The architecture of the network concerns the number of neurons for each layer, how
many layers are included, the way in which the information travels between the neurons>'.
The number of neurons in each layer is closely connected to the type of data: more neurons
for each layer means a greater descriptive capacity of the data, together with an increased risk

of overfitting. Additionally, an overstructured ANN is slower both in training and in

30 Different functional forms can be used to define the activation function: the simplest one is the unit step
activation function, but it come also in linear, satured linear, hyperbolic tangent and gaussian form. The sigmoid
will be taken as reference in this work.

31 Concerning if it is possible for information to travel back and forward in the network.
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computing: a balance between computational power and efficiency is fundamental. The
number of layers relates to how many numbers of input nodes are present in the network:
again, for each neuron, a connection weight is associated. The elementary architecture of an
ANN is a single-layer network: one set of input neurons, associated to one set of weights,

obtaining an output.

Fig.9: ANN with a single layer structure
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This type of network is well performing for elementary pattern classification tasks, but
not for more articulated purposes. Multilayer networks are made by adding to the input nodes’
set one or more hidden layers, rising the computational capacity of the algorithm. The
complexity of the network is directly proportional to the complexity of the task itself. The
relationship between input nodes and output nodes passing through hidden layers cannot be
explained: the method is a black box one because it is not possible to describe the connection
the network builds neither to count how many neurons are displayed in the hidden layers. The
number of layers displayed relates to the “depth” of the model: the more layers contribute to
computation, the deeper the network is. The term deep learning is often associated directly
with neural networks®?, however not all the ANNSs are deep learners: a neural network with
more than three layers can be considered a deep learning algorithm, while an ANN with only

three or two is a basic neural network. This does not imply that the model is not efficient for

32 As happens with data mining, deep learning is also used as a synonym for ML, while the terms are not
interchangeable. As described by IBM (2020), ML, deep learning and neural networks are all subfield of Al,
deep learning is a subfield of ML, and ANNs are a subfield of deep learning, considering again that not all
ANNSs models are deep learners.
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the prospected purpose, but that the problem’s structure does not require additional

complexity.

Fig. 10: ANN with multiple layers structure
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Lastly, ANN models vary according to the directions in which information travels
within the networks’ layers. In feedforward networks, input signal moves through the network
in one direction, from the first input layer, through the hidden layers, if present, ending in the
output. In recurrent networks, loops are allowed to let the signal to travel in both directions.
The fact that information travels in a straight direction does not imply that in feedforward
networks information cannot travel back. This relates to the type of logical structure used to
train and adjust ANN results, called backpropagation.

Backpropagation stands for "backward propagation of errors": it is an algorithm for
supervised learning of artificial neural networks based on gradient descent. The process
involves the error function of the ANN and calculates the gradient of the error function
according to the neural network’s weights. Practically, what happen is that the weights in the
network are given randomly in the first step, since there is no prior existing knowledge about
the relationship between input and output. In the forward phase, the neurons are activated in
sequence according to their weights, layer by layer, ending in the output. In the backward
phase, the results obtained from the forward phase are compared with the task expectations,
so that the difference between the network’s output and the true value results provides with an
error value that can be back propagated to balance weights and connection between neurons
reducing future errors. The way in which the algorithm attempts to minimize the error through

the entire network is considering the derivative of each neuron’s activation function to
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understand the direction in which the weights should be balanced according to the error: this
technique is the gradient descent.

The type of ANN that will be used in this work is a Multilayer Perceptron (MLP): it is
a type of network that uses a sigmoid activation function, it is part of the multilayer
feedforward networks family, its performance is improved thanks to backpropagation, and it
can be easily adapted to numeric prediction. In this specific case, it will be applied to a

regression for forecasting purposes.

Support Vector Machine

The second technique involved is Support Vector Machine (SVM). SVMs are
powerful tools for classification which well-perform in numeric prediction: the main task for
the algorithm is to find a hyperplane in a N-dimensional space. N stands for the number of
features included, which allows to separate the data point according to a similarity principle
applied to the observations. The hyperplane can be considered as a decision confine which
separates the data in as homogeneous as possible groups: points that falls on either side of the
hyperplane are considered belonging to the same class. The easiest case for the SVM to be
operating whit is the case where the data is directly linearly separable, which is the case in
which, regardless the disposition of data in the considered space, the objects can be separated
through a simple straight line?>.

The algorithm solves an optimization problem: there is more than one possible
separating line applicable to the data, but the SVM is involved in defining the Maximum
Margin Hyperplane (MMH), which is the line that generates the maximum separation space
between data. The result of this optimization problem is the maximum distance between the
objects of different categories, so that the optimal hyperplane is defined. The MMH is defined
thanks to the support vectors, which are for any category involved in the classification, the
closest points to the MMH. The support vectors define the orientation and the position of the
MMH in the space and helps to maximize the margin of the classifier, ending with a

maximum margin. Each class of data must have at least one observation that works as a

33 Hyperplanes are commonly defined in two dimensions; therefore, a straight line is the objected used to
separate data, however this relates to the fact that it is harder for the human abstractive capacity to imagine data
distributed in a 3D space. The hyperplane can be easily adapted to a multidimensional space imagining
considering a flat surface instead of a line as data separator.
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support vector: the algorithm applies vector geometry to identify the support vectors
necessary to establish which of the possible hyperplanes among the set is the MMH. The
method is a black box method because the optimization process is performed by the algorithm
without any human intervention, so that what happens is specular to ANNs: the results come

from a process that is not possible to follow or explain step by step.

Fig.10: The optimal hyperplane in an SVM
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As already introduced, there are two main cases in which the data is disposed: linearly
separable or non-linearly separable. The advantage of SVM is that even if it is a linear model
for classification and regression, it can solve both linear and non-linear problems. For a
simpler comprehension, binary classification will be assumed, so that the class considered are
only two. In the case of linear separability, the MMH is simply the straight line as far away
as possible from the outer boundaries of the data points’ groups, which are called convex
hulls. The maximum margin between the convex hulls is defined mathematically through
quadratic optimization or involving Euclidean norm*, which are anyways tasks performed by
the algorithm. In the case of non-linear spaces, this methodology cannot be applied.

Moreover, the strength of the SVM is the visualization capacity of the data, which
could diverge from the human capacity. The algorithm can apply the Kernel trick: the SVM

can project the non-linear relationship of data in a different dimensional space. In this way, a

34 The main purpose of this work is just provide a logical comprehension of what ML is and how to use it
applying its techniques to a problem, in this case cost of energy computational analysis. For further explanation,

the main reference book for this section is Machine learning with R (2016) by Brett Lantz.
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linear relationship can be found and the MMH more easily defined, applying the already
explained methodology. What the kernel trick does is adding new mathematical relationship
to the data so that it can be linearly defined: the kernel trick allows to extend the
computational analysis to a multidimensional level, discovering possible connections in data

that are not clearly understandable in two dimensions.

Fig.11: The Kernel’s trick
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Source: Zhang (2018), What is the kernel trick? Why is it important?

A practical example of using SVM for performing regression, applied to financial
forecasting is daily stock prices, where the price at time 7 is defined as a function of previous
stock prices at time -1, t-2,..., t-k [S5]. Different methodologies are applied by technology
corporations like IBM and Yahoo to perform the task and SVM is a robust technique to
implement this type of research. The idea of applying SVM is ideal for a stock price
forecasting for two reasons: the relationship within the price at time ¢ and prices in previous
year is of course not linear because of the great number of factors intervening and because of
this computational complexity. Applying the kernel trick in computational analysis provides a
wider look to relationship that it is not possible to model for human capacity itself because of
computational constrains.

In other words, the change of perspective provided by the learner can outline
connections that will be kept hidden otherwise. The strengths of a SVM are that they can
perform a high accurate analysis without incurring in the risk of overfitting since it is a type of
learner not excessively influenced by noise in data. Additionally, the complexity level of the
black box method is even more high when kernel trick is applied, so that the results obtained
are even more cryptic to interpret.
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Regression Trees

About Trees for numeric prediction we consider two categories:

Regression trees, introduced in the 1980s as part of the Classification and Regression Tree
(CART)™ algorithm: despite the name, regression trees do not use linear regression methods

since they make predictions based on the average value of examples that reach a leaf;

The second type of trees is the model trees, born several years later than regression trees.
About Model trees at each leaf, a multiple linear regression model is built from the examples
reaching that node (model tree may build tens or even hundreds of such models). This may
make model trees more difficult to understand than the equivalent regression tree, with the

benefit that they may result in a more accurate model.

Trees that can perform numeric prediction offer a compelling yet often overlooked alternative

to regression modeling.

Some pros and cons:

Pros

» the strengths of decision trees is combined with the ability to model numeric data
* Feature selection is automatic, very useful with a very large number of features

* To specify the model in advance is not necessary

* May fit some types of data much better than linear regression

* Does not require knowledge of statistics to interpret the model

Cons

* Not well-known and consolidated as linear regression

* A large amount of training data is required

* The overall net effect of individual features on the outcome is difficult to determine

 Some difficult of interpretation respect to a regression model can be arise.

3 The CART algorithm is described in detail in [56].
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In some cases, numeric decision trees offer distinct advantages:

decision trees may be better suited for tasks with many features or many complex, non-linear
relationships among features and the outcome, these situations present challenges for

regression;

regression modeling also makes assumptions about how numeric data are distributed that are

often violated in real-world data (not true for trees).

Trees for numeric prediction are built in much the same way as they are for classification.
Beginning at the root node, the data are partitioned using a divide and-conquer strategy
according to the feature that will result in the greatest increase in homogeneity in the outcome

after a split is performed.

In classification trees, you will recall that homogeneity is measured by entropy, which is

undefined for numeric data.

For numeric decision trees, homogeneity can be measured by statistics such as variance,
standard deviation, or absolute deviation from the mean. Depending on the tree growing
algorithm used, the homogeneity measure may vary, but the principles are basically the same.

A common splitting criterion is called the standard deviation reduction (SDR).
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Results

This section proposes the results obtained running the four-model described in the
methodology section. A dedicated R script was used to produces 10.000 replies of a Monte
Carlo simulation, performed assuming that all the variables was described by a Uniform
Continuous distribution. We've chosen to simulate the situation in which only significant
parameter could be used to forecast LCOE, focusing on the Operation and Maintenance Cost,
for two reasons:
1. the significance of the relationship between OM and LCOE for the considered
technology
2. the relative abundance of information about status and perspective of such type of
costs.
No improvements technique is proposed in this section: tons of details about them are literally

Let's start for the first type of simulation.

Measuring forecasting accuracy - part I

Linear Model

An enhanced scatter plot can be created by using psych package, as shown in figure 12:

Fig.12: Results from estimation of LCOE by a linear model
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Above the diagonal, the scatter plots have been replaced with a correlation matrix. On the
diagonal, a histogram depicting the distribution of values for each feature is shown. Finally,
the scatter plots below the diagonal now are presented with additional visual information.

The oval-shaped object on each scatter plot is a correlation ellipse. It provides a visualization
of how strongly correlated the variables are. The dot at the center of the ellipse indicates the
point of the mean value for the x axis variable and y axis variable. The correlation between
the two variables is indicated by the shape of the ellipse; the more it is stretched, the stronger
the correlation. An almost perfectly round oval, as with capital cost and OM, indicates a very

weak correlation (in this case -0.01).

The output provides three keyways to evaluate the performance (fitness) of our model:

Residuals:
Min  1Q Median 3Q Max
-3.9868 -1.2721 -0.0686 1.2128 4.6451

The maximum error of 4.65 suggests that the model under-predicted expenses by nearly $5
for at least one observation. On the other hand, 50 percent of errors fall within the 1Q and 3Q
values (the first and third quartile), so most predictions were between $1,21 over the true

value and $1,21under the true value.

Coefficients:

Estimate Std. Errort value Pr(>t|)
(Intercept) 23.50593 0.30191 77.86 <2e-16 ***
oM 0.99994 0.01082 92.45 <2e-16 ***

Signif. codes: 0 “****(0.001 “*** 0.01 “**0.05°°0.1°"1

The stars indicate the predictive power of each feature in the model. The significance level (as
listed by the Signif. codes in the footer) provides a measure of how likely the true coefficient
is zero given the value of the estimate. The presence of three stars indicates a significance
level of 0, which means that the feature is extremely unlikely to be unrelated to the dependent
variable. A common practice is to use a significance level of 0.05 to denote a statistically

significant variable. If the model had few features that were statistically significant, it may be
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cause for concern, since it would indicate that our features are not very predictive of the
outcome. Here, our model has OM as significant variables since it clearly related to the

outcome in logical way.

Residual standard error: 1.74 on 9998 degrees of freedom
Multiple R-squared: 0.4609, Adjusted R-squared: 0.4608
F-statistic: 8547 on 1 and 9998 DF, p-value: <2.2e-16

About the R-squared, a value of 0.46 is relatively good. Remember that also capital cost is a
fundamental explanatory variable, and it wasn't included in the model to isolate the pure
effect of OM in LCOE determination (since we are interested to forecast the LCOE with a

single significant variable in our test).

Artificial Neural Network - The Multi Layer Perceptron

Since we deal with a numeric prediction problem we can measure the correlation between our
predicted LCOE and the true value with a result of 0.68.

We can also calculate the R-squared, obtaining a value of 0.46, namely, we get same results
that the ones from the linear model.

This is not surprising since we have use neural network with a single hidden node that can be
thought of as a distant cousin of the linear regression models : the weight between each input
node and the hidden node is like the regression coefficients, and the weight for the bias term

is like the intercept. In fact, the linear model previously used presents a correlation is 0.46.

Support Vector Machine

We've used the e1071 package from the Department of Statistics at the Vienna University of
Technology (TU Wien) to make a simple Support Vector Regression, measuring the result's
accuracy with the Root Mean Square Error.

The results are depicted in figure 13:

Fig.13: Results from estimation of LCOE by a Support Vector Machine
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The RMSE of linear model is 23.50403, those of SVM is 1.740835.

Regression Trees

The resulting tree diagram is as follows:
Fig.14: Results from estimation of LCOE by a Regression Trees
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In addition to the digits parameter that controls the number of numeric digits to include in the
diagram, many other aspects of the visualization can be adjusted. The following command
shows just a few of the useful options. The fallen.leaves parameter forces the leaf nodes to be
aligned at the bottom of the plot, while the type and extra parameters affect the way the

decisions and nodes are labeled:

Fig.15: Results from estimation of LCOE by a Regression Trees
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The correlation between the predicted and actual quality values provides a simple way to
gauge the model's performance. Recall that the cor() function can be used to measure the
relationship between two equal-length vectors. We'll use this to compare how well the
predicted values correspond to the true values and the measured value is 0.787181.

A correlation of circa 0.8 is quite good. However, the correlation only measures how strongly
the predictions are related to the true value; it is not a measure of how far off the predictions
were from the true values.

Another way to think about the model's performance is to consider how far, on average, its
prediction was from the true value, we can use the mean absolute error (MAE) that is
1.139048.

This implies that, on average, the difference between our model's predictions and the true
quality score was about 1.14. On a simulated LCOE scale from 48 to 55, this seems to suggest
that our model is doing relatively good.

On the other hand, recall that most LCOE's are (since we have performed the simulation
under symmetric variance assumption) almost uniformly distributed in each class. Therefore,
a classifier that did nothing but predict the mean value may still do relatively bad according to

this metric.
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Indeed, using mean absolute error between actual values and mean value MAE became

1.868438.

Model trees

The used model trees are the M5' algorithm (M5-prime) by Wang and Witten, which is an
enhancement of the original M5 model tree algorithm proposed by Quinlan in 1992.To
improve the performance of our learner, let's try to build a model tree. Recall that a model tree
improves on regression trees by replacing the leaf nodes with regression models. This often
results in more accurate results than regression trees, which use only a single value for

prediction at the leaf nodes.

The correlation is very high (0.8497821): the improving in MAE make it substantially perfect
(0.9962982).
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Measuring forecasting Accuracy - Part I1

Let's get the whole thing a bit more complicated. In the first simulation, we've used a
symmetric variance for all the LCOE parameters of the IEA model data. Now we'll do the
same imposing a certain trends for OM, (for the replies from 1 to 3300 the OM vary in a
range from 8§ USD/MWh to 18 USD/MWh; from 3300 to 6600 the OM vary in a range from
14 USD/MWh to 20 USD/MWh, for 6600 to 10000 the OM vary in a range from 16
USD/MWh to 20 USD/MWh) and to capital cost (for the replies from 1 to 3300 the OM vary
in a range from 16 USD/MW to 23 USD/MW, from 3300 to 6600 the OM vary in a range
from 22 USD/MW to 26 USD/MW, for 6600 to 10000 the OM vary in a range from 26
USD/MW to 39 USD/MW) for all the other parameters of LCOE equation, a variance equal

to zero was settled.

The resulting LCOE is shown in figure 16:
Fig.16: Results from estimation of LCOE under the hypothesis of second case study
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Figure 16 — Profile of LCOE in the case study (cost vs replies)
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Linear model

Now, look to the same previous exercise in this changed framework.

Fig.17: Results from estimation of LCOE by a linear model
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Using only Operating cost, we get a Multiple R-squared of 0.6416 (Adjusted R-squared
0.6415) with a p-value of < 2.2e-16.

Artificial Neural Network - The Multi Layer Perceptron

Using as a predictor only OM, we get a correlation of 0.8117 with a R? of 0.6588.

Support Vector Machines

In this case, the difference became more clear respect to the previous case:

Fig.18: Results from estimation of LCOE by a Support Vector Machine
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The RMSE of linear model is 27.010 vs the RMSE of the SVM that is 4.66.

Regression Trees

Fig.19: Results from estimation of LCOE by a Regression Trees
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Fig.20: Results from estimation of LCOE by a Regression Trees
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The correlation is 0.9539122, the MAE is 0.9000009, a fairly good performance. Using mean
absolute error between actual values and mean values (51.58714) MAE became 3.229067, for

the same reasons explained in the previous test.

Model Trees

The measured correlation is 0.9967285, the MAE is 0.2368006.
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Conclusions

This work represents just a first simple step of an in-depth analysis about the application of
several machine learning approaches to energy cost calculations and, more generally, to every

analysis of interest on energy system.

The work, based on methodology framework provided by IEA for LCOE, can be applied as
well for other type of energy cost and evaluation methods. An example of that could be a
methodology for imputation of missing data in energy survey, whether a method to estimate

the energy habits of a population.

The applications of machine learning to the energy system are often of an engineering nature
[57-64]. The proposed work aims to highlight how there is a vast space to use ML also in
relation to economic analyzes and in supporting decisions typical of policy making, with
simple but significant examples.

In the recent years, the use of ML in energy analysis also about economics aspects it has
undergone a strong acceleration in several application [65-72]. The scope of this work was
limited to a single task, that is the increase in accuracy deriving from models based on ML

techniques compared to a traditional one.

Powerful but relatively simplified models were used:

e the neural networks used was those of the simplest conception (the so-called "plain
vanilla"), in the simplest possible version, a single layer consisting of a single neuron;

e support vector machines did not benefit from any form of tuning;

e regression trees and regression models were not subjected to any treatment to improve

performance.

The results obtained, in some cases far superior to those obtainable from a linear model
(SVM), are far enough to demonstrate the superiority of these approaches over inferential
statistics and to clearly suggest how fruitful is the direction of investigation they indicate in

the execution of this tasks, one of the most significant in energy analysis.
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