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Executive Summary

This report provides the updated version of the economic life cycle assessment (LCA) of the ASTEP
system due to an increase in the estimated CAPEX, operational & maintenance, labour and disposal
costs of the ASTEP system, since submission of the previous deliverable (D8.2.2 Life Cycle Cost
Assessment of ASTEP system).The subsequent life cycle costs (LCC), levelized cost of energy (LCOE),
benefit-cost ratio (BCR) and EU carbon cost savings are evaluated and economic prediction of ASTEP
system of over 30 years are estimated. The results showed that AMTP’s ASTEP system had higher
capital costs, LCC and LCOE, than MAND, which was mainly due to AMTP’s high-latitude location,
resulting in lower solar irradiance than MAND. This led to AMTP’s ASTEP system requiring a different
design, which was more expensive than the design of MAND's system. The results of this study suggest
that solar thermal systems located at sites with high latitude and low solar irradiance such as AMTP
are likely to have higher CAPEX than those installed at sites of low latitude and high solar irradiance,
such as MAND. This is supported by results in the reviewed literature, which showed that the CAPEX
of the solar thermal plants was lower at locations with high solar irradiance but greater at locations
with low solar irradiance. The BCR measures the profitability or economic feasibility of a product or
project. MAND’s ASTEP system achieved a BCR of 1.25, making it profitable, while the BCR of AMTP’s
ASTEP system is 1, meaning the system breaks even. Although the feasibility is limited in this case, the
result is better than that obtained by other solar thermal technologies, which are not currently feasible
at high latitude. The energy cost savings achieved by MAND and AMTP’s ASTEP systems were EUR
110,054 and EUR 143,827, respectively. The EU carbon cost savings of the ASTEP system when used to
supply thermal energy to the industrial processes were EUR 139,193 for MAND and EUR 119,104 for
AMTP. This resulted in total financial savings of EUR 249,248 and EUR 262,931 for MAND and AMTP’s
ASTEP system, respectively, over a period of 30 years. This shows the significant financial benefits of
the ASTEP system for industries through its energy and EU carbon cost savings, which can encourage
businesses to use the ASTEP system instead of fossil fuels to provide thermal energy for their
processes, leading to greater environmental sustainability and economic savings.

The next step was the economic prediction of ASTEP system using an artificial neural network (ANN)
model in MATLAB software. Data on the economic performance of solar thermal plants in the literature
was used to train the ANN model. This newly developed ANN model was then used to predict the LCOE
of the ASTEP system for MAND and AMTP which has a plant capacity of 25 kW as well as four other
solar thermal systems (Samples 3-6) from the literature with plant capacities ranging from 5 MW — 50
MW. The ANN model predicted LCOE of 26,88 cents/kWh, 3,30 cents/kWh, 17,71 cents/kWh and 18,59
cents/kWh for test samples 3, 4, 5 and 6, respectively, from the literature. The actual LCOE was 26,02
cents/kWh, 3,31 cents/kWh, 17,6 cents/kWh and 18.66 cents/kWh for test samples 3, 4, 5 and 6,
respectively. The prediction error for these for four test samples were very low, ranging from 0,01 —
0,86 cents/kWh. This suggests that the model is able to generalise well to unseen data and could be
used to predict the LCOE of other solar thermal plants with capacities of 5 MW — 50 MW. The ANN
model was then used to forecast the LCOE of MAND and AMTP’s ASTEP system. The model predicted
LCOE of 69 cents/kWh and 77 cents/kWh for MAND and AMTP’s ASTEP system for a period of 30 years,
respectively. The actual LCOE is 61 cents/kWh for MAND and 82 cents/kWh for AMTP’s ASTEP system.
Therefore, the prediction error between the actual and forecasted values were 8 cents/kWh for MAND
and 5 cents/kWh for AMTP’s ASTEP system. The results showed that the ANN model has a higher
prediction error when forecasting the LCOE of MAND and AMTP’s ASTEP system than the other four
solar thermal plants. This is because the model was mainly trained on plants with higher capacities of
5 MW - 50 MW as these were the data available in the literature. Therefore, it has a higher prediction
accuracy for solar thermal plants with these capacities. This emphasizes the need for more studies to
be conducted on the economic performance of smaller capacity plants of less than 1 MW. The data on
smaller capacity solar thermal plants can then be used to train ANN models, leading to higher
prediction accuracy for these plants. This study contributes to the limited literature available on the
economic prediction of solar thermal systems used for thermal energy in industrial processes.
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1. Introduction

This report presents the updated results of the economic assessment of ASTEP system for Mandrekas
(MAND) and ArcelorMittal (AMTP). The life cycle costs (LCC), levelized cost of energy (LCOE), benefit-
cost ratio (BCR) and EU carbon cost savings were evaluated. This report also focuses on the economic
prediction of the ASTEP system for both end-users, using artificial neural network (ANN) model. First,
an overview of a review of studies in the literature using machine learning techniques to predict the
economic performance of renewable energy plants, including solar thermal systems is presented. This
is followed by a review of the variables that influence the economic impact of solar thermal plants
obtained from the literature. The database of the variables used in the levelized cost of energy (LCOE)
prediction model of ASTEP is displayed in Table 6. The economic prediction methodology is presented
in the report. Finally, the multiple linear regression and LCOE prediction results of the ASTEP system
are evaluated and discussed. The limitations of the study are presented and it is recommended that
more studies in the literature should be conducted on small capacity solar thermal systems of less
than 1 MW. This will enable more data to be available to train machine learning models for small
capacity plants, resulting in higher prediction accuracy of the LCOE of these systems.

1.1. Mapping ASTEP Outputs

Table 1 presents the requirements for the Task 8.2.3 and Deliverable 8.2 as presented in the GA (left

column) and task description (left column).

Table 1. Adherence to ASTEP’s GA Deliverable & Tasks Descriptions

TASKS

Task 8.2.3 Report on Life cycle costing: Economic
prediction of ASTEP system

The present task provides the updated economic
assessment of the ASTEP system due to changes
in the operational costs (OPEX), transport, labour
and disposal costs since the previous deliverable
(D8.2.2 Life Cycle Cost Assessment of ASTEP
system) was submitted. The subsequent capital
costs, life cycle cost (LCC), levelized cost of energy
(LCOE), benefit-cost ratio (BCR) and EU carbon
cost savings of ASTEP system are evaluated and
the results included in this report.

The next part of the task is focused on the
development of an economic prediction model
for the ASTEP system using ANN model. The
report will cover the following stages: (i)
overview of ANN model (ii) literature review of
the variables that influences the economic
impact of solar thermal systems (iv) economic
prediction methodology (v) economic prediction
results. Multiple linear regression analysis of the

Sections 3 -7.

Section 2 presents the updated economic
assessment of the ASTEP system. This includes
the CAPEX, operational costs (OPEX), transport,
labour and disposal costs of ASTEP (Table 2).

Section 3 presents the economic assessment
results of the ASTEP system for MAND and
AMTP. This includes the capital costs, LCC, LCOE,
BCR and EU energy cost for both MAND and
AMTP (Figures 1-3, Tables 3-5).

Section 4 provides a summary of the review of
studies using machine learning techniques to
predict the economic performance of renewable
energy systems, including solar thermal plants.
This is followed by a review on the variables
identified in the literature that influences the
economic impact of solar thermal systems. The
database of the variables used in the LCOE

* X %
* *
* *
* *

* 4 Kk
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input variables was conducted in Excel to identify
the statistically significant variables that
influences the LCOE of the solar thermal plants.
An ANN model was developed in MATLAB to
predict the LCOE of the ASTEP solar thermal
systems for MAND and AMTP industrial
processes.

prediction model of ASTEP system (Table 6) is
also presented.

Section 5 discusses the development of the
economic prediction model. This includes the
multiple linear regression analysis to identify the
statistically significant variables influencing the
LCOE of the solar thermal plants. The
development of the ANN model Is described,
including the ANN structure (Figure 4),
prediction methodology (Figure 5). The training
and testing graphs of the model are displayed in
Figure 6.

Section 6 presents the results of the multiple
linear regression analysis (Figure 7) and the
economic prediction results of the ANN model
for the ASTEP system (Figure 8, Table 7).

Section 7 discusses the limitation of the study
and provides recommendations on improving
the number of datasets and the prediction
accuracy of the model.

DELIVERABLE

D8.2.3 Report on Life Cycle Costing: Economic
prediction model of ASTEP system for MAND
and AMTP.

Report on Life Cycle Costing update at M60.
Open report provided for all the partners

Sections 2,3 and 7.

Section 2 presents the updated economic
assessment of the ASTEP system. This includes
the operational costs (OPEX), transport, labour
and disposal costs of ASTEP (Table 2).

Section 3 presents the economic assessment
results of the ASTEP system for MAND and
AMTP. This includes the capital costs, LCC, LCOE,
BCR and EU energy cost for both MAND and
AMTP (Figures 1-3, Tables 3-5).

Section 7 discusses the limitation of the study
and provides recommendations on improving
the number of datasets and the prediction
accuracy of the model.

* X %
* *
* *
* *

* 4 Kk
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1.2 Deliverable Overview and Structure

This report presents the results of the economic assessment of ASTEP system for Mandrekas (MAND)
and ArcelorMittal (AMTP) due to changes in the estimated operational & maintenance, labour and
disposal costs of the ASTEP system, since submission of the previous deliverable (D8.2.2 Life Cycle Cost
Assessment of ASTEP system). The subsequent life cycle costs (LCC), levelized cost of energy (LCOE),
benefit-cost ratio (BCR) and EU carbon cost savings are evaluated. This report also focuses on the
economic prediction of the ASTEP system for both end-users, using artificial neural network (ANN)
model. First, a review of studies in the literature using machine learning techniques to predict the
economic performance of renewable energy plants, including solar thermal systems is presented. This
is followed by a review of the variables that influence the economic impact of solar thermal plants
obtained from the literature. The database of the variables used in the levelized cost of energy (LCOE)
prediction model of ASTEP is displayed in Table 6. The economic prediction methodology is presented
in the report. Finally, the multiple linear regression and LCOE prediction results of the ASTEP system
are evaluated and discussed. The limitations of the study are presented and it is recommended that
more studies in the literature should be conducted on small capacity solar thermal systems of less
than 1 MW. This will enable more data to be available to train machine learning models for small
capacity plants, resulting in higher prediction accuracy of the LCOE of these systems.

2. Economic assessment of ASTEP system

This section presents the updated results of the economic assessment of ASTEP system. due to an
increase in the estimated capital expenditure (CAPEX), operational costs (OPEX), transport, labour and
disposal costs of the ASTEP system since submission of the previous deliverable (D8.2.1 Life Cycle Cost
Assessment of ASTEP system). The OPEX, transport, labour and disposal costs are calculated as a
proportion of the capital expenditure (CAPEX) of the ASTEP system as explained below in section 2.1
- 2.2. The CAPEX of the ASTEP system increased due to unforeseen circumstances such as flooding at
UPM in Madrid, which damaged some of the components of the ASTEP system. This resulted in the
repurchase of some of the components of ASTEP system which increased its CAPEX. This led to the
rise in the OPEX, transportation, labour and disposal cost of the ASTEP system. This section also
includes the life cycle costs (LCC), levelized cost of energy (LCOE), EU carbon savings and benefit-cost
ratio (BCR) of ASTEP system for MAND and AMTP.

2.1  Estimated Operational Expenses (OPEX) of ASTEP system

Table 2 presents the estimated OPEX, transport, labour and disposal costs of the ASTEP system for
MAND and AMTP. The OPEX of a solar thermal system includes the water and labour costs of cleaning
of the mirrors of the solar thermal system, costs of replacing the heat transfer fluid, broken receivers
and reflector mirrors as well as the cost of energy to run the pumps, motors and controls of the system
[1]. This is because the mirrors of the solar thermal system must be cleaned periodically and the heat
transfer fluid can also leak over time, hence it may need to be replaced. The pumps, motors and the
controls of the solar thermal system may need electricity to function, hence energy will be consumed.
Old or broken components will need to be replaced as the solar thermal system is used over a period
of time. All of these costs constitute the operation and maintenance costs of the ASTEP system. The
OPEX percentage ratio calculated from the OPEX costs and total plant cost in Corona et al. [2] was
4.4% of the total plant cost which included water and energy costs of running of the solar thermal

* X %
* *
* *
* *

* 4 Kk
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plant, replacement costs of components, management and administrative expenses regarding the
operation & maintenance of the plant. This study uses 4.4% of the total capital cost as the estimated
annual OPEX cost of the ASTEP system. The estimated OPEX of ASTEP is shown in Table 2.

2.2 Estimated Transport, Labour & Disposal Costs of ASTEP system

The estimated transportation costs of the ASTEP system for each end-user is presented in Table 2. The
transportation costs for the Sundial and TES of ASTEP system was estimated as 3% of the equipment
costs as used in Corona et al. [2] in the life cycle costing of a solar thermal plant. The estimated
transportation costs for the Controls were provided by the project partner responsible for the controls
of the ASTEP system.

The labour costs include the costs of personnel in the designing, constructing and installation of the
ASTEP system. Corona et al. [2] was the only study in the reviewed literature that conducted a full life-
cycle costing (LCC) of a solar thermal plant. The labour percentage ratio was calculated using data
from Corona et al. [2] by dividing the total plant cost by its total labour cost (personnel, engineering
management & project development costs), resulting in 39% of the total plant cost. This percentage
was then used to estimate the labour costs of the ASTEP system. The dismantling & disposal (D&D)
costs include the dismantling of the ASTEP system at its end of life stage. The D&D percentage ratio
was obtained by dividing the total plant costs by the D&D costs provided in Corona et al. [2], resulting
in 3% of the total plant cost. This percentage was used in estimating the D&D costs of the ASTEP
system. The total estimated labour, OPEX, transport and D&D costs of the ASTEP system is presented
in Table 2.

Table 2. Estimated OPEX, Transport, Labour & Dismantling & Disposal Costs

Estimated Annual Estimated Transport Estimated Labour Estimated D&D
OPEX Cost Cost Cost
(€) (€) (€)

(€)

MAND AMTP MAND AMTP MAND AMTP MAND AMTP

4,565.8 6,335.8 5,984.8 6,923.8 40,469.8 56,158.5 3,113 4,320

3. Economic Assessment Results

This section presents and discusses the economic assessment results of ASTEP system for MAND and
AMTP. This includes the CAPEX, LCC, LCOE, energy cost savings, EU cost savings and BCR of the ASTEP
system for both end-users.

* X %
* *
* *
* *

* 4 Kk
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3.1  CAPEX, LCC & LCOE of ASTEP system (MAND & AMTP)

This section presents the results of the CAPEX, LCC and LCOE of the ASTEP system for both end-users.
Figure 1 shows the CAPEX of the ASTEP system which is €144,238.6 for MAND and €200,154.8 for
AMTP. Figure 2 and 3 shows the LCC and LCOE of the ASTEP system, respectively. It can be seen in
Figures 1, 2 and 3 that the CAPEX, LCC and LCOE of AMTP’s ASTEP system is greater than that of MAND.
This was due to its higher component and labour costs which can be attributed to AMTP’s greater
thermal temperature requirement of 230 °C at a high latitude, requiring a unique design of its ASTEP
system compared to MAND. AMTP’s ASTEP system required a double-axis solar tracking system to
track the sun, absorbing more of its solar irradiance to achieve its high thermal temperature for its
processes. Furthermore, two TES tanks were needed to fulfil AMTP’s thermal energy requirement to
ensure constant temperature supply. In contrast, MAND which requires a lower thermal temperature
of 175 °C for its processes is located at low latitude and receives high solar irradiance. Therefore, a
single-axis solar tracking system and only one TES tank was used for MAND’s ASTEP system, which
contributed to its lower component cost compared to AMTP. The results suggest that solar thermal
systems located at sites with low latitude and high solar irradiance are likely to have lower component
costs than those installed at sites of high latitude and low solar irradiance. This is supported by results
in the reviewed literature which showed that the CAPEX of the solar thermal power plants was lower
at locations with high solar irradiance and higher at locations with low solar irradiance [1, 2].

The CAPEX of a plant has a strong influence on its LCC and LCOE. This has been confirmed by studies
which found that the CAPEX can constitute up to four-fifth of the entire cost of a solar thermal project,
thereby having a great impact on the LCC and LCOE of the plant [3, 4]. Most of the studies in the
reviewed literature assessed the economic performance of mainly PT and ST plants using LCOE, with
only a few studies assessing LFR plants. In addition, majority of these studies focussed on solar thermal
power plants with large capacities of 50 MW and above, that generated electricity, while only a limited
number of studies assessed plants generating steam or thermal energy [5, 6]. After a thorough
literature review, no study was found that computed the LCOE or LCC of an LFR plant used for
producing thermal energy. Therefore, to the best of the authors’ knowledge, this is the first study that
has calculated the LCOE and LCC of an LFR plant, in particular a rotary Fresnel system, used for
generating thermal energy for industrial processes.

This project has received funding from the European Union’s Horizon 2020 research and
innovation programme under grant agreement No 884411.
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Figure 1. CAPEX of ASTEP system (MAND & AMTP)
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Figure 2. Life cycle cost of ASTEP system (MAND & AMTP)
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Figure 3. LCOE of ASTEP system (MAND & AMTP)

3.2 Energy Cost Savings (MAND & AMTP)

The electricity cost savings of MAND and AMTP is the cost savings achieved when thermal energy from
the ASTEP system is used to replace some of their grid electricity consumption for their processes. The
LPG cost savings of MAND is the cost savings achieved when thermal energy from the ASTEP system
is used to replace some of MAND’s LPG consumption. It can be seen in Table 3 that when the ASTEP
system is applied to the processes of the end-users, AMTP’s energy cost savings is greater than MAND.
All the energy (27.8 MWh) produced by the ASTEP system was used for the heating demand of AMTP’s
process. In contrast, half of the energy (13.9 MWh) of MAND’s ASTEP system was used for some of
their heating demand and the other half used for some of the cooling demand of their processes.
MAND uses LPG and electricity to meet the heating and cooling demand of their processes,
respectively. The results in Table 4 shows that when electricity and LPG consumption is replaced by
thermal energy supplied by the ASTEP system, the system provides total energy cost savings of
€110,054 for MAND and €143,827 for AMTP over a period of 30 years.

Table 3. Energy Cost Savings (MAND & AMTP)

MAND’s Energy Cost Savings AMTP’s Energy Cost
Savings
Electricity LPG Total Electricity
€47,936 €62,118 €110,054.4 €143,827

This project has received funding from the European Union’s Horizon 2020 research and
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33 EU Carbon Cost Savings (MAND & AMTP)

The EU carbon cost savings of the ASTEP system is the amount of carbon cost savings achieved when
ASTEP is applied to MAND and AMTP’s industrial processes over a period of 30 years and the results
are shown in Table 4. The annual energy production of ASTEP used in the calculations is 27.8 MWHh,
obtained from Abbas et al. [28]. For the annual GHG emissions reduction of MAND’s ASTEP system, it
was assumed that half the energy capacity of the ASTEP system (13.9 MWh) is used for the heating
demand and the other half (13.9MWh) is used towards the cooling demand of MAND’s processes. The
carbon intensity used for LPG is 0.22kgCO,/kWh [29] and the carbon intensity used for electricity in
Greece is 479.2gC0,/kwh (D3.3-D5.1 Design of the daily and yearly operation for AMTP & MAND [30]).
These figures were used to calculate the annual GHG emissions reduction of MAND’s ASTEP system.
For the annual GHG emissions reduction of AMTP’s ASTEP system, it was assumed that all the energy
capacity of the ASTEP system (27.8MWh) is used for the heating demand of AMTP’s processes and
used to replace some of the heat from the inductor heater which is powered by electricity. The carbon
intensity used for electricity in Romania is 299.5gC0O,/kwh [30] and this was used to calculate the
annual GHG emissions reduction of AMTP’s ASTEP system. It can be seen from the results in Table 4
that MAND achieved higher EU carbon cost savings than AMTP. This was due to the higher annual
GHG emissions reduction achieved by MAND’s ASTEP system as the carbon intensity of grid electricity
in Greece is higher than Romania.

Table 4. EU Carbon Cost Savings (MAND & AMTP)

Annual GHG emissions reduction EU Carbon Cost Savings
(tonnes of CO, equivalent) (€)
MAND 9.7 69,596.72
AMTP 8.3 59,551.84

3.4  Total Financial Savings of ASTEP system (MAND & AMTP)

The total financial savings of the ASTEP system when applied to MAND and AMTP’s industrial
processes is presented in Table 5. The total financial savings consists of the energy and EU carbon cost
savings over a period of 30 years which is the estimated lifespan of the ASTEP system. According to
the rules of the EU ETS, MAND and AMTP can avoid paying the EU carbon costs by using a renewable
energy system such as the ASTEP system to provide thermal energy for their processes instead of fossil
fuel (grid electricity, natural gas or LPG). If an organization reduces their emissions, the EU ETS allows
them to either keep the spare allowances to use in the future or to sell them. Therefore, MAND and
AMTP can choose to sell their spare allowances which will result in double EU carbon cost savings.
Therefore, the EU carbon cost savings for MAND and AMTP has been doubled as it is assumed that
MAND and AMTP will sell their spare allowances. It can be seen that AMTP’s ASTEP system achieved
higher total financial savings than MAND which can be attributed to its higher energy cost savings.
The results in Table 5 shows that the ASTEP system provides significant economic benefits to MAND
and AMTP, when it’s used to replace electricity and LPG consumption in their industrial processes over
a period of 30 years.
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Table 5. Total financial savings of ASTEP system (MAND & AMTP)

Types of Savings MAND AMTP
Energy Cost Savings EUR 110,054.4 EUR 143,827
EU Carbon Cost Savings EUR 139,193.44 EUR 119,103.68
Total Financial Savings EUR 249,247.84 EUR 262,930.68

3.5. BCR of ASTEP system (MAND & AMTP)

The BCRis used to assess the economic feasibility of a project or technology and to determine whether
and to what extent its benefits outweigh its costs. This ratio is calculated as the total present value of
benefits divided by the total present value of costs [8]. A BCR value greater than 1, means that the
system’s financial benefit is higher than its cost and is therefore profitable. A BCR value of 1 means
the system’s financial benefit is equal to its costs and therefore the system breaks even. MAND’s
ASTEP system is more profitable than AMTP’s ASTEP system as it achieved a BCR of 1.25 compared to
1 for AMTP. AMTP’s ASTEP system achieved higher financial savings than MAND, however, its higher
LCC resulted in it having a lower BCR than MAND’s ASTEP system. This shows the importance of
reducing the LCC of a solar thermal plant, in order to improve its profitability. The results from this
study indicate that solar thermal systems located in high latitude regions with low solar irradiance are
likely to be more expensive resulting in lower BCR values and less profitability than plants located in
low latitude regions with high solar irradiance. However, up to the moment there has not been
reported any commercial solar technology able to reach a BCR equal to 1 at high latitude. Thus, ASTEP
can be a promising solution to decarbonise industry at these regions.

There were limited studies in the reviewed literature that used the BCR metric to assess the economic
performance of solar thermal plants. This is confirmed by Gobio-Thomas et al. [7] who investigated
the economic assessment of solar thermal plants and found that BCR was one of the least used metrics
in the financial evaluation of solar thermal plants. There were only two studies found that used BCR
in the financial assessment of solar thermal plants and these were based on ST and PT plants used for
electricity generation [8, 9]. There were no studies that calculated the BCR of a linear or rotary Fresnel
plant used to generate thermal energy. Therefore, to the best of the authors’ knowledge, this is the
first study that has calculated the BCR of a rotary Fresnel solar thermal system used to produce
thermal energy for industrial processes at different latitudes.

This project has received funding from the European Union’s Horizon 2020 research and
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4.  Economic prediction of ASTEP system using machine learning
techniques

This section presents a review of the studies conducted in the literature on the use of machine learning
techniques in the economic assessment of renewable energy systems, including solar thermal
systems. The variables identified in the literature influencing the economic impact of solar thermal
systems are provided and discussed. The database of the variables used in the economic prediction
model of ASTEP system is then presented in Table 6.

4.1  The use of machine learning in predicting economic performance of renewable
energy systems

A number of studies have been conducted on applying machine learning (ML) techniques in predicting
the economic performance of renewable energy systems including solar thermal systems. Queen et
al. [10] used machine learning multi-linear regression and polynomial regression models of order 3, 4
and 5 to predict the voltage stability of renewable energy systems (RES) as well as the cost of energy
purchased from the grid. The results showed that the 4th order polynomial regression model achieved
R2 values greater than 0.9 and the maximum percentage error between the actual and predicted cost
of energy ranged from 7-10%. The results indicated that the model is suitable to predict the voltage
stability of the system and the cost of energy purchased from the grid. Ji et al. [11] used several ANN
models and algorithms to predict the levelized cost of energy (LCOE), annual energy generation (AEG)
and solar-electricity efficiency (n) of a 100MW solar tower plant. The ANN models and algorithms used
were Multilayer Perceptron (MLP), Support Vector Machine, Recurrent Neural Network and Long
Short-Term Memory network. The results showed that the root mean square error (RMSE) value for
the MLP model was significantly lower than that of other models, therefore the MLP model was used
for the predictions. The percentage error between the calculated and predicted LCOE values of the
MLP model ranged from 0.01% to 1.67%. The AEG and n disparities ranged from 0.01% to 2.45%. These
values indicate that the model is able to predict the LCOE, AEG and n values with a high level of
accuracy. The predicted values of the MLP models were in good agreement with the calculated values
by SAM software, and the low error values and high R? values of 0.999 confirm the validity and
reliability of the MLP models [11].

Ouali et al. [12] used an artificial neural network MLP model to predict the levelized cost of heat
(LCOH) of a 5 MWy, parabolic trough plant in six different Moroccan cities. The MLP model achieved
very low errors with RMSE of 0.0071 and the coefficient of variance of 0.1852. It also achieved a high
coefficient of determination value, R? of 0.99999 during the training process. The percentage error in
LCOH values between the simulated data and the MLP model across six different Moroccan cities,
ranged from 0.01% to 4.07%, confirming the reliability of the MLP model for predicting LCOH of the
parabolic trough plant. Boukelia et al. [13] used ANN algorithm with feed-forward back-propagation
learning algorithm and Levenberge Marguardt variant to predict the LCOE and optimize the techno-
economic performance of two 50 MW parabolic trough solar thermal power plants integrated with
thermal energy storage (TES) and fuel backup system (FBS). Different heat transfer fluids are used for
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each solar thermal plant; a thermic oil of type Therminol VP-1 is used in the first configuration, and
molten solar salt in the second one. The selected ANN model achieved a R of 0.9997, RMSE of 0.0428
and mean percentage error of 0.1217, indicating an acceptable accuracy. The percentage errors
between the calculated values of LCOE and those obtained by SAM software of the optimal designs,
varied between 7.78% for thermic oil plant and 11.39% for the molten salt plant.

A review of the studies in the literature showed that these studies used ML techniques to mainly
predict the economic performance of large capacity plants ranging from 19.9 MW — 100 MW and
based on PT and ST technology producing electricity. There was only one study found in the reviewed
literature that predicted the economic performance of an LFR plant. However, it was a large capacity
plant of 19.9 MW used for electricity generation. To the best of the authors’ knowledge, there were
limited studies on the prediction of the economic performance of LFR plants used to produce thermal
energy. This highlights the need for studies to be focussed in this area.

4.2  Variables that influences the economic impact of solar thermal plants

A number of studies in the literature have identified variables that influences the economic
performance of solar thermal plants. These variables include the direct normal irradiation (DNI), plant
capacity, annual energy generated (AEG), capital costs, annual operation & maintenance (O&M) costs,
plant lifespan and discount rate. Studies have found that the LCOE is influenced by its DNI values [8,
14, 15]. Islam et al. [14], Soomro et al. [15] and Agyekum & Velkin [4] calculated the LCOE values of
solar thermal plants with similar plant capacities at locations with different DNI values. The results
showed that the plants situated at locations with high DNI values had lower LCOE than those located
in places with low DNI values. Zhao et al. [16] also stated that higher DNI results in increased electricity
generation of the plants, leading to lower LCOE. Hirbodi et al. [17] identified the plant capacity as one
of the parameters that influences the LCOE of a solar thermal plant. The authors stated that the value
of the LCOE is strongly dependent on the plant capacity and found that an increase in plant capacity
resulted in decrease in LCOE due to the reduction of specific installed costs especially for larger solar
thermal plants. Qoaider & Ligreina [18] also reported similar findings. Krishnamurthy et al. [1],
Belgasim et al. [19] and Shafiee et al. [8] state that the capital cost and annual operation &
maintenance (0O&M) costs are some of the factors used to calculate the LCOE and therefore influences
its value. Belgasim et al. [8] identifies the AEG as one of factors used to calculate the LCOE and
influences its value. Studies by Purohit & Purohit [20], Trabelsi et al. [21] and Islam et al. [14] found
that as the AEG increased, the LCOE reduced for all the solar thermal plants used in the studies.
Krishnamurthy et al. [1] and Islam et al. [14] identify that the plant lifespan and discount rate are some
of the factors used to calculate the LCOE and therefore influences its value. Zhao et al. [16] states that
the discount rate is one of the most important input parameters for calculating the LCOE as it considers
the time value of money, the risk of the investment, and reflects the risk-adjusted opportunity cost of
capital. These variables identified in the literature as influencing factors, were used in the database as
shown in Table 6 for the economic prediction of the ASTEP system.
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Table 6. Database of variables used in the LCOE prediction model

References Plant DNI Capital costs | AEG Life span | Discount LCOE
capacity (kwh/m2yr) (Euros) (GWh) (vears) rate (cent/kwh)
(Mw)

(%) Euros
Trabelsi et al. 50 21709 251583000 | 136.8 30 0.1 18.28
[21]
Trabelsi et al. 50 2052 269372000 | 142.4 30 0.1 18.55
[21]
Shafiee et al. 50 2635.3 709300000 | 456.3 25 0.0814 14.29
(8]
Belgasimetal. | 50 1990 365240000 | 175 30 0.0814 21.28
[19]
Soomro et al. 50 1992.9 533382200 | 209.8 30 0.0814 10.21
[15]
Soomro et al. 50 1923.55 533382200 | 142 30 0.0814 14.14
[15]
Soomro et al. 50 1857.85 533382200 | 113.5 30 0.0814 18.28
[15]
Soomro et al. 50 1883.4 533382200 | 124.1 30 0.0814 17.02
[15]
Soomro et al. 50 1992.9 377295200 | 133.25 | 30 0.0814 3.68
[15]
Soomro et al. 50 1923.55 377295200 | 89.54 30 0.0814 5.47
[15]
Soomro et al. 50 1857.85 377295200 | 70.98 30 0.0814 6.9
[15]
Soomro et al. 50 1883.4 377295200 | 75.83 30 0.0814 6.46
[15]
Soomro et al. 50 1992.9 280633300 | 119.85 | 30 0.0814 14.74
[15]

i* 4 **
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Soomro etal. | 50 1923.55 280633300 | 84.57 | 30 0.0814 20.76
[15]

Soomro etal. | 50 1857.85 280633300 | 67.32 | 30 0.0814 26.02
[15]

Soomro etal. | 50 1883.4 280633300 | 71.39 | 30 0.0814 24.54
[15]

Soomroetal. |5 1992.9 13057120 | 8.9 30 0.0814 2.98
[15]

Soomroetal. |5 1923.55 13057120 | 6.29 30 0.0814 331
[15]

Soomroetal. |5 1857.85 13057120 | 5.42 30 0.0814 3.87
[15]

Soomroetal. |5 1883.4 13057120 | 5.855 | 30 0.0814 3.58
[15]

Krishnamurthy | 50 2500 273220000 | 210 25 0.1 16.54
et al. [1]

Islam et al. 10 2063 36000000 |28.09 | 30 0.1 16.1
[14]

Islam et al. 10 1976 36000000 |26.91 | 30 0.1 16.9
[14]

Islam et al. 10 1941 36000000 | 26.43 |30 0.1 17.2
[14]

Islam et al. 10 1893 36000000 | 25.78 | 30 0.1 17.6
[14]

Islam et al. 10 1864 36000000 | 25.38 | 30 0.1 18
[14]

Islam et al. 10 1830 36000000 |24.91 |30 0.1 18.2
[14]

Islam et al. 10 1818 36000000 |24.75 |30 0.1 18.4
[14]

* X %
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Islam et al. 11 2063 35000000 | 25.55 |30 0.1 17.4
[14]

Islam et al. 11 1976 35000000 | 24.47 |30 0.1 18.03
[14]

Islam et al. 11 1941 35000000 | 24.04 |30 0.1 18.45
[14]

Islam et al. 11 1917 35000000 | 23.74 | 30 0.1 18.66
[14]

Islam et al. 11 1900 35000000 | 23.53 | 30 0.1 18.87
[14]

Islam et al. 11 1864 35000000 | 23.08 | 30 0.1 19.08
[14]

Islam et al. 11 1851 35000000 | 22.92 | 30 0.1 19.29
[14]

Islam et al. 11 1830 35000000 | 22.66 | 30 0.1 19.49
[14]

Islam et al. 10 2063 80000000 | 16.72 | 30 0.1 40.88
[14]

Islam et al. 10 1976 80000000 | 16.01 | 30 0.1 42.56
[14]

Islam et al. 10 1941 80000000 | 15.73 | 30 0.1 43.39
[14]

Islam et al. 10 1917 80000000 | 15.53 | 30 0.1 44.02
[14]

Islam et al. 10 1900 80000000 | 15.39 | 30 0.1 44.44
[14]

Islam et al. 10 1889 80000000 | 15.3 30 0.1 44.65
[14]

Islam et al. 10 1864 80000000 | 15.1 30 0.1 45.28
[14]
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Islam et al. 10 1844 80000000 | 14.94 | 30 0.1 45.7
[14]

Islam et al. 10 1839 80000000 | 14.9 30 0.1 45.91
[14]

Islam et al. 10 1818 80000000 | 14.73 | 30 0.1 46.33
[14]

Islam et al. 10 1803 80000000 | 14.61 | 30 0.1 46.75
[14]

Sauetal. [22] | 50 1936 233503000 | 144.61 | 15 0.075 22
Boukeliaetal. | 19.9 2500 592970000 | 129.26 | 25 0.082 15.45
[23]

Boukeliaetal. | 19.9 2500 187590000 | 120.48 | 25 0.082 16.87
[23]

Hakimi et al. 50 1935 362403000 | 176.81 | 25 0.1 9.4
[24]

Salisu et al. 50 1912.6 347550000 | 177 25 0.1 15.27
[25]

Bellos et al. 48 2496.6 332400000 | 210.34 | 25 0.0765 3.23
[26]

Aseri et al. 50 1923.55 172904000 | 221.3 | 30 0.1 9.85
[27]

Aseri et al. 50 1923.55 193803000 | 208.5 | 30 0.1 11.72
[27]

Aseri et al. 50 1923.55 151650000 | 223.5 | 30 0.1 8.6
[27]

Aseri et al. 50 2054.95 175350000 | 222.8 | 30 0.1 9.95
[27]

Aseri et al. 50 2054.95 197110000 | 207.9 | 30 0.1 11.95
[27]

Aseri et al. 50 2054.95 160600000 | 234.5 | 30 0.1 8.61
[27]

* X %
* *
* *
* *

* 4 Kk

This project has received funding from the European Union’s Horizon 2020 research and
innovation programme under grant agreement No 884411.

Page 22 of 36



N D8.2.3 Report on Life Cycle Costing: Economic Prediction Model of ASTEP

MAND ASTEP | 0.5 1783 144238.6 0.0278 | 30 0.075 61
AMTP ASTEP | 0.43 1497 200154.8 0.0278 | 30 0.075 82
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5. Economic Predictive Model Methodology

This section discusses the development of the economic prediction model. This includes the multiple
linear regression analysis to identify the statistically significant variables influencing the LCOE of the
solar thermal plants. It also describes development of the ANN predictive model, including the ANN
structure (Figure 4) and the prediction methodology (Figure 5). The training and testing graphs of the
ANN model are displayed in Figure 6.

5.1  Multiple Linear Regression

Multiple linear regression analysis of the input variables was conducted using analysis of variance
(ANOVA) in Excel software (Microsoft, Washington) to identify the statistically significant variables
that influences the LCOE of the solar thermal plants. The variables selected in Table 6 have been
reported in the literature to have an impact on LCOE of the solar thermal plants. These variables
include the plant capacity, direct normal irradiation (DNI), annual energy generated, capital costs,
plant lifespan, discount rate. Table 6 presents the database of the variables used in the LCOE
prediction model. The ANOVA function was used to assess the independent variables that significantly
impact the LCOE of the plants. The statistically significant confidence level was set at 95%. Therefore,
if the p-value < 0.05, the variable is statistically significant. Conversely, if the p-value > 0.05, the
variable is not statistically significant and is not a strong predictor of the LCOE of the plants.

5.2 ANN Model

The development of the ANN model was performed using MATLAB R2022a (MathWorks, Portola
Valley, California). Neural network regression model was developed to predict the LCOE of the ASTEP
solar thermal systems for MAND and AMTP industrial processes for a period of 30 years. The ANN
structure for the model is displayed in Figure 4 and the prediction methodology is shown in Figure 5.
The compiled dataset shown in Table 6 was uploaded into MATLAB and hyperparameters such as the
number of hidden layers, number of neurons in the hidden layer, number of epochs and training
algorithm were selected. The ANN structure used in this study comprised of 6 inputs with 1 hidden
layer. The dataset was split into a training set and a test set using a random non-stratified partition
with an 80% - 20% split. An MLP network with hyperbolic tangent sigmoid transfer functions and
automated regularisation was used for the ANN model. The number of hidden layers and neurons
selected for the ANN model was determined by trial and error during simulations, which showed that
1 hidden layer with 4 neurons prevented overfitting and achieved higher accuracy level of the
prediction results. In this modelling problem, a large number of hidden neurons will increase the risk
of overfitting. The maximum number of training epochs was set to 1000, but the model was trained
until it reached convergence. The root means square error (RMSE) value for the training data was 3.45
as shown in Figure 6a and the RMSE value of the test data was 4.27. It can be seen in Figure 6b that
the model is able to generalize well to unseen data with good prediction accuracy. The model was
mainly trained on plants with capacities of 5 MW — 50 MW as these were the data available in the
literature. Therefore, the model was able to predict the LCOE values of unseen solar thermal plants of
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5 MW — 50 MW with high prediction accuracy. The trained regression neural network was used to
predict the LCOE of the ASTEP system for each end-user, MAND and AMTP.

Inputs Output Layer

Plant Capacity

Direct Normal Irradiance

Plant Lifespan
Levelized Cost of Energy

Energy Generation

Capital Costs

Discount Rate

Figure 4. ANN for the economic prediction model

Select no. of neurons for
each hidden layers

Datasets ANN Model Set maximum no. of
epochs
Select training algorithm If optimal
model fitting
is not
the
parameters
are adjusted
iteratively
until optimal
fitting is
achieved.
Use model to predict levelized cost of energy C::};:‘.tlir:gal
of ASTEP System Achieved

Figure 5. Prediction methodology
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6. Economic Prediction Model Results

This section presents the results and discussion of the multiple linear regression analysis of the input
variables of the ANN model as well as the ANN model prediction results for the test set.

6.1  Multiple Linear Regression Results

Multiple linear regression analysis was conducted on the input variables of the whole dataset used in
the ANN model. The results showed that the statistically significant variables for 95% confidence level
are the plant capacity and the DNI which have P < 0.05 as presented in Figure 7. This indicates that the
plant capacity and the DNI of where the solar thermal plant is located have a stronger influence on
the LCOE of the plant compared to the other input variables of the ANN model. This result is supported
by several studies in the literature which have found that the DNI value of a plant’s location influences
the LCOE of the solar thermal plant [4, 8, 14, 15]. Agyekum & Velkin [4], Islam et al. [14] and Soomro
et al. [15] calculated the LCOE values of solar thermal plants with similar plant capacities, but at
locations with different DNI values. The results showed that the plants situated at locations with high
DNI values had lower LCOE than those located in places with low DNI values. Zhao et al. [16] also
stated that higher DNI results in increased energy generation of the plants, leading to lower LCOE.
Hirbodi et al. [17] and Qoaider & Ligreina [18] identified the plant capacity as one of the parameters
that influences the LCOE of a solar thermal plant. The authors stated that the LCOE value is strongly
dependent on the plant capacity and found that an increase in plant capacity resulted in decrease in
its LCOE due to the reduction of specific installed costs especially for larger solar thermal plants. The
findings in the literature corroborates the results of the multiple linear regression analysis in this study
which shows that the plant capacity and DNI value have a significant influence on the LCOE of solar
thermal plants.
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Figure 7. Multiple linear regression results of model's input variables

6.2  ANN model prediction for the test set

Figure 8 shows the predicted responses for the test set of the model. The model was tested using 6
samples as presented in Table 7; Sample 1 is MAND ASTEP system, Sample 2 is AMTP ASTEP system,
Samples 3-6 are different solar thermal plants obtained from the reviewed literature. It can be seen
from Figure 8 that most of the predicted LCOE values of the model are close to the actual LCOE values
in the test sets. Table 7 shows the actual and predicted LCOE of the six test samples. The actual LCOE
of the solar thermal system for Sample 3 and 4 in Table 7, were collected from the economic
assessment results of 5 MW and 50 MW plants conducted by Islam et al. [14]. The actual LCOE of the
solar thermal system for Sample 5 and 6, were collected from the economic assessment results of 10
MW and 11 MW plants conducted by Soomro et al. [15]. As seen in Table 7, the prediction
error/residuals for the 4 unseen solar thermal plants (Samples 3-6) were very low, ranging from 0.01
- 0.86 cents/kwh. This suggests that the model is able to generalise well to unseen data and could be
used to predict the LCOE of other solar thermal plants with capacities of 5 MW — 50 MW.

The actual LCOE values of MAND’s ASTEP system (Sample 1) and AMTP’s ASTEP system (Sample 2)
were calculated in Excel software. The ANN model predicted LCOE values of 69 cents/kWh and 77
cents/kWh for MAND and AMTP’s ASTEP system for a period of 30 years, respectively. The actual LCOE
is 61 cents/kWh for MAND and 82 cents/kWh for AMTP’s ASTEP system. Therefore, the difference in
the actual and predicted values 8 cents/kWh for MAND’s ASTEP system and 5 cents/kWh for AMTP’s
ASTEP system. This suggests that the model is able to predict the LCOE of MAND and AMTP with a
lower prediction accuracy. This is because the model was mainly trained on plants with capacities of
5 MW —50 MW as these were the data available in the literature. Therefore, it has a higher prediction
accuracy for solar thermal plants with these capacities. This highlights the need for more studies to be
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conducted on the economic performance of smaller capacity plants of less than 1 MW. This would
enable the ANN model to be trained using data from these smaller capacity plants, resulting in higher
prediction accuracy for these plants.
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Figure 8. ANN model predictions for test set
Table 7. Actual & Predicted LCOE of test set
References Actual LCOE Predicted LCOE Residuals
(Euro cents/kWh) (Euro cents/kWh) (Euro cents/kWh)
Sample 1 (MAND) 61 69 8
Sample 2 (AMTP) 82 77 5
Sample 3 26.02 26.88 0.86
Sample 4 3.31 3.30 0.01
Sample 5 17.6 17.71 0.11
Sample 6 18.66 18.59 0.07
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7. Assumptions and Limitations

The limitation of the study is the number of datasets used to train the ANN model, of which most of
this data was from large capacity plants of 5 MW — 50 MW. It is recommended that more studies in
the literature should be conducted on small capacity solar thermal systems of less than 1 MW. This
will increase the amount of data available to train ML models for small capacity plants, resulting in
higher prediction accuracy of the LCOE of these systems.

8. Conclusion

This report provides the results of the economic life cycle assessment (LCA) of the ASTEP system. The
results showed that AMTP’s ASTEP system had higher capital costs, LCC and LCOE, than MAND, which
was mainly due to AMTP’s high-latitude location, resulting in lower solar irradiance than MAND. This
led to AMTP’s ASTEP system requiring a different design, which was more expensive than the design
of MAND’s system. The results of this study suggest that solar thermal systems located at sites with
high latitude and low solar irradiance such as AMTP are likely to have higher CAPEX than those
installed at sites of low latitude and high solar irradiance, such as MAND. This is supported by results
in the reviewed literature, which showed that the CAPEX of the solar thermal plants was lower at
locations with high solar irradiance but greater at locations with low solar irradiance. The BCR
measures the profitability or economic feasibility of a product or project. MAND’s ASTEP system
achieved a BCR of 1.25, making it profitable, while the BCR of AMTP’s ASTEP system is 1, meaning the
system breaks even, which can be considered as promising as it is a plant located at high latitude
where other technologies cannot operate. The energy cost savings achieved by MAND and AMTP’s
ASTEP systems were EUR 110,054 and EUR143,827, respectively. The EU carbon cost savings of the
ASTEP system when used to supply thermal energy to the industrial processes were EUR 139,193 for
MAND and EUR 119,104 for AMTP. This resulted in total financial savings of EUR 249,248 and EUR
262,931 for MAND and AMTP’s ASTEP system, respectively, over a period of 30 years. This shows the
significant financial benefits of the ASTEP system for industries through its energy and EU carbon cost
savings, which can encourage businesses to use the ASTEP system instead of fossil fuels to provide
thermal energy for their processes, leading to greater environmental sustainability and economic
savings.

Next was the economic prediction of ASTEP system using ANN model. The newly developed ANN
model was used to predict the LCOE of the ASTEP system for MAND and AMTP which has a plant
capacity of 25 kW as well as four other solar thermal systems (Samples 3-6) from the literature with
plant capacities ranging from 5 MW — 50 MW. The ANN model predicted LCOE of 26.88 cents/kWh,
3.30 cents/kWh, 17.71 cents/kWh and 18.59 cents/kWh for test samples 3, 4, 5 and 6, respectively,
from the literature. The actual LCOE was 26.02 cents/kWh, 3.31 cents/kWh, 17.6 cents/kwh and 18.66
cents/kwh for test samples 3,4, 5 and 6, respectively. The prediction error for these for four test
samples were very low, ranging from 0.01 — 0.86 cents/kWh. This suggests that the model is able to
generalise well to unseen data and could be used to predict the LCOE of other solar thermal plants
with capacities of 5 MW — 50 MW.
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The ANN model was then used to forecast the LCOE of MAND and AMTP’s ASTEP system. The model
predicted LCOE of 69 cents/kWh and 77 cents/kWh for MAND and AMTP’s ASTEP system for a period
of 30 years, respectively. The actual LCOE is 61 cents/kWh for MAND and 82 cents/kWh for AMTP’s
ASTEP system. Therefore, the prediction error between the actual and forecasted values were 8
cents/kWh for MAND and 5 cents/kWh for AMTP’s ASTEP system. The results showed that the ANN
model has a higher prediction error when forecasting the LCOE of MAND and AMTP’s ASTEP system
than the other four solar thermal plants. This is because the model was mainly trained on plants with
higher capacities of 5 MW — 50 MW as these were the data available in the literature. Therefore, it
has a higher prediction accuracy for solar thermal plants with these capacities. This emphasizes the
need for more studies to be conducted on the economic performance of smaller capacity plants of
less than 1 MW. The data on smaller capacity solar thermal plants can then be used to train ANN
models, leading to higher prediction accuracy for these plants. This study contributes to the limited
literature available on the economic prediction of solar thermal systems used for thermal energy in
industrial processes.
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