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Abstract: In this paper, a study was completed investigating the financial viability of a 5 MW solar power
plant in Montenegro with direct access to the market, rather than a long-term power purchase agreement.
The empirical research included an econometric analysis and forecast of the prices on the exchange mar-
ket, using two methods, autoregressive integrated moving average (ARIMA) and neural network auto
regression (NNAR), which are compared to the forecast electricity prices. The former was used in order
to obtain the electricity prices forecast, since it showed significantly better predictive performances. Con-
sequently, the financial analysis results indicated this business strategy is a financially more viable option,
even though it implies increased risks. All investigated metrics and sensitivity analysis pointed in favor
of this option, which has significantly higher profitability with a shorter payback period, compared to the
usual market strategy. The main conclusion and recommendation drawn from the analysis are that tak-
ing into account the entire environment and prospects for the following years, a riskier business strategy
of entering the market directly, or a so-called structured PPA, is put forward to improve project returns
and speed up energy-transformation processes in a developing country.
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1. Introduction

Due to industrialization and fast changes in people’s standards of living over the last
few decades, the trend in energy consumption levels has been increasing worldwide [1].
Energy demand may surge by nearly 50% by 2050, according to projections of energy us-
age [2]. Moreover, greenhouse emissions and global warming have become the most
pressing problems policymakers around the world face. To match the rising demand, a
significant portion of the mentioned footprint comes from the energy sector. Climatic con-
ditions are vastly affected by the release of greenhouse gases, such as carbon dioxide (CO2)
and nitrogen dioxide (NO2), from the burning of fossil fuels, so employing renewable en-
ergy sources (RES) is an effective solution to overcome them [3]. Coupled with the previ-
ous, a four-times increase in wholesale electricity prices in Europe in the period August
2021 to May 2022 [4], as well as aggression in Ukraine, have created an extremely chal-
lenging and unpredictable environment in the energy markets.

The undergoing process of the energy-industry transformation heavily relies on the
deployment of the new renewable-energy capacity and the implementation of energy-
efficiency measures wherever possible [5-7]. Even though this environment produces nu-
merous issues for a wide range of political and business institutions, as well as individu-
als, at the same time it creates a need for swift reactions and speeds up the transformation
processes. Hence, opportunities for the prompt development of renewable energy sources
might be noticed.
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Photovoltaic (PV) electricity has become one of the most popular renewable energy
sources, since it is a scalable, environmentally friendly, and environmentally clean power
source [8] . As a consequence of technological and size improvements in recent years, the
capital cost of solar equipment showed a sharp decline per unit, making the total electric-
ity cost from PV production significantly lower [9]. However, solar energy production
shows seasonality and a high dependency on current climate conditions, so it needs to be
blended into a wider energy mix to satisfy demand in size and on time. Therefore, numer-
ous hybrid options of renewable sources and renewable-gas production are tested and
used, in order to achieve the much-needed balance [10-12]. Taking into consideration the
previously described context, this paper aims to analyze the economic viability of a 5 meg-
awatt (MW) solar power plant located in Montenegro with a different market strategy.
Namely, further economic and financial analysis will not take into account a typical long-
term power purchase agreement (PPA) with fixed selling prices per MW of produced elec-
tricity, but rather will focus on direct access to the electricity exchange, leveraging on sig-
nificantly increased electricity prices on relevant exchanges in the region and expectancies
that those levels will remain for a while. The following logic would be applied, as con-
ducting an econometric analysis of electricity prices on the day-ahead market offers a
price forecast for the future [13,14]. Based on the forecasted selling price on the market,
reduced by trades’ fees, access-to-grid fees, and balancing costs, the price of electricity per
MW would be derivate and used as an input for the financial analysis. It is important to
note that this business strategy is considerably riskier, since it relies directly on the whole-
sale prices on the market at the moment of production. On the other hand, gains from the
implied risks should lead to a reduced repayment period of this investment and substan-
tially accelerate the shift towards renewable-energy production. Nonetheless, the devel-
opment of technological projects is always affected by uncertainties associated with mar-
ket fluctuations, which require careful consideration [15].

The analyzed project is located in the rural area of Podgorica, the capital of Monte-
negro. The land plot is rocky, barren, and partially sloped towards the south. The total
installed capacity of the project is 5 MW, with direct access to the grid. Currently, the
project is ready to be built, and the investor has chosen the exact equipment and contrac-
tor. The financial analysis would benefit from the exact information on capital expendi-
tures for this project, owing to directly obtained internal information from the investor.

Taking into account the specific features of the energy market in Montenegro, char-
acterized by the monopolized retail market with quite low electricity prices, there was no
stimulus in the past for other market participants to join nor to invest in new energy
sources. Changing circumstances in the energy market in Europe have created a stimulus
for new renewable project developments in the region. All these factors have vastly af-
fected the situation in the Montenegrin market and have created an opportunity for the
analysis presented in this paper. In line with this, the main contribution of this paper lies
in two distinct research problems, usually published individually: on the one hand, price
forecasting [13,14,16], and, on the other hand, the economic analysis of the energy invest-
ment project [1,9,17]. Besides, the novelty of the paper corresponds to the analysis of two
distinct market approaches, as the decisions for either of them greatly affect the pace of
green-energy transformation, as a consequence of the mentioned circumstances.

Following the introduction, the remainder of the paper is structured as follows: in
the Section 2, the proposed methods applied in this paper are described; the Section 3
contains the description of the case study in Montenegro. The results are presented in
Section 4, followed by discussion and conclusions in the final, Section 5.

2. Methods

Electricity prices can be considered a focal point for all market participants, as these
influence the decision-making process the most in the highly competitive electric-power
market [18,19]. Throughout the course of analysis, various methods for price forecasting
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have been tested and implemented. They can be divided into two main categories: classi-
cal approaches (such as autoregressive integrated moving average-~ARIMA) and artificial
intelligence (Al) techniques [18,20,21].

Al techniques can be divided into three main categories: game theory models, time
series models, and simulation models (#Tablexx), As there is no particular method or ap-
proach that can be classified as the optimal one, all of these presented methods have been
examined in different papers [22-26] in order to determine their stronger and weaker
points in the area of electricity price forecasting. The Figure 1 shows different electricity
prices forecasting models.

Electricity Price Forecasting

Models
Game Th .
“Vodels i Simulation Models

v

Parsimonious
Stochastic Models

Artificial Intelligence
based models

v

I

Regression or Causal
Models

v

Neural Network

v

Data-mining Models

based Models

Figure 1. Electricity price forecasting models [24].

As previous research has shown [26], multi-agent models (inclusive of simulation
and game theory models) have shown significant disadvantages, since the large number
of the assumptions embedded in the simulation need to be justified, both theoretically and
empirically. Therefore, time series methods proved to be most accurate methods for elec-
tricity price forecasting. However, due to the existing number of them, further research is
needed in order to clarify which ones give better electricity price predictions. That is why,
in this paper, autoregressive integrated moving average (ARIMA) and artificial intelli-
gence (particularly NNAR) models (both belonging to time series methods) will be com-
pared in order to forecast electricity prices.

The general ARIMA (p, d, q) model, where p is the number of autoregressive orders in
the model, d specifies the order of differencing applied to the series before estimating models,
and q is the number of moving average orders in the model [27], is given as follows:

¢(B) = #(B)(1 — B)* )

where @(B) is a stationary autoregressive operator. The principle of this model is to fore-
cast the current value of a variable through a linear combination of previous values of the
variable and previous values of noise [21]. The following figure (Figure 2) shows the
flowchart of the proposed ARIMA procedure.
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Figure 2. Flowchart of ARIMA modeling and forecasting [28].

In [28], a generally accepted methodology is given though the following steps.

- Examining the stationarity of the observed series as a condition for model specifica-
tions. If the series is stationary, the procedure continues the step 3, if not-with step 2.

- Testing the stationarity of the first difference of the observed series.

- Determining the appropriate ARIMA model based on the ACF and PACF values.

- Evaluating the ARIMA model.

- Examining the statistical significance of the model parameters. If they are not signif-
icant, the p and q order has to be reduced.

- Calculating the ACF and PACF residual model (if model is well-estimated, it should
be close to zero).

- Deciding on the best model, according to information criteria and adjusted coeffi-
cients of determination. If the model is appropriate, an ARIMA forecast could be ob-
tained. If not, the previous step should be repeated.

Application of the presented methodology was used in the previous research
[13,18,27,29].

On the other side, artificial intelligence techniques can be divided into several different
approaches, which comprise (but are not limited to) ordinary neural networks; Long Short-
Term Memory (LSTM), which is a part of Recurrent Neural Networks (RNNs); and Neural
Network Autoregression (NNAR). According to [22], the greatest difference between an or-
dinary neural network and RNN is that each hidden unit of RNN is not independent—they
are not only related to each other but also associated with the sequential input that follows
the input of load data at the current moment into the unit of the hidden layer. However,
RNNSs have proven to possess serious disadvantages, as explained in [22], and those disad-
vantages have been solved by Long Short-Term Memory (LSTM) [30]. It is a very successful
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type of neural network, which was introduced by [31]. Nevertheless, even LSTM imposed
certain drawbacks, which include training time and accuracy of recognition. Apart from
price and/or output forecasting, artificial intelligence methods have been widely used for
nowecasting as well (intra-hour forecasts), as explained in [32]. In this particular analysis,
Neural Network Autoregression (NNAR) will be compared to ARIMA model, in order to
determine which model gives more accurate electricity price forecasts.

NNAR model is defined as a feedforward neural network that includes a linear com-
bination function and an activation function [33,34]. The linear combination function for
node j is given as follows:

n

z;=b; + Z Wiy, (2)

i=1
where z; represents the jth hidden layer neuron, n represents the number of input layer
neurons, w;; denotes the weights assigned to the connection between the input and the

hidden layer, y; are the observations (covariates or neurons) of the input layer, and the
activation function-sigmoid function [34] is given by the following formula:

9(2) = ©)

1—-e™*
By using this process, it is expected that the effects of extreme values will be reduced
and that networks will be more resilient to extreme values.
NNAR model enables modeling complex connections between inputs and outputs,
while the previously lagged values of the observed time series serve as input for future

values forecasting. The Figure 3 presents a previously explained multilayer feed-forward
network [33].

Input Hidden Output
layer layer layer

Input #1 —.‘
Input #2 —.’

,

o 43— @
Input #4 *.

Figure 3. A diagrammatic representation of the NNAR (p, P, k) model.

—.% Output

Comparison of evaluated models can be done based on several criteria, which in-
clude, but are not limited to [28]:

1 o
Mean error: ME = EZ}‘?zl (Xmej — Rn) 4)

1 A 2
Root mean squared error: RMSE = \/; Z?zl (xm+j - xm(j)) (5)

Mean absolute error: MAE = 32}‘7:1 |%msj — £ | (6)
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where ¢ is the number of data points, x,,,; is the actual value, X, is the predicted
value, and x,,; — X, (» is the forecast error. Regarding the Theil’s U statistic, X; is the
actual value of a point for a given time period j, and X; is the forecasted value. Smaller
values of forecast-accuracy statistics correspond to a better forecast model.

After the electricity price forecast has been conducted (prices have been forecasted on
a daily level for the following period: 25 May 2022-31 December 2022), several methods for
economic viability analysis will be implemented. These include net present value (NPV),
internal rate of return (IRR), payback period (PBP), and the levelized cost of energy (LCOE).

NPV, or the difference between the present value of future cash flows expected during
the lifetime of the investment and the initial investment at year zero, can be calculated as
follows [35]:

n

CF,

NPV= > —L .p
n
i (1+)

(10)
where CF,; isthecashflowinyear ¢, n is the lifetime of the investment, i is the discount
rate, and I is an initial investment at year zero.

IRR, by definition [36], is a discount rate that sets NPV equal to zero. Mathematically
written, NPV calculated with IRR as a discount rate would be the following:

CFy

— n L
NPV = Zf=1(1+IRR)n lo

=0 (11)

IRR helps us determine which projects are more viable (the lower the IRR is, the higher
the NPV), as it can be seen as the highest discount rate acceptable for a project. Any project
with a discount rate higher than IRR has a negative NPV, therefore, it is considered not viable.

PBP is the time needed for the cash flows from the project to surpass the amount of the
initial investment needed for the project. PBP can be also defined as the year in which NPV
becomes positive. The main approaches to PBP are simple and discounted, though only the
discounted approach has been used widely (due to the fact that the simple approach does
not account for the time value of money). Discounted PBP is calculated as follows [37]:

1
DPP = —<1_12_’X”i> (12

In (1+0)

where I, is the initial investment, i is the rate, and CF is the periodic cash flow.

LCOE is the total cost for each MWh or kWh including capital cost, operating cost,
and maintenance (O&M cost), based on capacity and useful life [35]. LCOE can be calcu-
lated by dividing annual expenditures (investment and O&M) with annual electricity gen-
eration [38]. Mathematically, LCOE would be calculated as follows:

P LS
LCOE = A+ D" ; ) (13)

L
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where [, is the investment expenditures, M, is the operations and maintenance expendi-
tures, E, is the electricity generation, i is the discount rate, n is the system’s lifetime, and t
is the year.

Sensitivity analysis will be conducted by changing the electricity price, balancing
cost, annual production, and the weighted average cost of capital (WACC). Changes in
these variables will be reflected by adjusting all four parameters accordingly-NPV, IRR,
PBP, and LCOE.

3. Case Study

In order to conduct a proper economic analysis of the proposed project, internal data
from the investor have been obtained. The Table 1 present a detailed breakdown of the
expected capital expenditures (CAPEX) for this project, based on obtained offers and
signed engineering, procurement, and construction (EPC) contracts. Prices below are dis-
played without VAT, since the VAT will be reimbursed to the investor. Additionally, dur-
ing the engineering phase, detailed predictions of the solar power plant production have
been established as well as the anticipated operating expenses (OPEX) during the facility-
production phase.

Table 1. Capital expenditures for the 5 MW solar power plant.

CAPEX Analysis
Category Amount
Land plot acquisition EUR 250,000
Grid connection fee EUR 190,000
Main project design EUR 50,000
Groundworks EUR 210,000
Concrete works EUR 170,000
Metal substructure with installation EUR 375,000
Solar modules and inverters with installation EUR 1,650,000
Substation with construction works EUR 350,000
Electric and other cables EUR 280,000
Supervision works EUR 60,000
Other construction works EUR 180,000
Overheads (10%) EUR 376,500
Total EUR 4,141,500
Total per kW EUR 828.30

Source: Main project design-PV Kuci [39].

Based on different software simulations of the facility production, the results have been
obtained. The expected annual production of the PV power plant in Podgorica is 6841 MWh.
A brief extract from one of the simulations conducted is shown in the Figure 4.
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P50 = 6841 MWh
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Figure 4. Expected annual production of the solar power plant. Source: Main project design—PV Kuci
[39].

The empirical data in this paper contain hourly electricity price data. They were
downloaded from the Hungarian Power Exchange [40]. Hourly data from 1 January 2020
up to 25 May 2021 were used to forecast electricity prices using the ARIMA and NNAR
models. The total number of days observed was 485. In order to pair the daily production
of the solar power plant with the prices, we took the average price of the obtained hourly
data from 7 am to 7 pm. Therefore, the number of observations in the table represents the
number of instances in the analysis, which equals the number of days. Descriptive statis-
tics of the sample are shown in Table 2. The average electricity price in the data sample is
139.92 EUR/MWHh, while the standard deviation equals 85.20 EUR/MWh.

Table 2. Descriptive statistics of analyzed prices.

Series Values
Observations 485
Mean 139.9281
Median 113.2758
Maximum 544.7283
Minimum 14.89583
Std. Dev. 85.20709
Skewness 0.951737
Kurtosis 3.950774
Jarque—Bera 91.48687
Probability 0

Typically, a dataset is split into training and test sets in an 80:20 proportion. How-
ever, the immediate effects of war aggression in Ukraine would severely disrupt price
forecasts. Therefore, we have chosen a different proportion of training and test data. The
training data include electricity prices for the period 1 January 2021-1 May 2022, while
the test data include electricity prices from 1 May 2022 up to 25 May 2022.
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4. Results

As previously mentioned, the methods that were used in price forecasting are
ARIMA and NNAR.

The parameters of the ARIMA model are shown in Table 3, and they were estimated
using the lowest values of AIC information criteria.

Table 3. Estimated ARIMA model.

Variable Coefficient Std. Error t-Statistic Prob.
C 0.381232 0.173292 2.199938 0.0283
AR (1) 0.771313 0.036749 20.98848 0.0000
MA (1) -0.972690 0.013996 -69.49627 0.0000

The NNAR model was estimated in RStudio software package, using the automatic pro-
cess for estimation of NNAR via the nnetar function. Parameters were estimated, as shown in
Table 4.

Table 4. Estimated NNAR model.

Model

NNETAR

Series: pl

NNAR (22,1,12) [365]

Call: nnetar (y = p1, lambda = “0")

Average of 20 networks, each of which is a 23-12-1 network with 301 weights

options were-linear output units
o? estimated as 0.0002105

In order to compare the forecasting accuracy of both models selected for the analysis,
ME, RMSE, MAE, MPE, and Theil’s U parameters have been calculated for the testing
period. This part of the analysis aims to examine the differences between the predicted
and actual values. In Table 5, it can be seen that NNAR proved to be a more accurate
forecasting tool, as values for RMSE (34.2124869 < 36.89402), MAE (28.2489473 <28.46972),
MAPE (14.3177964 < 15.54559), and Theil’s U (1.006192 < 1.0893) tend to be lower for
NNAR than for ARIMA. In general, models with the lowest values of parameters are con-
sidered more accurate in forecasting. Consequently, NNAR was evaluated as a better fore-
casting tool in this particular analysis.

Table 5. Criteria for evaluation of forecasts.

Model
Criteria ARIMA NNAR
ME -20.26215 3.16550823
RMSE 36.89402 34.2124869
MAE 28.46972 28.2489473
MPE -12.20065 2.380968496
MAPE 15.54559 14.3177964
Theil’s U 1.0893 1.006192

Figure 5 shows forecasts done by ARIMA (red), NNAR (green), and real prices (blue).
The graphical presentation shows more clearly the differences between ARIMA and
NNAR's abilities to predict future electricity prices on the market. The green line on the
graph authentically follows the real price fluctuation. Therefore, the graph justifies that
the NNAR model forecast imitates real changes better than the ARIMA model does.
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Figure 5. Price forecast comparison-ARIMA, NNAR, and real prices.

The succeeding element of the analysis implies forecasting electricity prices for the
time period, based on the outcomes of the previous steps. Due to the fact that NNAR
showed better results in the testing phase, we have completed this part of the analysis by
using it. The forecast performed using the NNAR model is given in Figure 6 and contains
the whole dataset with the prices obtained. The graph of the pre-forecast prices shows two
peaks—the first one due to the lack of gas and electricity for heating (winter months), while
the second one happened due to the start of the war in Ukraine. The forecast on the graph
shows a stable price-moving trend for the second half of 2022, up until the beginning of
2023, with the range being mostly 20 EUR from the average value. Estimated NNAR
model parameters are given in the Table 6.

Table 6. Estimated NNAR model.

Model

NNAR (27,1,14) [365]

Call: nnetar (y = p, lambda = “0")

Average of 20 networks, each of which is a 28-114-1 network with 421 weights
options were-linear output units

62 estimated as 0.0001958

Forecasts from NNAR(27,1,14)[365]
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Figure 6. Price forecast using NNAR model.
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The average of forecasted daily electricity prices using NNAR was derivate at 155.40
EUR/MWHh. This value was implemented in the second part of the analysis, where a finan-
cial evaluation of this project was performed. Namely, taking into consideration the cur-
rent energy crisis and tendency to transform this industry towards a greener one, as well
as political turmoil associated with the war in Ukraine, the assumption is made that this
price level will remain for the mid-term.

The results obtained from the electricity prices econometric analysis, coupled with
relevant information regarding CAPEX and OPEX of this photovoltaic power plant form
the complete input data for the project financial analysis. In order to calculate electricity
price on the production site of this facility, a calculation of costs associated with delivering
electricity to the location defined by electricity market rules was conducted. Those costs
involved fees to the national grid operator [41-43], well as inter-connection costs, cost of
balancing the production of the plant, and fees for the electricity trading company who
will in this case manage grid capacity booking, balancing activities, and access to the exact
electricity exchange. The trader will conduct stated business activities as a service in the
name of the owner, without taking any risks associated with the ownership of electricity.
Overall risk remains at the side of the solar plant owner, alongside potential gains. On-
site electricity price calculation is displayed in Table 7.

Table 7. On-site electricity price calculation.

Electricity Price Calculation

Category Amount

Average electricity price on HUPX EUR 155.40

Grid operator fee EUR -13.00

Balancing cost (% of the price on the market) EUR -17.09

Trader’s fee (% of the price on the market) EUR —4.66

Electricity price EUR 120.64

Expected annual production (/MWh) 6841

Annual income EUR 825,325.60

Based on the expected market price for this kind of service and assumed balancing
cost relied on the historic trend from the experienced trading company, on-site electricity
price has been calculated. Hence, the electricity price was derivate at 120.64 EUR/MWh,
and it is significantly higher than the prices that could be obtained through a standard
PPA [44] mid-term contract for this region.

As previously highlighted, the initial assumption of this paper is to extend the ob-
tained average electricity price for the following years and derivate the financial analysis
accordingly. Taking this into consideration, for the first five years of production, the stated
electricity price level has been taken. The remaining exploitation period is linked with a
fixed price, in line with the price that could be obtained on the market for long-term PPA
contracts. Financial analysis has included the discount rate taken over from Damodaran’s
database [45], for the green and renewable energy for emerging markets (5.81%). Four
criteria for the evaluation of the financial soundness of this project have been calculated
and are shown in Table 8.

Table 8. Financial parameters of the PV plant.

Parameter Unit Value
NPV € 2,780,054.33

LCOE €/MWh 58.89

IRR % 12.93

PBP Years 7.1
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As seen in the table, the net present value of this project is almost EUR 2.8 million,
while the payback period of the investment is determined at 7.1 years, with one year in-
tended for the construction phase. The internal rate of return is adequate and acceptable,
at the value of 12.93%. At the same time, the levelized cost of electricity, of 58.89
EUR/MWHW, is relatively high.

Since the business strategy developed through this analysis is a perilous one, con-
ducting sensitivity tests as part of it is of high importance. Sensitivity analysis contained
an observation of the most uncertain elements and their effect on previously interpreted
financial parameters (NPV, LCOE, IRR, and PBP). Selected variables for the sensitivity
analysis are electricity price, due to its fluctuation on the exchange market, balancing cost,
annual electricity production of the solar plant, and change in the weighted average cost
of capital. Namely, the WACC for this industry for Europe, instead of the WACC for
emerging markets, has been considered. Additionally, financial analysis of the same pro-
ject, with fixed PPA instead of a riskier market price, has been shown in order to draw
appropriate conclusions. Obtained values are displayed in Table 9.

Table 9. Sensitivity analysis of the PV plant financial values.

WACC for
Electricity .. . . Annual Annual Europe
Variables Price I])E:fccetl:;:)?/:) Fixed PPA zzl;ll‘;;z gzzricll(;i Production Production Instead of
-20% -10% +5% Emerging
Markets
NPV -24.28% 24.28% -36.92% —4.66% 1.56% -25.81% 12.91% 3.85%
LCOE -1.72% 1.71% -2.60% -0.33% 0.11% 9.09% -3.89% -1.19%
IRR -17.00% 19.90% -24.79% -3.48% 1.19% -13.94% 6.95% 0.00%
PBP 26.76% —27.46% 40.85% 5.63% -1.41% 14.08% -2.82% -1.41%

Net present value, internal rate of return, and payback period of this project have been
most affected by changes in electricity price, including the fixed PPA alternative and dis-
crepancies in the exact electricity production from the expected level. Logically, when NPV
and IRR decrease, the payback period increases, and vice versa. On the other hand, the
LCOE of this project shows greater consistency, and it is less affected by potential changes.
In general, that is the effect of its nature, since it does not involve a price element in the
calculation. These results indicate LCOE is mostly affected by changes in annual production.
Overall, the results of this analysis suggest this project has its financial stability and quality
to be undertaken swiftly, but without neglecting its potential financial risks and downsides.

5. Discussion and Conclusions

This study investigates the financial viability of a 5 MW solar power plant in Montene-
gro, which is commencing production in Q4 2022. The interesting feature of this analysis
relates to a different business model, which includes entering the market directly. The aim
is to assess gains from this strategic approach to the market, while taking into consideration
the increased immanent risks. Econometric analysis of electricity prices on the exchange
market has been conducted via two different tools. NNAR showed significantly better re-
sults in predicting electricity prices and was used to forecast prices for the following months.
The obtained average price is 155.4 EUR/MWh, and it could probably be a higher value if
the analysis did not cover the first half of 2021, when a spike in prices was not visible yet.

The calculated financial parameters of this project are satisfactory and in favor of pro-
ject implementation, via the business model displayed in this paper. If assumptions made
in this analysis are achieved in the mid-term, the payback period of this project will be 7.1
years. The LCOE of this project is obtained at the value of 58.89 EUR/MWHh, which is higher
than assessed by the International Renewable Energy Agency [4], and it reflects mostly in-
flation pressure and shortage of raw materials through its capital expenditures during 2022
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as well as the smaller scale of the project. Sensitivity analysis showed relative changes in the
financial parameters for this project, when the most uncertain input elements alternate. The
conclusion may be drawn that changes in electricity prices on the market significantly influ-
ence the profitability of this project; however, the values are still notably higher than in the
case of a fixed PPA contract for the investor, when PBP would be 40% longer.

The uncertainty associated with the current geopolitical situation and a shift toward
greener energy sources has induced higher prices in the markets, with expectations to prevail
at a similar level in the future. Hence, the business environment will remain in favor of a riskier
strategy —entering the market directly, as displayed in this paper, or advance power-purchase
arrangements splitting risks and gains between producers and traders in some proportion.
The described business models would improve the relatively modest returns and accelerate
changes in the energy sector towards renewable sources. Speeding up transformation pro-
cesses must be at the top of the policy and business priorities, to prevent future deterioration
of the environment as well as achieve very much-needed energy independence.

The main limitation of this paper is related to the way future electricity prices are esti-
mated, due to the extremely high uncertainty in the market. Additional limitation refers to
a high day-to-day production volatility and, therefore, an inability to pair hourly electricity
prices with the corresponding production. However, economic performance and technical
development of technological projects are always affected by uncertainties associated with
market fluctuations, which require careful consideration and appropriate risk analysis [14].
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