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• A case study on an efficient poly
generation system using solar and 
geothermal energy.

• Green multi-generation for power, 
heating, cooling, hydrogen, and 
freshwater.

• Energy and exergy analyses, showing 
high efficiency and performance.

• LSTM forecasting of solar irradiance for 
reliable system planning.

• Grey wolf optimization and uncertainty 
analysis using Monte Carlo.
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A B S T R A C T

Global warming and fossil fuel supply limitations highlight the need for sustainable energy options. Renewable- 
based systems provide a path to carbon neutrality but face reliability challenges due to intermittency. This study 
investigates Tenerife Island’s potential for integrating solar and geothermal energy. A novel hybrid system is 
proposed, combining concentrated solar power, geothermal energy resources, with a system comprised of the 
following components: a supercritical CO₂ cycle, a lithium bromide-water absorption cooling system, a multi- 
effect desalination unit, a three-stage organic Rankine cycle and a proton exchange membrane electrolyzer. 
This system produces electricity, heating, cooling, freshwater, and hydrogen, achieving baseline energy and 
exergy efficiencies of 62 % and 17, respectively. The system’s production rates are 7844 kW power, 4416 kW 
cooling, 6848 kW heating, 22.6 kg/h hydrogen, and 20.7 m3/h freshwater. Optimization using the grey wolf 
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algorithm enhances the energy efficiency by 21 %, the exergy efficiency by 38 %, and the hydrogen production 
rate by 18 %. Solar energy forecasting employs direct normal irradiance data (2005–2024) with seq2seq long 
short-term memory predictions up to 2030. A forward uncertainty analysis using Monte Carlo simulations reveals 
that cooling capacity, exergy destruction rate, and net power production are most sensitive to fluctuations in 
direct normal irradiance, with coefficients of variation (CV) ranging from 4.4 % to 4.5 %, while energy and 
exergy efficiencies exhibit minimal coefficient of variation (CV < 0.1 %).

1. Introduction

The link between population growth, urbanization, and rising energy 
demand has major environmental consequences, especially in terms of 
increased CO2 emissions and changes to global climate patterns. [1]. 

Moreover, fossil fuel reservoirs are limited, and they will become 
increasingly depleted over time [2]. The growing demand for energy, 
coupled with the need to reduce emissions, has driven humanity to 
accelerate the transition to renewable energy sources and improve the 
efficiency of energy systems [3]. To improve system efficiency, one 
strategy can involve implementing polygeneration (often referred to as 

Nomenclature

A Area (m2)
ABS Absorber
BFR Brine flow ratio
BHI Beam horizontal irradiance (W/m2)
COND Condenser
CSP Concentrated solar power
D Thickness of membrane (m)
DHI Diffuse Horizontal Irradiance (W/m2)
DNI Direct normal irradiance (W/m2)
DWH District water heating
Ė Exergy rate (kW)
EVA Evaporator
F Faraday constant
G Gibbs free energy (kJ/kmol)
GEN Generator
GHI Global horizontal irradiance (W/m2)
h Specific enthalpy (kJ/kg)
H2 Hydrogen
HEX Heat exchanger
HTR High temperature recuperator
J Current density (A/m2)
LSTM Long short-term memory
LTR Low temperature recuperator
ṁ Mass flow rate (kg/s)
MC Main compressor
MED-MVC Multi-Effect Desalination, Mechanical Vapor 

Compression
N Number of heliostats
ṅ Molar flow rate (kmol/s)
O2 Oxygen
ORC Organic Rankine cycle
P Pressure (bar)
PEM Proton exchange membrane
PD Pressure drop (%)
PR Pressure ratio
Q̇ Heat transfer rate (kW)
R Ohmic resistance (Ω)
RC Re-compressor
RMSE Root mean wquare error (%)
s Specific entropy (kJ/kgK)
S Salinity
s-CO2 Supercritical CO2
SHE Solution heat exchanger
SR Split ratio
T Temperature (K)

TEG Thermoelectric generator
TTD Terminal temperature difference (K)
TUR Turbine
V Cell potential, voltage (volt)
Ẇ Electrical power (kW)
X LiBr mass fraction (%)
yd Exergy destruction ratio (%)
ZTm Efficiency of thermoelectric material

Greek symbols
Δ Difference
ηI Energy efficiency (%)
ηII Exergy efficiency (%)
ℇ Effectiveness (%)
λ Hydration factor
σ(x) Local ionic conductivity of PEME membrane (S/m)

Subscripts
0 Dead state, at ambient T and P
an Anode
att Atmospheric attenuation
ca Cathode
ch Chemical
cos Cosine effect
D Destruction
e Outlet
F Fuel exergy
H High
hel Heliostat
i Inlet
int Interception
is Isentropic
k kth component
L Low
min Minimum
P Product exergy
ph Physical
PP Pinch point
rec Receiver
ref Reference
refl Reflectivity of heliostat
s&b Shading and blocking
sol Solution
ss Strong solution
th Thermomechanical
ws Weak solution

A.S. Kalan et al.                                                                                                                                                                                                                                Applied Energy 401 (2025) 126640 

2 



multigeneration) energy systems, including combined heat and power 
(CHP), combined cooling, heating, and power (CCHP) systems [4], as 
well as systems that produce additional outputs such as freshwater [5] 
while ensuring the effective use of subsystems. Additionally, the stra
tegic implementation of waste heat recovery (WHR) technology, 
including the incorporation of novel thermoelectric generator (TEG) 
technology during the establishment of the energy systems, is poten
tially beneficial. Various efficient cycles can serve as subsystems, 
including organic Rankine cycles [6], supercritical CO2 cycles [7], 
Kalina cycles [8], gas turbine cycles [9], and desalination systems for 
freshwater production. There are several renewable energy sources that 
can drive energy systems, including solar, wind, geothermal [10], 
biomass, and hydropower [11]. Solar-based energy systems, which 
include concentrated solar power (CSP) systems [12] and photovoltaic 
solar panels [13], along with wind turbines, hydropower, and 
geothermal systems, can be collectively referred to as clean energy 
systems. These systems have the potential to achieve net-zero emissions 
[14].

Many studies rely on a single renewable energy source. Jin et al. [15] 
conducted a solar-powered CHP system that incorporates an organic 
Rankine cycle and a heat pump. Using a composite sustainability index, 
they found that a 75 % heat distribution scenario achieved the best 
performance. Sensitivity analysis showed strong links between solar 
input and emission reductions, and between electricity prices and cost 
savings. Ghorbani [16] developed a geothermal CCHP system with 
Kalina cycle, organic Rankine cycle and ejector refrigeration. Using 
TOPSIS optimization, the study found a thermal efficiency of about 23 % 
and a cost of $45,900 per year at 490 K. Higher heat source temperatures 
and ammonia concentrations reduce efficiency and raise costs.

Relying on a single renewable energy source can be effective but 
poses sustainability challenges. A more sustainable, zero-emission en
ergy system can be achieved through hybrid renewable sources. Fu et al. 
[3] investigated a hybrid solar-wind system integrated with liquid CO₂ 
energy storage (LCES) to enhance efficiency and stability. The combined 
system achieved a 94.6 % overall efficiency, surpassing standalone 
wind-LCES (80.3 %) and solar-LCES (76.3 %) setups. However, practical 
implementation requires studying the potential for using multiple 
renewable sources in specific regions, which has been explored in only a 
few studies. Qian et al. [17] conducted a study in China to evaluate a 
wind-solar-CCHP system using emergy theory and multi-objective de
cision-making. A case study at a hotel in western China showed the 
wind-solar-CCHP system outperformed traditional CCHP, offering a 
more effective approach for optimizing new energy use.

In arid and semi-arid regions, water scarcity represents a significant 
challenge. To address this, some polygeneration energy systems are 
designed to produce freshwater as a byproduct. Various desalination 
technologies have been integrated into these systems, with reverse 
osmosis (RO) [18], humidification-dehumidification (HDH), and multi- 
effect distillation (MED) being among the most commonly utilized 
methods. Forghani et al. [19] proposed a solar-geothermal hybrid 
multigeneration system using MED for freshwater production at a hotel 
in Bandar Abbas, Iran. The integration of renewables reduced annual 
costs by up to 59.8 %, with the combined setup offering the greatest 
economic savings.

In addition to integrating hybrid renewable energy sources to ach
ieve sustainability, several strategies can enhance the reliability and 
efficiency of sustainable energy systems. Waste heat recovery, using 
advanced technologies like thermoelectric generation (TEG), enables 
direct conversion of waste heat to electricity [20]. Another key method 
is thermal energy storage (TES), which stores energy in thermal form for 
later use, particularly valuable when the primary energy source is 
intermittent or unavailable. Ran et al. [21] developed a biogas-driven 
system with SOFC, waste heat recovery, and solar thermal storage. 
The storage integration improved performance, delivering 351.4 kW net 
power with energy and exergy efficiencies of 43.3 % and 37.4 %. 
Mehrpooya et al. [22] investigated a solar-assisted Kalina cycle 

integrated with flat plate collectors and phase change material (PCM) 
for thermal energy storage. Located in Bandar Abbas, the system ach
ieved an annual solar fraction of 83.8 %, with PCM supplying heat 
during non-solar hours. The PCM storage plays a key role in maintaining 
continuous operation, reducing the auxiliary heater’s share to only 8.72 
GWh annually.

Producing and storing green hydrogen can enhance the sustainability 
of renewable energy systems. The hydrogen can power fuel cells, be 
converted to fuels, or be used directly without harmful emissions. Green 
hydrogen is generated from water via electrolyzers using surplus 
renewable energy. Electrolyzers used for hydrogen generation fall into 
three main types: proton exchange membrane [23], solid oxide [24], 
and alkaline electrolyzers [25]. Superchi et al. [26] examined the 
coupling wind power with alkaline electrolyzers for green hydrogen 
production. They simulated three module capacities (1, 2, and 4 MW) 
alongside a 13.8 MW wind farm, aiming to minimize the levelized cost of 
hydrogen. Arias et al. [27] optimized proton exchange membrane 
electrolyzers with photovoltaic systems for hydrogen production, 
showing that grid integration and excess solar energy can lower the 
levelized cost of hydrogen, even in low-solar resource areas.

Enhancing energy systems and establishing optimal operational pa
rameters are important for improving their efficiencies. Several opti
mization techniques have been investigated to improve CCHP systems, 
including the improved multi-objective multi-verse optimizer 
(IMOMVO), ant colony optimization (ACO), genetic algorithms, and 
multi-objective particle swarm optimization (MOPSO) [28]. Jesús 
Águila-León et al. [29] combined the grey wolf optimizer (GWO) with 
particle swarm optimization (PSO) to enhance a maximum power point 
tracking (MPPT) controller in solar energy systems. Tested in MATLAB/ 
Simulink, the GWO-PSO improved energy generation by 20.7 %.

Uncertainty in model-based energy systems involves several aspects, 
including aleatory (random), epistemic (knowledge-based), and input 
uncertainties. These uncertainties arise when variable inputs are treated 
as constant, and are also influenced by factors such as design choices, 
operational conditions, system degradation, and maintenance schedules 
[30]. In addition, economic and regulatory factors, such as energy price 
volatility and policy changes, further contribute to the complexity of 
ensuring system reliability [31].

It is important to include both uncertainty analysis and forecasting in 
renewable-based energy systems. Hoang et al. proposed [32] a hierar
chical framework to minimize emissions while addressing forecast un
certainty in renewable energy. A key feature of the study is the use of 
probabilistic forecasting with data-driven stochastic differential equa
tions to model uncertainties like solar irradiance and wind variability. 
This approach enables the use of less conservative probabilistic con
straints, improving the reliability and flexibility of energy management 
under uncertainty.

Direct normal irradiance (DNI) is a vital input parameter in solar 
energy systems, with its uncertainty stemming from multiple sources. 
Principal contributors to DNI variability include atmospheric factors 
such as cloud cover, inter-annual variability, aerosol concentrations, 
and water vapor content, alongside seasonal and geographic fluctua
tions [33]. DNI uncertainty significantly affects solar energy systems, 
impacting system efficiency and supply stability. Inaccurate DNI data 
can lead to suboptimal designs, inefficient energy dispatch, higher 
operational costs, and challenges in long-term planning and investment 
due to unreliable performance predictions [34]. Many studies treat DNI 
as a fixed input, overlooking its uncertainty. Quantifying this uncer
tainty is important for assessing system resilience and supporting sus
tainable energy decisions. The current study introduces a probabilistic 
framework using long short-term memory (LSTM) neural networks and 
Monte Carlo simulations to evaluate DNI uncertainty—due to variability 
and measurement errors—on energy outputs. By analyzing data from 
2005 to 2030, the framework quantifies input uncertainty and reveals 
how DNI fluctuations affect system performance and resilience, aiding in 
the design of reliable energy systems and optimized strategies.
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Fig. 1. Schematic of the proposed polygeneration system.

Fig. 2. Schematic of the MED-MVC system.
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Although numerous studies have investigated renewable-based en
ergy systems, most have focused on single-source configurations, with 
fewer exploring integrated or application-specific designs. Some works 
introduce hybrid renewable systems without grounding them in real- 
world case areas or assessing the local potential for hybrid deploy
ment. Many studies also overlook the integration of waste heat recovery 
technologies, which can significantly enhance system efficiency. Pro
posing truly sustainable renewable-based energy systems is increasingly 
important, yet there is insufficient research on this, particularly in 
addressing the uncertainty of energy systems, and when it is explored, it 
is often on a small scale.

This study aims to develop and evaluate a sustainable, large-scale 
polygeneration energy system designed for Tenerife Island. The pro
posed solar–geothermal hybrid configuration integrates CSP, a super
critical CO₂ cycle, a LiBr–water absorption system, a three-stage ORC, 
and a multi-effect desalination with mechanical vapor compression 
(MED-MVC) unit to produce electricity, heating, cooling, and fresh
water. Various waste heat recovery technologies, such as thermoelectric 
generators, have been applied to improve system efficiency, and an 
electrolyzer is included to produce hydrogen and further enhance 
overall sustainability. The system is assessed through energy and exergy 
analyses, followed by sensitivity analysis and multi-objective optimi
zation using the grey wolf method. Real satellite data specific to the case 
area are used, with key variables forecasted up to 2030 using a long 
short-term memory model. A Monte Carlo-based uncertainty analysis is 
also performed to evaluate system reliability under varying conditions.

The originality and key contributions of this research are outlined as 
follows: 

– Development of a novel and sustainable solar–geothermal poly
generation system

– Comprehensive thermodynamic analysis and multi-objective 
optimization

– Integration of forecasting and uncertainty analysis in system design

2. System description

Figs. 1 and 2 illustrate the configuration of the proposed novel pol
ygeneration system, driven by solar–geothermal energy sources. The 
system integrates a CSP unit, a supercritical CO₂ cycle, a three-stage 
ORC, a LiBr–water absorption system, a MED–MVC desalination unit, 
and a PEM electrolyzer. It is designed to simultaneously produce power, 
heating, cooling, hydrogen, and freshwater.

2.1. Concentrated solar power plant

Fig. 1 illustrates a schematic in which heliostats track the sun and 
reflect sunlight onto a central receiver atop a solar tower, thereby raising 
its temperature. The receiver transfers a portion of this absorbed energy 
to the molten salt, while the remainder is lost to the environment 
through convective, conductive, and reflective heat losses. Molten salt, 
pressurized by PUMP 1 (state 1), is heated in the tower (state 2) and 
serves as the hot stream for the s-CO2 cycle. After leaving the s-CO2 
generator (state 3), residual energy powers the cascade ORC power cycle 
via EVA 1, with the salt returning to PUMP 1 (state 4). Hot and cold 
molten salt storages manage mass flow rates for operational flexibility 
and energy efficiency.

2.2. Supercritical CO2 subsystem

The high-temperature, high-pressure stream (state 5) enters the 
turbine to generate power, and then preheats the cold stream in the 
high-temperature recuperator (HTR) (state 6) and the low-temperature 
recuperator (LTR) (state 7). Exiting the LTR (state 8), the stream splits 
into stream 10 and stream 9. Stream 10, pressurized in the recom
pression compressor (RC) (state 15), mixes with the LTR stream (state 

14), passes through the HTR (state 16), and is heated in the supercritical 
CO2 generator (s-CO2 Gen). Stream 9 splits further: stream 9a powers the 
Li-Br/water cooling system, and stream 9b supplies heat for hydrogen 
generation in the PEM electrolyzer. Streams 11a and 11b combine into 
stream 11, which generates electricity in the thermoelectric generator 
(TEG) and supports freshwater production in the MED-MVC system. 
Exhaust from the TEG (state 12) enters the main compressor (MC), then 
the LTR (state 13), before mixing with state 15 (state 14).

2.3. LiBr/Water absorption cooling system

In the generator (GEN) shown in Fig. 1, the LiBr/water mixture is 
heated, separating into a concentrated LiBr/water solution (state 82) 
and refrigerant vapor (H₂O) (state 85). The concentrated solution is 
heated in the solution heat exchanger (SHE) (state 83), expanded (state 
84), and sent to the absorber (ABS) to absorb refrigerant vapor. In the 
condenser (COND), refrigerant vapor condenses to a high-pressure 
liquid refrigerant (state 86), is expanded (state 87), and moves to the 
evaporator (EVA), where it evaporates at low pressure and temperature 
(state 88), cooling the water (states 91–92). In the absorber, the LiBr/ 
water solution absorbs refrigerant vapor from the evaporator (state 84). 
The weak solution (state 79) is pressurized by a pump (state 80), is 
preheated in the SHE (state 81), and returns to the GEN, completing the 
cycle.

2.4. MED-MVC system

The MED-MVC desalination subsystem, shown in Fig. 2, is designed 
for efficient freshwater production and includes seven effects, a vapor 
compressor, and a pump. Seawater (state 41) enters the TEG for heating, 
and then divides into equal seven streams, each entering one effect. 
Saturated vapor is compressed and superheated in the mechanical vapor 
compressor (MVC). For optimized heat transfer, seawater is sprayed into 
effect chambers as the superheated vapor enters. Each effect produces 
three streams: saturated vapor, freshwater, and brine. The vapor trans
fers thermal energy sequentially to each stage, with its energy pro
gressively decreasing until it is boosted back to the initial level by an 
external power source. Freshwater (blue line) and brine (yellow line) are 
the remaining outputs.

2.5. Proton exchange membrane electrolyzer

As shown in Fig. 1 and Fig. 2, the freshwater produced (state 72) is 
pressurized by the MED pump (state 73) and split into two streams: one 
for domestic use (state 74) and the other for hydrogen production (state 
75). Freshwater for hydrogen production is heated in a heater (state 76) 
to meet the PEM process temperature requirements, resulting in 
hydrogen (state 78) and oxygen (state 77), which are stored. The 
freshwater distribution between domestic use and hydrogen production 
is adjustable based on demand.

2.6. Cascade ORC power cycle

This subsystem includes three stages—top, middle, and bottom 
ORC—using toluene as the working fluid. Toluene is selected because of 
its low global warming potential. The working fluid absorbs heat in EVA 
1 at state 23, then enters TUR 1 to generate power (state 18). The turbine 
outlet (state 19) preheats the cold stream entering HEX 1 at state 22. The 
heated fluid (state 20) serves as the hot stream to preheat the middle 
ORC before being pressurized by PUMP 2 (state 21) and returning to 
HEX 1 (state 22).

The preheated flow (state 30) then enters EVA 2, where it absorbs 
heat from geothermal hot water (states 36–37), reaching a high tem
perature. The outlet (state 24) expands in TUR 2, releasing heat in HEX 3 
(state 25), with additional preheating in HEX 2 (state 29). A separate 
loop absorbs heat from HEX 3 for the bottom ORC.
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After preheating in HEX 4, the working fluid (state 35) gains heat 
from hot streams (states 37–38) and enters TUR 3 for power generation 
(state 31). The turbine outlet (state 32) transfers heat to cold water 
(states 39–40), generating electricity in the TEG, before entering PUMP 
4 (state 33) and re-joining the preheating process in HEX 4.

3. Methodology

To ensure a precise thermodynamic evaluation of the proposed sys
tem, energy, exergy, and sensitivity analyses are conducted using EES 
software, chosen for its comprehensive and reliable library. Addition
ally, uncertainty analysis, forecasting, and optimization were performed 
in the MATLAB environment.

3.1. Mathematical model of the proposed system

This section outlines the thermodynamic models of the subsystems, 
including the following: CSP, supercritical CO2 cycle, three-stage ORC, 
PEM electrolyzer, LiBr/water cooling, and MED-MVC unit. The 
following assumptions are made: 

– All system components operate under steady-state conditions.
– Pressure losses and heat wastes in the pipelines are assumed to be 

zero.
– The kinetic and potential energy contributions are negligible.
– There are no leaks of the working fluid in the system.
– Pumps, compressors, turbines and MVC are modelled using isen

tropic efficiencies.
– The temperatures of the outlet brine and steam in each effect are 

equal [35].
– Seawater enters at dead state conditions [36].
– The refrigerant at the outlets of the COND and ABS is in a saturated 

liquid and saturated vapor state, respectively [37].
– The temperature of the generator is set to be 5 K lower than the 

operating temperature of the PEM electrolyzer [37].

The ambient temperature and pressure are assumed to be 293.15 K 
and 1 bar, respectively. The system has been simulated under the 
average July DNI conditions for the year 2024. Table 1 presents the 
operating and design parameters used in the thermodynamic modeling 
and analysis of the system.

The primary tools employed for the mathematical modeling of the 
proposed system are based on the fundamental principles of energy and 
mass conservation. In general, applying energy and mass balances to a 
given component yields the following equations: 

Q̇ − Ẇ+
∑

i
ṁi

(

hi +
V2

i
2
+ gzi

)

−
∑

e
ṁe

(

he +
V2

e
2

+ gze

)

=
dE
dt

(1) 

∑

i
ṁi =

∑

e
ṁe (2) 

Additionally, by ignoring variations in potential and kinetic exergy, 
the physical exergy can be calculated as follows [50]: 

Ėph = ṁ(h − h0) − T0(s − s0) (3) 

Also, the chemical exergy rate of a substance can be written as [51]: 

Ėch =
ṁk

Mk
ech

k (4) 

where Mk is the molecular weight of species k, and ech
k is the chemical 

exergy per mole of species k. The chemical exergy of LiBr-water solution 
in the Absorption Cooling System can be expressed as follows [52]: 

Ėch =
ṁ

Msol

[
∑

k
xkech

k +RT0

∑

k
xkln(ak)

]

(5) 

Table 1 
Operating and design parameters used for the thermodynamic modeling and 
analysis of the system.

Parameter Value Unit Reference

Concentrated solar power
DNI 694.5838 (W/m2)
ηcos 0.8267 – [38]
ηs&b 0.9698 – [38]
ηint 0.9710 – [38]
ηatt 0.9383 – [38]
ηrefl 0.88 [38]
Nhel 624 – [38]

Ahel(width × length)
9.45×

12.84
(
m2) [38]

Arec 68.1
(
m2) [38]

Supercritical CO2 cycle
PR 3.09 – [39]
Tmax 823.15 K [39]
ηis,comp 85 % [39]
ηis,turb 90 % [39]
εHEX 86 % [39]
dPLTR 2 % [39]
dPHTR 3 % [39]
dPDWH 1 % [39]
ΔTpp,GEN 3 K [39]
P6 74 bar [39]
ΔTpp,DWH 5 K [39]
Xs− CO2 0.25 – [39]
LiBr/water cooling system
T89 298.1 K [40]
T90 303.15 K [40]
T91 288.15 K [40]
T92 283.15 K [40]
T93 298.15 K [40]
T94 303.15 K [40]
T85 348.15 K [41]
T79 278.15 K [40]
T86 278.15 K [40]
T88 308.15 K [40]
ηpump 90 % [40]
εSHE 75 % [40]
MED-MVC
S0 35 (g/kg) [42]

e0
ch,water 45 (kJ/ 

kmol)
[43]

TTDh 10 K [44]
ηis,comp 90 % [44]
Temperature difference between each 

effect, ΔTeffect
1.35

K
[35]

Distilled water temperature of first effect, 
T65

334.15
K

[45]

ηpump 0.9 – [44]
BFR 0.9 – [35]
PEME
Cell temperature 353 K [46]
Cell pressure 1 bar [46]
Current density (J) 6000 A/m2 [46]
Active surface area 0.01 m2 [46]
Membrane thickness (D) 50 μm [46]
ηis,pump 85 % [46]
λan 14 – [46]
λca 10 – [46]
Three-stage ORC
ηis,tur 85 % [47]
ηis,p1,2,3 80 % [47]
ΔTeva 10 K [47]
εHEX2,4 70 % [47]
ΔTHEX1,2 10 K [47]
Geothermal source
T36 513.15 K [48]
ṁ36 1 (kg/s) [48]
T38 313.15 K [48]
TEG
ZTm 0.8 – [49]
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where ak is the activity of species k, defined as the ratio between the 
vapor pressure of species k in the mixture and that of the pure species, 
and Msol is the molecular weight of the LiBr-water solution. The rate of 
exergy for a stream can be defined as follows: 

Ė = Ėph + Ėch (6) 

The exergy equation applied to each control volume is expressed as 
follows and is used to evaluate the exergy destruction rate of individual 
components: 

ĖD,k + ĖLoss,k = ĖF,k − ĖP,k (7) 

Here, the subscripts “D,” “F,” and “P” represent exergy destruction, 
fuel exergy, and product exergy, respectively.

3.1.1. Concentrated solar power system
The detailed methodology employed here, including the derivation 

of equations, is provided in the supplementary file. Solar salt has been 
chosen as the working fluid for the CSP subsystem. Solar salt (60 % 
sodium-nitrate and 40 % potassium-nitrate) is an effective heat transfer 
fluid and thermal energy storage medium, offering advantages such as a 
high thermal stability, allowing operation at temperatures up to 585 ◦C, 
and a wide operational temperature range [53]. The energy and exergy 
balance equations for the components of the CSP subsystem are detailed 
in Table 2.

3.1.2. Supercritical CO2 cycle subsystem
The primary components of the s-CO2 subsystem are compressors, 

recuperators, a turbine, a mixer, a cooler, a heater, and a generator. The 
relevant energy and exergy rate balance equations are provided in 
Table 3.

3.1.3. Three-stage ORC cycle
The three-stage ORC system consists of three top, middle and bottom 

ORC subsystems. Energy and exergy rate balance equations for the 
three-stage ORC power cycle components are given in Table 4.

3.1.4. Multi-effect desalination system
The system includes a mechanical vapor compressor (MVC), a pump 

Table 2 
Energy and exergy rate balance equations of components in the CSP subsystem.

Component Energy rate balance Exergy rate balance

Heliostat 
field

Q̇rec,in =

ηfield.(DNI).Ahel.Nhel

ĖD = Q̇sun

(

1 −
T0

Tsun

)

−

Q̇rec,in

(

1 −
T0

Thel

)

Receiver

ηrec =
Q̇rec,net

Q̇rec,in 

Q̇rec,in = Q̇rec,net + Q̇rec,loss 

Q̇rec,net = ṁ2(h2 − h1)+

Q̇rec,loss

Ė1 + Q̇rec.in

(

1 −
T0

Tref,hel

)

= Ė2 +

Q̇rec,loss + ĖD,rec

CSP pump Ẇpump,CSP = ṁ1(h1 − h4) Ėp = Ẇpump,CSP −

(

Ė1 − Ė4

)

Table 3 
Energy and exergy rate balance equations of components in s-CO2 subsystem.

Components Energy rate balance Exergy rate balance

GEN ṁ2(h2 − h3) = ṁ5(h5 − h17) ĖD =

(

Ė2 − Ė3

)

−

(

Ė5 − Ė17

)

HTR
ṁ6(h6 − h7) = ṁ16(h17 − h16)

εHTR =
T6 − T7

T6 − T16

ĖD =

(

Ė6 − Ė7

)

−

(

Ė17 − Ė16

)

LTR
ṁ7(h7 − h8) = ṁ13(h14 − h13)

εLTR =
T7 − T8

T7 − T13

ĖD =

(

Ė7 − Ė8

)

−

(

Ė14 − Ė13

)

TUR ẆTUR = ṁ5(h5 − h6) ĖD =

(

Ė5 − Ė6

)

− ẆTUR

MC ẆMC =

(1 − Xs− CO2) ṁ8(h13 − h12)
ĖD = ẆMC −

(

Ė13 − Ė12

)

RC ẆRC = Xs− CO2 .ṁ8(h15 − h10) ĖD = ẆRC −

(

Ė15 − Ė10

)

Cooler ṁ11(h11 − h12) = ṁ41(h42 − h41)
ĖD =

(

Ė11 − Ė12

)

−

(

Ė42 − Ė41

)

Heater ṁ9b(h9b − h11b) = ṁ75(h76 − h75)
ĖD =

(

Ė9b − Ė11b

)

−

(

Ė76 − Ė75

)

Mix1 ṁ15h15 + ṁ14h14 = ṁ16h16 ĖD =

(

Ė14 + Ė15

)

− Ė16

Mix2 ṁ11ah11a + ṁ11bh11b = ṁ11h11 ĖD =

(

Ė11a + Ė11b

)

− Ė11

Spl1
ṁ8h8 = ṁ9h9 + ṁ10h10 

Xs− CO2 =
ṁ10

ṁ8

ĖD = Ė8 −

(

Ė9 + Ė10

)

Spl2 ṁ9h9 = ṁ9ah9a + ṁ9bh9b ĖD = Ė9 −

(

Ė9a + Ė9b

)

Table 4 
Energy and exergy rate balance equations for components of the three-stage 
ORC.

Component Energy rate balance Exergy rate balance

Top ORC

EVA ṁ3(h3 − h4) = ṁ18(h18 − h23) ĖD =

(

Ė3 − Ė4

)

−

(

Ė18 − Ė23

)

TUR ẆTUR = ṁ18(h18 − h19) ĖD =

(

Ė18 − Ė19

)

− ẆTUR

Pump ẆPU = ṁ22(h22 − h21) ĖD = ẆPU −

(

Ė22 − Ė21

)

HEX1
ṁ23(h23 − h22) = ṁ19(h19 −

h20)

εHEX1 =
T19 − T20

T19 − T22

ĖD =

(

Ė19 − Ė20

)

−

(

Ė23 − Ė22

)

HEX2
ṁ20(h20 − h21) =

ṁ30(h30 − h29)

ĖD =

(

Ė20 − Ė21

)

−

(

Ė30 − Ė29

)

Middle ORC

EVA
ṁ36(h36 − h37) =

ṁ24(h24 − h30)

ĖD =

(

Ė36 − Ė37

)

−

(

Ė24 − Ė30

)

TUR ẆTUR = ṁ24(h24 − h25) ĖD =

(

Ė24 − Ė25

)

− ẆTUR

PUMP ẆPU = ṁ28(h28 − h27) ĖD = ẆPU −

(

Ė28 − Ė27

)

HEX3
ṁ25(h25 − h26) = ṁ28(h29 −

h28)

εHEX3 =
T25 − T26

T25 − T28

ĖD =

(

Ė25 − Ė26

)

−

(

Ė29 − Ė28

)

HEX4
ṁ26(h26 − h27) =

ṁ35(h35 − h34)

ĖD =

(

Ė25 − Ė26

)

−

(

Ė29 − Ė28

)

Bottom ORC

EVA
ṁ37(h37 − h38) =

ṁ31(h31 − h35)

ĖD =

(

Ė37 − Ė38

)

−

(

Ė31 − Ė35

)

TUR ẆTUR = ṁ31(h31 − h32) ĖD =

(

Ė31 − Ė32

)

− ẆTUR

PUMP ẆPU = ṁ34(h34 − h33) ĖD = ẆPU −

(

Ė34 − Ė33

)

Condenser ṁ32(h32 − h35) =

ṁ39(h40 − h36)

ĖD =

(

Ė32 − Ė33

)

−

(

Ė40 − Ė39

)
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and the seven effects system. The system schematic is presented in Fig. 2. 
Mass, energy and exergy rate balance equations for the desalination 
subsystem are presented in Table 5.

3.1.5. Proton exchange membrane electrolyzer (PEME)
In an electrolysis cell, water is separated into oxygen and hydrogen 

using both thermal and electrical energy. During the process, hydrogen 

is generated at the cathode, while oxygen is produced at the anode, 
based on the following equation [46]. 

H2O→H2 +0.5O2 (8) 

As shown in Fig. 1, a PEM electrolyzer is selected for this study. Its 
thermochemical modeling is discussed in the following sections. The 
energy required for hydrogen production is provided by the following 
equation [46]: 

ΔH = ΔG+TΔS (9) 

where ΔG is the Gibbs free energy and TΔS represents the required heat 
in J/molH2. The total energy required corresponds to the theoretical 
energy needed to electrolyze water, excluding the losses typically 
encountered in real systems. The molar flow rate for hydrogen pro
duction is determined as follows [46]: 

ṅH2 ,out =
J

2F
= ṅH2O,react (10) 

Here, J denotes the current density. Based on Eq. (10), the molar flow 
rate of oxygen produced is half that of the generated hydrogen. The 
molar flow rates of oxygen and water at the electrolysis outlet are 
determined as follows: 

ṅO2 ,out =
J

4F
(11) 

ṅH2O,out = ṅH2O,in −
J

2F
(12) 

The required electrical energy is calculated as follows: 

Eelectric = J×V (13) 

where Eelectric is the input energy, and V is the cell potential, which can be 
expressed as follows [42]: 

V = V0 +Vact,ca +Vact,an +Vohm (14) 

Here, Vact,ca, Vact,an and Vohm represent the activation overpotential of 
the cathode, the activation overpotentials of the anode, and the ohmic 
over-potential, respectively. V0 denotes the reversible potential, which is 
derived from the Nernst equation. The over-potentials and Nernst 

Table 5 
Mass, energy and exergy rate balance equations for multi-effect desalination 
system.

Component Mass and energy rate balance Exergy rate balance

MVC ẆMVC = ṁ50(h50 − h57) ĖD = ẆMVC −

(

Ė50 − Ė57

)

Pump ẆPU = ṁ72(h73 − h72) ĖD = ẆPU −

(

Ė73 − Ė72

)

Effect-I

ṁ50(h50 − h65) = ṁ51h51 +

ṁ58h58 − ṁ43h43 

ṁ58X58 = ṁ43X43 

ṁ50 = ṁ65, ṁ43 = ṁ51 + ṁ58

ĖD =

(

Ė50 − Ė65

)

−

(

Ė51 + Ė58 − Ė43

)

Effect-II

ṁ51(h51 − h66) = ṁ52h52 +

ṁ59h59 − ṁ44h44 − ṁ58h58 

ṁ59X59 = ṁ44X44 + ṁ58X58 

ṁ51 = ṁ66, ṁ44 + ṁ58 = ṁ52 +

ṁ59

ĖD =

(

Ė51 − Ė66

)

−

(

Ė52 + Ė59 − Ė44 − Ė58

)

Effect-III

ṁ52(h52 − h67) = ṁ53h53 +

ṁ60h60 − ṁ45h45 − ṁ59h59 

ṁ60X60 = ṁ45X45 + ṁ59X59 

ṁ52 = ṁ67, ṁ45 + ṁ59 = ṁ53 +

ṁ60

ĖD =

(

Ė52 − Ė67

)

−

(

Ė53 + Ė60 − Ė45 − Ė59

)

Effect-IV

ṁ53(h53 − h68) = ṁ54h54 +

ṁ61h61 − ṁ46h46 − ṁ60h60 

ṁ61X61 = ṁ46X46 + ṁ60X60 

ṁ53 = ṁ68, ṁ46 + ṁ60 = ṁ54 +

ṁ61

ĖD =

(

Ė53 − Ė68

)

−

(

Ė54 + Ė61 − Ė46 − Ė60

)

Effect-V

ṁ54(h54 − h69) = ṁ55h55 +

ṁ62h62 − ṁ47h47 − ṁ61h61 

ṁ62X62 = ṁ47X47 + ṁ61X61 

ṁ54 = ṁ69, ṁ47 + ṁ61 = ṁ55 +

ṁ62

ĖD =

(

Ė54 − Ė69

)

−

(

Ė55 + Ė62 − Ė47 − Ė61

)

Effect-VI

ṁ55(h55 − h70) = ṁ56h56 +

ṁ63h63 − ṁ48h48 − ṁ62h62 

ṁ63X63 = ṁ48X48 + ṁ62X62 

ṁ55 = ṁ70, ṁ48 + ṁ62 = ṁ56 +

ṁ63

ĖD =

(

Ė55 − Ė70

)

−

(

Ė56 + Ė63 − Ė48 − Ė62

)

Effect-VII

ṁ56(h56 − h71) = ṁ57h57 +

ṁ64h64 − ṁ49h49 − ṁ63h63 

ṁ64X64 = ṁ49X49 + ṁ63X63 

ṁ56 = ṁ71, ṁ49 + ṁ63 = ṁ57 +

ṁ64

ĖD =

(

Ė56 − Ė71

)

−

(

Ė57 + Ė64 − Ė49 − Ė63

)

Table 6 
Description of parameters used in the proton exchange membrane electrolyzer.

Term Equation

Nerst equation V0 = 1.229 − 0.00085(TPEME − 298)

Anode over-potential 
equation

Vact,an =
RT
F

sin− 1 J
2J0,an 

J0,an = Jref
an exp

(
− Eact,an

RT

)

Eact,an = 18 KJ/mole

Cathode over-potential 
equation

Vact,ca =
RT
F

sin− 1 J
2J0,ca 

J0,ca = Jref
ca exp

(
− Eact,ca

RT

)

Eact,ca = 18
kJ

mole

Ohmic over-potential 
equation

Vohm = J× RPEME 

RPEME =
∫ D

0
dx

σPEME[λ(x) ]
σPEME[λ(x) ] =

[0.5139λ(x) − 0.326 ]exp
[

1268
(

1
303

−
1

TPEME

)]

Table 7 
Energy and exergy rate balance equations for components of the LiBr-water 
cooling system.

Component Energy rate balance Energy rate balance

SHE
ṁ81(h81 − h80) = ṁ82(h82 −

h83)

εSHE =
T82 − T83

T82 − T80

ĖD =

(

Ė82 − Ė83

)

−

(

Ė81 − Ė80

)

GEN
ṁ9a(h9a − h11a) = ṁ85h85 +

ṁ82h82 − ṁ81h81

ĖD =

(

Ė9a − Ė11a

)

−

(

Ė82 + Ė85 − Ė81

)

ABS
ṁ89(h90 − h89) = ṁ88h88 +

ṁ84h84 − ṁ79h79

ĖD =

(

Ė84 + Ė85 − Ė79

)

−

Q̇ABS

(

1 −
T0

T79

)

EVA
ṁ91(h91 − h92) = ṁ58(h88 −

h87)

Q̇cooling = ṁ91(h91 − h92)

ĖD =

(

Ė87 − Ė88

)

−

(

Ė92 − Ė91

)

Condenser ṁ93(h94 − h93) =

ṁ85(h85 − h86)

ĖD =

(

Ė85 − Ė86

)

−

(

Ė94 − Ė93

)

Solution pump 
(SP) Ẇsp = ṁ79(h80 − h79) ĖD = Ẇsp −

(

Ė80 − Ė79

)

THV1 h84 = h83 ĖD = Ė83 − Ė84

THV2 h87 = h86 ĖD = Ė83 − Ė84
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equations are detailed in Table 6.

3.1.6. LiBr-water absorption cooling subsystem
The comprehensive methodology, outlining the derivation of equa

tions, is available in the supplementary file. Table 7 summarizes mass 
and energy rate balance equations for the components of the absorption 
cooling system.

3.1.7. Thermoelectric generator subsystem.
The equations for the efficiency of the thermoelectric generator 

(TEG) under the given operating conditions can be expressed as follows 
[49]: 

ηTeg =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1 + ZTm

√
− 1

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1 + ZTm

√
+ TL

TH

(15) 

Here, TL and TH denote the cold and hot side temperatures of the 
TEG, respectively. Also, ZTm refers to the figure of merit, typically 
estimated between 0.2 and 1.6 depending on the materials used in the 
structure. In this study, a value of 0.8 is assumed for the figure of merit, 
based on baseline bismuth telluride. The Carnot efficiency is then 
defined as follows [49]: 

ηcarnot =
TL

TH
(16) 

Another way to express the TEG efficiency is as follows [49]: 

ηTEG =
ẆTEG

Q̇Elegant
(17) 

Here, ẆTEG represents the work output from the TEG, and Q̇Elegant can 
be written as [49]: 

Q̇Elegant = ṁcooling
(
hcold,in − hcold,out

)
(18) 

Here, Q̇Elegant applies for an efficient liquid-based electricity genera
tion apparatus, and its formulation follows the standard expression used 
for thermoelectric systems. Also, ṁcooling denotes the mass flow rate on 
the cold side of the TEG, hcold,in the specific enthalpy of the incoming 
coolant, and hcold,out the specific enthalpy of the outgoing coolant from 
the TEG’s cold side. With a reasonable approximation, the temperatures 
at the cold and hot side outlets can be estimated as follows [49]: 

TL =
1
2
(
Tcold,in +Tcold,out

)
(19) 

TH =
1
2
(
THot,in +THot,out

)
(20) 

Furthermore, the energy and exergy efficiencies of the proposed 
polygeneration system can be expressed respectively as follows: 

ηI =
Ẇnet + ṁH2 LHVH2 + Q̇Heating + Q̇Cooling + ṁ74hfg.74

Q̇Sun + Q̇Geothermal
(21) 

ηII =

ẆNET + ĖH2 + Ė74 + Q̇Cooling

(
T0

Tref .cold
− 1

)

+ Q̇Heating

(

1 − T0
Tref .hot

)

Q̇Sun

(

1 − T0
Tsun

)

+

(

Ė36 − Ė38

) (22) 

where Tref,cold and Tref,hot refer to T92 and T40, respectively.

3.2. Multi-objective optimization

Among the various multi-objective optimization methods, the Grey 
Wolf Optimization algorithm was selected for its reliability and effec
tiveness. This study focuses on optimizing thermal efficiency, exergy 
efficiency, and hydrogen production rate to evaluate system perfor
mance and sustainability. Given the system’s complexity, including 
detailed thermodynamic modeling of integrated systems, forecasting, 
and uncertainty analysis, economic and environmental objectives are 
beyond the current scope and will be addressed in a planned follow-up 
study. Key decision variables were identified through sensitivity analysis 
and optimized within the ranges presented in Table 8.

3.3. Case study description and data collection

Spain, particularly the Canary Islands, stands out within the EU-28 as 
a prime location for geothermal direct heating systems and binary cycle 
electricity production, with a projected geothermal generation capacity 
of 610 GWt [48]. Meanwhile, the presence of advanced research in
frastructures, such as the GREGOR solar telescope and the Izaña At
mospheric Research Center (IZA) in Tenerife, underscores the island’s 
strategic importance for solar energy research and development in Spain 
[54]. The IZA site, part of the Baseline Surface Radiation Network 
(BSRN), provides accurate solar radiation datasets under various at
mospheric conditions, including pristine skies and periods affected by 
the Saharan Air Layer. Tenerife, the largest of Spain’s Canary Islands, 
lies between 28◦ 00′–28◦ 35′ N latitude and 16◦ 08′–16◦ 55′ W longitude. 
According to Fig. 3-a, the island’s elevation varies significantly, from 
− 21 m at its lowest point to 3696 m at the peak of Mount Teide, the 
highest point in Spain. This elevation gradient contributes to diverse 
microclimates and solar exposure conditions across the island [55]. 
Moreover, Tenerife has significant high-enthalpy geothermal potential. 
According to Colmenar-Santos et al. [48], geothermal reservoirs on the 
island reach temperatures between 170 ◦C and 300 ◦C at depths of 
20–2000 m.

This study used high-pressure water a geothermal reservoir as the 
working fluid. The operating and design parameters used for the ther
modynamic modeling of the geothermal energy source system are listed 
in Table 1. The IZA site (28.5◦N, 16.3◦W) was selected for system design, 
as it is a well-established reference station commonly used for cali
brating and validating solar radiation models. This approach is expected 
to yield more reliable data with reduced uncertainty for further analysis. 
Solar irradiance data for this coordinate were sourced from the CAMS 
radiation service, which combines the McClear model with MSG 
satellite-derived cloud cover to provide irradiance under both clear-sky 
and all-sky conditions [56]. CAMS was chosen over other datasets (e.g., 
Solcast, SolarGIS, NSRDB, Meteonorm, HelioClim) for its real-time, 
location-specific data and BSRN calibration at IZA [57]. Hourly data 
for global horizontal irradiance (GHI), diffuse horizontal irradiance 
(DHI), beam horizontal irradiance (BHI), and direct normal irradiance 
(DNI) from 8 AM to 6 PM, spanning from January 2005 to July 2024 
(Fig. 3-b) were used for solar data prediction, as well as to assess un
certainty and system sensitivity to solar variability.

3.4. Forecasting and uncertainty analysis

This research quantifies the impact of DNI uncertainty on solar en
ergy system performance by implementing a predictive LSTM model and 

Table 8 
Selected decision variables and their range of variations.

Decision variable Range of variation

s-CO2 turbine efficiency 0.8 <ηTur,s− CO2
< 0.95

s-CO2 split ratio (− ) 0.15 <Xs− CO2 < 0.35
Main compressor pressure ratio (− ) 2.5 <PRMC< 3.5
Re-compressor pressure ratio (− ) 2.5 <PRRC< 3.5
Current density (A/m2) 1000 <J< 7000
Number of PEME cells (− ) 120 <NCell,PEME< 160
Bottom-ORC turbine efficiency 0.8 <ηTur,Bottom− ORC< 0.95
Middle-ORC turbine efficiency 0.8 <ηTur,Middle− ORC< 0.95
Pinch-point temperature difference of Evaporator (K) 0 <ΔTEVA< 20
ORC Heat-exchanger 1 efficiency 0.6 <εORC− HEX1< 0.9
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Monte Carlo simulations. The LSTM model projects future DNI values 
based on historical data, while the Monte Carlo method facilitates an 
extensive uncertainty analysis by generating a range of potential out
comes from both historical and predicted data.

3.4.1. Long-short-term memory (LSTM)-based prediction
Conventional neural networks lack memory mechanisms, making 

them ineffective at modeling long-term dependencies in sequential data. 
Recurrent neural networks (RNNs) mitigate this by passing information 
through hidden states, yet still face vanishing gradient issues [60]. LSTM 
networks, introduced by Hochreiter and Schmidhuber [61], overcome 
this with memory cells and gating mechanisms (input, forget, and 

output), enabling them to retain information across long sequences. 
Their ability to learn both short- and long-term temporal patterns makes 
them well-suited for modeling solar irradiance time series. In this study, 
daily values of GHI, DHI, BHI, and DNI were used as inputs to the model, 
and subsequently, the monthly average DNI for July was projected for 
the period 2024 to 2030. The neural network architecture utilized in this 
research is based on the encoder-decoder or sequence-to-sequence 
(seq2seq) framework, as proposed by Cho et al. [62] which enables 
the model to handle varying input and output time steps [63]. To train 
the model, a sliding window technique was applied to generate input- 
output pairs. The performance of the LSTM model was evaluated 
using the coefficient of determination (DC), also referred to as the Nash- 

Fig. 3. (a) Geographic location and digital elevation map of Tenerife Island, with the position of the IZA station highlighted. The elevation data were derived from 
the NASA SRTM Digital Elevation 30 m dataset [58]; (b) Solar irradiance data for the IZA station extracted from the CAMS Radiation Service [59]. The figure il
lustrates the key parameters—DNI, GHI, DHI, and BHI—used for the uncertainty analysis and forecasting, covering the period January 2005 to July 2024.
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Sutcliffe efficiency, and the root mean square error (RMSE). These 
metrics were calculated as follows [64]: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

(X − C)2

N

√

;0 ≤ RMSE < +∞ (23) 

DC = 1 −

∑
(X − C)2

∑
(X − X)2; − ∞ < DC ≤ 1 (24) 

where X represents the DNI, C denotes the computed value by the 
model (here, LSTM), and X denotes the average of the DNI with N values.

3.4.2. Monte Carlo simulation
Monte Carlo simulations, based on stochastic models and probability 

distributions, were used to project outcomes under DNI uncertainty. 
Forward uncertainty analysis was conducted by applying a Gaussian 
distribution to historical and predicted DNI datasets. The normal dis
tribution was selected due to its proven effectiveness in modeling solar 
irradiance variability, supported by prior studies [30]. Parameters for 
the distribution were obtained by averaging the mean and standard 
deviation of data from July 2005–2024 and July 2025–2030, repre
sented by the following mathematical expression: 

f(x) =
1

σave
̅̅̅̅̅̅
2π

√ e−
(x− μave)

2

2σave2 (25) 

Here, f(x) denotes the probability density function of the normal 
distribution, where x is the DNI values, μave represents the average mean, 
and σave is the average standard deviation. Note that EES and MATLAB 
were coupled to perform Monte Carlo simulations and uncertainty 
propagation through the system. To achieve this, random samples of the 
DNI input (XDNI) were drawn from the fitted normal distribution and 
used as inputs in the system (S) to simulate a range of outcomes. The 
probabilistic system output (Y) is expressed as: 

Yi = S
(
Xi

DNI,Z
)
+ εi (26) 

Here, Yi denotes the output vector for the i-th simulation, and Xi
DNI 

represents the corresponding sampled DNI input. Also, Z refers to the 
decision variables, while S

(
Xi

DNI,Z
)

captures the deterministic system 
response. The error term εi accounts for residual uncertainties. This 
process is repeated 10,000 times using the Monte Carlo method, pro
ducing a distribution of outputs {Y1,Y2,…,Y10000}. Statistical metrics 
like mean and standard deviation of the outputs are then estimated to 
reflect the influence of DNI variability. Moreover, the coefficient of 
variation (CV) and coefficient of range (CR) were employed to further 
evaluate input uncertainty and output sensitivity.

4. Results

4.1. Validation

As outlined above, the proposed hybrid renewable polygeneration 
system integrates six subsystems, including a CSP system, a s-CO₂ power 
cycle, a three-stage ORC, a LiBr/water absorption cooling system, a PEM 
electrolyzer subsystem, and a MED-MVC system. The mathematical 
models for all subsystems were validated against data from the literature 
under equivalent conditions, showing strong agreement. Detailed vali
dation tables and a figure, for the PEM electrolyzer subsystem, are 
provided in the supplementary file (see Tables S1–S4 and Fig. S1).

4.2. Energy and exergy analysis results

The state-to-state thermodynamic properties of the polygeneration 
system under design conditions are detailed in the supplementary file 
(see Table S5). The analysis considers energy and exergy relationships, 
utilizes the input data provided in Table 1, and is based on the 

Table 9 
Fuel, product, and exergy destruction rates, along with the exergy efficiency for 
each component of proposed polygeneration system.

Component ĖFuel ĖProduct ĖDestruction ε (%)

CSP
Heliostat field 49,164 29,496 19,668 52.43
Receiver 29,496 20,474 9023 69.41
Pump 1.251 1.155 0.6254 92.35
Supercritical CO2 Power cycle
GEN 9286 9133 152.6 98.36
TUR 10,851 10,369 482.5 95.55
HTR 7255 6675 579.8 92.01
LTR 5136 4441 695.5 86.46
MC 3183 2830 353.1 88.91
RC 2098 1926 171.6 91.82
Cooler 335.4 223.3 112 66.6
Heater 173.3 114.9 42.02 66.34
Mixer 1 26,724 26,724 0 100
Mixer 2 13,040 13,040 0 100
Splitter 1 19,290 19,290 0 100
Splitter 2 14,467 14,467 0 100
Three-stage ORC Power Cycle
Top ORC
EVA 1 5407 4701 705.8 86.95
TUR 1 1388 1259 128.9 90.72
Pump 1 127 111.3 15.75 87.6
HEX 1 550.7 530 20.7 96.25
HEX 2 3475 3404 71.27 97.95
Middle ORC
EVA 2 168.1 150.3 17.81 89.41
TUR 2 1998 1782 216.3 89.17
Pump 2 35.4 29.82 5.586 84.22
HEX 3 361.2 309 52.24 85.54
HEX 4 2009 1623 385.9 80.78
Bottom ORC
EVA 3 110.5 84.22 26.29 76.21
TUR 3 1370 1194 175.9 87.16
Pump 3 4.846 3.98 0.8656 82.14
Condenser 753.2 328.2 425 43.57
PEME
PEM electrolyzer 1259 550.1 708.9 43.69
Multi-Effect Desalination System
MVC 137.9 126.9 11.02 92.01
Pump 1.431 1.119 0.3118 78.22
Effect-I 650.1 638.2 11.88 98.17
Effect-II 620.5 613.2 7.291 98.82
Effect-III 598.8 591.6 7.195 98.8
Effect-IV 580.2 573 7.154 98.77
Effect-V 564.4 557.3 7.17 98.73
Effect-VI 551.3 544.1 7.247 98.69
Effect-VII 540.7 533.3 7.387 98.63
LiBr-Water Absorption Cooling System
SHE 188.8 135.7 53.06 71.89
GEN 1303 893.9 408.8 68.62
ABS 840.8 268.8 572 31.97
EVA 250.6 116.1 134.5 46.32
Condenser 235.2 77.88 157.3 33.12
THV 1 1312 1312 0.001417 100
THV 2 7.39 7.39 0.0001701 100

Table 10 
Main results of the integrated polygeneration proposed system for 
the baseline condition.

Parameter Value

Overall energy efficiency (%) 62
Overall exergy efficiency (%) 17
Freshwater production rate (m3/h) 20.7
Hydrogen production rate (kg/h) 22.6
Oxygen production rate (kg/h) 180
Heating load (kW) 6848
Cooling load (kW) 4416
Net power production rate (kW) 7844
Total exergy destruction rate (kW) 35,631
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previously stated assumptions.
Table 9 presents detailed results on the fuel exergy, product exergy 

and exergy destruction rates and exergy efficiencies for each component 
within the subsystems. In the CSP subsystem, the heliostat field exhibits 
a substantial exergy destruction rate (19,668 kW) and an exergy effi
ciency of 52.43 %, which reflects notable exergy losses during solar 
capture. Although the receiver operates at a higher efficiency of 69.41 
%, it still experiences a considerable exergy destruction rate with a 
calculated value of 9023 kW. More than 80 % of the total exergy 
destruction rate of the system occurs in the CSP subsystem.

In the supercritical CO₂ power cycle, the LTR and HTR are notable for 

their substantial exergy destruction rates of 695.5 kW and 579.8 kW, 
respectively, followed by the turbine, which has an exergy destruction 
rate of 482.5 kW. In contrast, mixers, splitters, and the heater exhibit the 
lowest exergy destruction rates. When considering exergy efficiency, the 
generator and turbine are particularly noteworthy, achieving high effi
ciencies of 98.36 % and 95.55 %, respectively. However, the cooler and 
heater operate with lower efficiencies, around 66 %, resulting in mod
erate exergy destruction and indicating considerable irreversibility in 
the heat transfer process.

In the three-stage ORC, exergy destruction decreases across the 
various stages, indicating that the top cycle experiences the highest rate 

Fig. 4. Exergy efficiencies of components in the proposed system a) CSP, s-CO2, and ORC b) PEME, MED-MVC, and LiBr-water absorption system.
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of exergy destruction, while the bottom cycle has the lowest. Notably, 
the EVA 1 and the condenser exhibit the highest exergy destruction rates 
at 705.8 kW and 425 kW, respectively, followed closely by HEX 4, which 
has a rate of 385.9 kW. Conversely, the pumps and the EVA 2 demon
strate the lowest exergy destruction rates. Regarding exergy efficiency, 
HEX 1 and HEX 2 achieve the highest efficiencies at 96.25 % and 97.95 
%, respectively, whereas the condenser has the lowest efficiency, 
recorded at 43.57 %.

The LiBr-water absorption cooling system has a substantial exergy 
destruction rate, with the ABS and GEN components exhibiting the most 
significant loss rates at 572 kW and 408.8 kW, respectively. Conversely, 
the throttling valves (THV1 and THV2) manifest the lowest exergy 
destruction rates and highest exergy efficiencies in the system. In 
contrast, the condenser and absorber components display the poorest 
exergy performance, with exergy efficiencies of 33.12 % and 31.97 %, 
respectively.

In contrast to all other subsystems, the MED-MVC system demon
strates consistently high exergy efficiencies across its operational stages, 
exceeding 98 %, while simultaneously exhibiting small exergy destruc
tion rates. Furthermore, the MED-MVC subsystem contributes a mere 
0.2 % to the total exergy destruction rate of the system, underscoring its 
superior thermodynamic performance relative to other components.

The main results for the integrated polygeneration system at the 

baseline condition are shown in Table 10. The overall energy and exergy 
efficiencies of the proposed system are found to be 62 % and 17 %, 
respectively. For the baseline condition, electricity, heating, cooling, 
hydrogen, oxygen, and freshwater are produced at the rates of 7844 kW, 
6848 kW, 4416 kW, 22.6 kg/h, 180 kg/h, and 20.7 m3/h, respectively.

Fig. 4 presents the exergy efficiencies of all system components. The 
throttle valves show the highest exergy efficiency, exceeding 99 %. This 
is because, during throttling, only the physical exergy of the stream 
changes, while the chemical exergy which makes up most of the total 
exergy remains unchanged. As a result, the overall exergy loss is very 
low. The effects follow with efficiencies above 98 %.In contrast, the 
lowest exergy efficiency is observed in the absorber of the LiBr-water 
subsystem at 32 %, with the condenser in the same subsystem 
showing the second lowest efficiency at 33.1 %.

Fig. 5 shows the exergy destruction breakdown of each subsystem 
and component. The CSP subsystem has the largest share at 80.5 %, 
followed by s-CO2 and the three-stage ORC at 7.3 % and 6.3 %, 
respectively. The LiBr-water absorption cooling system accounts for 3.7 
%, while the PEM electrolyzer contributes 2 %. The smallest share be
longs to the MED-MVC subsystem, with just 0.2 %. In the CSP subsystem, 
the heliostat field and receiver dominate exergy destruction, contrib
uting 68.5 % and 31.4 %, respectively, with the pump’s share being 
negligible. In the s-CO2 cycle, the LTR and HTR account for the largest 

Fig. 5. Exergy destruction breakdown of subsystems and components in each subsystem.
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exergy destruction shares at 26.7 % and 22.3 %, while the heater has the 
smallest share at 2.2 %. For the three-stage ORC, the condenser and 
HEX4 are the primary contributors, with 27.6 % and 25 %, respectively. 
In the LiBr-water absorption system, the ABS and GEN dominate, ac
counting for 43.2 % and 30.8 % of the exergy destruction. Finally, in the 
MED-MVC subsystem, Effect I and the mechanical vapor compressor 
contribute the most, with 17.8 % and 16.5 %, respectively.

4.3. Sensitivity analysis

The proposed system model includes many variables, but some are 
much more important and can greatly affect the system’s performance. 
To address this, all variables were carefully analyzed using Engineering 
Equation Solver (EES) to identify the most effective parameters. The 
selected variables are presented in the Figs. 6–15.

4.3.1. Main compressor pressure ratio
As illustrated in Fig. 6, while the energy efficiency and hydrogen 

production remain nearly unchanged with the main compressor pres
sure ratio, the exergy efficiency declines from 18.8 % to 16 % by the end 
of the interval. This is due to the higher pressure ratio in the main 
compressor, which boosts the cooling output from 3609 kW to 4888 kW 
over the interval. However, it also significantly increases the power 
consumption of both the main compressor and the re-compressor, 
leading to a notable reduction in overall power production from 8668 
kW to 7324 kW across the entire system.

4.3.2. Re-compressor pressure ratio
As depicted in Fig. 7, increasing the pressure ratio of the RC has no 

significant impact on hydrogen production rate but results in an increase 
in both energy and exergy efficiencies, which rise from 59.6 % to 64.0 % 
and 14.6 % to 19.2 %, respectively, within the range. This improvement 

Fig. 6. Effect of main compressor pressure ratio on objective functions.

Fig. 7. Effect of re-compressor pressure ratio on objective functions.
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occurs because higher pressure ratios lead to a substantial increase in the 
system’s net power production, from 6620 kW to 8907 kW, and cooling 
capacity, from 4020 kW to 4797 kW, within the range. However, the 
power consumption of the RC also increases, from 1776 kW to 2514 kW, 
as re-compressor pressure ratio rises in the interval considered.

4.3.3. S-CO2 turbine efficiency
As shown in Fig. 8, increasing the turbine isentropic efficiency de

creases exergy destruction rate and enhances the power output of the s- 
CO₂ turbine and the cooling capacity. These values rise from 9217 kW to 
10,945 kW and from 4195 kW to 4540 kW, respectively. This 
improvement positively influences both energy and exergy efficiencies, 
which increase from 59.5 % to 63.3 % and from 14.8 % to 22.3 %, 
respectively. However, this variation in the parameter shows no signif
icant impact on hydrogen production rate.

4.3.4. S-CO2 split ratio
Fig. 9 shows that increasing the split ratio ṁ10

ṁ8 
leads to a decrease in 

both energy and exergy efficiencies, lowering them from 71.9 % to 52.1 
% and 17.9 % to 16.2 %, respectively. This occurs because as the split 
ratio increases, the energy consumption of the RC rises significantly, 
from 1259 kW to 2937 kW, resulting in a substantial reduction in the 
system’s net power production and cooling capacity, from 8242 kW to 
7446 kW and 5061 kW to 3770 kW, respectively. Although the power 
consumption by the MC decreases throughout the range, the increase in 
RC energy consumption and the reduction in net power production 
outweigh this effect.

4.3.5. Top-ORC evaporator pinch-point difference
Fig. 10 shows that increasing the pinch point in Evaporator 1 reduces 

the heat transfer rate between the hot stream (molten salt) and the top 
ORC, resulting in a decrease in generated work from 1173 kW to 1073 

Fig. 8. Effect of s-CO2 turbine efficiency on objective functions.

Fig. 9. Effect of s-CO2 split ratio on objective functions.
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kW across the range. As a result, since the PEME receives its input power 
from the top ORC turbine, the hydrogen production rate also declines 
from 23.7 kg/h to 21.2 kg/h. Consequently, the exergy efficiency de
creases slightly from 17.2 % to 16.8 %. However, energy efficiency in
creases due to the simultaneous rise in both cooling and heating outputs, 
which grow from 60.3 % to 64.2 % within the range.

4.3.6. Top-ORC turbine efficiency
Fig. 11 shows that, as all the power generated by the top ORC turbine 

is dedicated to the PEME for hydrogen production, an increase in turbine 
efficiency boosts the power output of the top ORC from 1063 kW to 
1267 kW, resulting in an increase in hydrogen production rate from 
21.4 kg/h to 24.9 kg/h. However, this improvement leads to reductions 
in both energy and exergy efficiencies due to decreases in net power 
production, heating, and cooling capacities under these conditions. 
Consequently, the energy efficiency of the proposed system decreases 
from 63.9 % to 58.3 %, while exergy efficiency declines slightly from 

17.1 % to 16.9 % within the range.

4.3.7. Middle-ORC turbine efficiency
Fig. 12 illustrates that, as turbine efficiency increases, there is no 

significant change in energy efficiency or hydrogen production rate. 
However, exergy efficiency shows a slight increase, rising from 16.9 % 
to 17.3 % over the range. This trend occurs because improving the 
isentropic efficiency of the middle-ORC turbine enhances the power 
output of this subsystem, which in turn increases the overall net power 
production of the system.

4.3.8. Bottom-ORC turbine efficiency
Similar to the middle-ORC, Fig. 13 shows an improvement in exergy 

efficiency due to reduced exergy destruction, leading to increased power 
generation. Exergy efficiency improves slightly by 0.36 %, while energy 
efficiency decreases marginally by less than 0.03 % within the specified 
range of the bottom-ORC turbine efficiency. However, there is no 

Fig. 10. Effect of top-ORC evaporator pinch-point difference on objective functions.

Fig. 11. Effect of top-ORC turbine efficiency on objective functions.
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significant change in either energy efficiency or hydrogen production 
rate.

4.3.9. HEX 1 heat exchanger efficiency
Fig. 14 indicates that increasing the efficiency of heat exchanger 1 

(HEX 1) leads to a rise in power output from the top-ORC turbine but 
reduces the power generated by the middle and bottom ORC turbines. 
Additionally, increasing the efficiency of heat exchanger 1 (increases the 
electricity consumption of the PEME component, resulting in a net 
decrease in overall power production within the system. Consequently, 
both energy efficiency and exergy efficiency decline, from 17.07 % to 
16.99 % and 62.7 % to 60.6 %, respectively. However, the hydrogen 
production rate increases by 1.6 kg/h over the specified range.

4.3.10. PEME cell number
Fig. 15 illustrates that as the number of PEME cells increases, the 

hydrogen production rate rises by 0.3 kg/h. However, this also results in 
higher power consumption and reduced cooling capacity, causing en
ergy efficiency to decline from 67.3 % to 56.7 %. Similarly, exergy ef
ficiency experiences a slight decrease of 0.06 % due to the increased 
exergy destruction rate associated with the addition of more PEME cells.

4.4. Multi-objective optimization

The sensitivity analysis revealed that multiple factors significantly 
influence each performance metric. Consequently, to determine the 
optimal technical design, a tri-objective optimization approach was 
employed. The proposed system was optimized using the grey-wolf 
optimization algorithm, focusing on three objective functions: energy 
efficiency, exergy efficiency, and hydrogen production rate. The goal 
was to maximize all three objectives and identify an optimal point. It is 
worth noting that this process involved coupling Engineering Equation 

Fig. 12. Effect of middle-ORC turbine efficiency on objective functions.

Fig. 13. Effect of bottom-ORC turbine efficiency on objective functions.
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Solver (EES) with MATLAB software. This section presents the results of 
the multi-objective optimization of the proposed system.

Fig. 16 presents the Pareto front obtained from the grey-wolf opti
mization applied to the system. Each point on the Pareto front represents 
an optimal solution from a specific perspective. However, one point 
stands out as the most suitable, as it aligns best with the given conditions 
and scenario. The scenario focuses on maintaining high first and second 
efficiencies while ensuring the system’s sustainability by producing 
sufficient hydrogen. The optimized configuration achieved energy and 
exergy efficiencies of 75.2 % and 23.5 %, respectively, reflecting im
provements of 21 % and 38 % over the baseline condition. Additionally, 
the optimization outcomes showed a 18 % rise in the hydrogen pro
duction rate, along with an 8.6 % decrease in the total exergy destruc
tion rate compared to the initial design parameters. This dual benefit 
indicates that the optimization not only increased the system’s pro
ductive output but also reduced irreversibilities, leading to more 

effective resource utilization. Table 11 offers a detailed comparison of 
the optimized polygeneration system’s performance metrics against the 
baseline design conditions. According to Table 11, the net power output, 
cooling load, freshwater production rate, and oxygen production rate 
improved by 40.7 %, 9.13 %, 27.6 %, and 18 %, respectively, while 
heating capacity decreased by 5.05 %.

4.5. DNI prediction and system performance analysis

4.5.1. DNI prediction using seq2seq LSTM-based model
In this study, a seq2seq LSTM-based model was developed to predict 

daily DNI for the period 2024 to 2030 at the IZA station, located in the 
Tenerife Island. Daily predictions were aggregated to a monthly scale, 
with the study focusing on the July monthly averages, as DNI typically 
reaches its peak during this month (see Fig. 17). The training method
ology involved progressively calibrating the LSTM network using 

Fig. 14. Effect of ORC-HEX 1 efficiency on objective functions.

Fig. 15. Effect of PEME cell number on objective functions.
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historical data to forecast future values. Specifically, the model was 
trained on sequential windows (e.g., 2005–2011 to predict 2011–2017), 
enabling the capture of both short- and long-term temporal de
pendencies. This approach allowed the model to develop a robust un
derstanding of the temporal patterns in DNI, improving its forecasting 
capability for the target period of 2024–2030. Although the model 
leveraged the entire 19-year dataset (2005–2024) for pattern recogni
tion, recent data (2018–2024) was important for fine-tuning the model 
to account for recent trends and anomalies. This ensures a more accurate 
and reliable forecast for the future period. For each training iteration, 
the data was divided into calibration and validation sets, with 75 % of 
the data allocated for calibration and 25 % for validation. Fig. 17 pre
sents the time series of DNI from 2005 to 2030, highlighting the LSTM 
model’s predicted DNI values for the 2024–2030 period (shaded area). 
The larger yellow dots in Fig. 17a represent the July averages, high
lighting that most of the maximum DNI values occur during this month. 
Additionally, scatterplots for the calibration and validation phases 
(2018–2024) are provided, demonstrating the model’s performance.

As illustrated in Fig. 17, the seq2seq LSTM-based model achieved a 
DC of 0.72 during the calibration phase and 0.70 during the validation 
phase. Additionally, the model exhibited a RMSE of 140.02 W/m2 for 
calibration and 78.19 W/m2 for validation. These performance metrics 
demonstrate the robustness of the LSTM model in predicting DNI values. 
By training the LSTM model on smaller time intervals (e.g., 2005–2011 
to predict 2011–2017), the seq2seq architecture was able to capture 
temporal dependencies over various timescales. This iterative training 
process enhances the model’s ability to generalize and predict future 
values (2024–2030) with greater accuracy. DNI is affected by 

atmospheric conditions, cloud cover, and other environmental factors 
that exhibit both seasonal and multi-year trends. The inclusion of a long 
historical dataset enabled the model to effectively capture these periodic 
variations. Standard machine learning models, such as traditional LSTM, 
often struggle to maintain the sequence relationship between input and 
output over longer timeframes [63]. While regular LSTM models process 
time-series inputs, they predict outputs without fully accounting for 
temporal dependencies in the output sequence [65,66], leading to 
increased bias and reduced performance over extended time steps. 
However, by adding an extra LSTM decoder layer to handle the output as 
a sequence, the final LSTM-seq2seq model achieved notable improve
ments in statistical performance, resulting in more precise and 
dependable predictions. Furthermore, the predicted DNI values 
(Fig. 17a) exhibited trends and patterns closely aligned with the 
observed historical data, indicating that the seq2seq LSTM-based model 
effectively captured the underlying temporal dynamics of DNI, leading 
to reliable and accurate future predictions.

4.5.2. System performance analysis under historical and predicted DNI 
values

This section examines the performance of the proposed system under 
historical and predicted DNI conditions in the optimal condition. The 
system’s key metrics, such as net power production rate, overall energy 
and exergy efficiency of the system, hydrogen production rate, oxygen 
production rate, fresh-water production rate, heating capacity, cooling 
load and total exergy destruction rate, are evaluated using historical 
average July DNI data from 2005 to 2024 and used to predict average 
July DNI values for 2024 to 2030. The results are presented in a Fig. 18, 
which illustrates the temporal variations in these metrics under both 
historical and predicted DNI scenarios. This analysis provides insights 
into the system’s potential performance over time, highlighting the 
impact of changing solar irradiance conditions.

4.6. Estimation of DNI uncertainty for proposed system under optimal 
condition

The probabilistic characterization of DNI variability was derived 
through a statistical analysis of historical and predicted July DNI mea
surements. Employing a parametric normal distribution model (μ =
711.3 kW/m2, σ = 37.6 kW/m2), Monte Carlo simulations were con
ducted comprising 10,000 iterations to propagate DNI uncertainty 
quantitatively (Fig. 19). The simulation output, represented by the 95 % 
prediction uncertainty (95PPU) in Fig. 20, comprehensively describes 
the potential systemic response under stochastic DNI conditions.

From the results presented in Table 12, the system outputs exhibit 
distinct central tendencies and variabilities. Ẇnet has a mean value of 
11,319.28 kW with a standard deviation of 497.73 kW, indicating 
moderate variability. Similarly, Q̇Cooling and Q̇DWH show mean values of 
4944.02 kW and 6654.72 kW, respectively, accompanied by standard 
deviations of 222.37 kW and 271.44 kW. Among the outputs, ηI and ηII 
exhibit the lowest standard deviations (0.07 and 0.02, respectively), 
signifying high consistency. In contrast, ĖxD,total and Ẇnet display the 
highest standard deviations (1492.61 kW and 497.73 kW, respectively). 
Statistical analysis revealed predominantly symmetrical distributions 
characterized by near-zero skewness values, demonstrating balanced 
variations around the central tendency. The corresponding kurtosis 
values, ranging between 2.41 and 2.45, indicate mesokurtic distribu
tions, suggesting a statistically stable system with a consistent proba
bility of observing moderate deviations under stochastic DNI conditions.

To quantitatively evaluate the sensitivity of system outputs to DNI 
variability, we employed the CV and CR metrics. These statistical in
dicators systematically measure the relative dispersion and range of 
each output’s distribution, facilitating a comprehensive sensitivity 
ranking. Q̇cooling, ĖxDtotal , and Ẇnet emerged as the most sensitive param
eters, exhibiting CV values of 4.50 %, 4.47 %, and 4.40 % and 

Fig. 16. Pareto optimal solutions resulting from the multi-objective 
optimization.

Table 11 
Comparison of the results obtained after optimization and under baseline con
dition for the proposed system.

Parameter criteria Baseline Optimal point Difference

Overall energy efficiency (%) 62 75.2 +21 %
Overall exergy efficiency (%) 17 23.5 +38 %
Rate of freshwater production (m3/h) 20.7 26.3 +27.6 %
Rate of hydrogen production (kg/h) 22.6 26.6 +18 %
Rate of oxygen production (kg/h) 180 213 +18 %
Heating load (kW) 6848 6502 − 5.05 %
Cooling load (kW) 4416 4819 +9.13 %
Net power production rate (kW) 7844 11,039 +40.7 %
Total exergy destruction rate (kW) 35,631 32,575 − 8.6 %
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corresponding CR values of 10.26 %, 10.19 %, and 10.03 %. Conversely, 
ηI and ηII demonstrated strong resilience, with CV values consistently 
below 0.10 % and CR values of 0.20 % and 0.16 %, respectively, indi
cating their good stability under solar irradiance fluctuations. The 
higher sensitivity of Q̇cooling, ĖxDtotal , and Ẇnet to DNI variability can be 
attributed to their direct dependence on solar irradiance levels. Cooling 
systems often require substantial thermal energy, which is directly 
influenced by DNI fluctuations. Similarly, total exergy destruction rate is 
closely tied to system inefficiencies, which are exacerbated under con
ditions of high DNI variability. In contrast, the relatively low sensitivity 
of ηI and ηII suggests that efficiency metrics are more resilient to input 
variability due to their dependence on ratios rather than absolute values. 
Therefore, efficiency parameters exhibit lower sensitivity to fluctuating 
environmental conditions.

In summary, the results underscore the need for robust design con
siderations when optimizing solar-based systems. Outputs with higher 
sensitivity, such as cooling production capacity and exergy destruction 
rates, require careful calibration and adaptive control strategies to 
mitigate the impact of DNI uncertainty. On the other hand, the stability 
of efficiency metrics highlights their reliability as performance in
dicators even under variable conditions. These insights contribute to the 
development of resilient and adaptive energy systems designed to 
withstand the inherent variability of solar resources.

4.7. Comparison of performance results of proposed system with previous 
research

As shown in Table 13, a comprehensive comparison is conducted 
between several closely related and valuable case studies to facilitate an 
improved evaluation of the current system relative to others. The 
referenced case studies primarily utilize solar, geothermal, and biomass 
resources. By integrating efficient subsystems, maximizing waste energy 
recovery, and simultaneously producing five distinct outputs (power, 
heating, cooling, hydrogen, and freshwater), the current study achieves 
higher overall energy efficiency and generally higher exergy efficiency 
compared to similar studies, all while maintaining zero-emission (green) 
operations. Given the intermittent nature of renewable energy sources, 
dynamic system assessment is essential. Unlike comparable studies that 
focus solely on seasonal performance, this research conducts a dynamic 
analysis using both historical and forecasted data extending to 2030. 
The integration of machine learning to predict key operational param
eters based on reliable historical data represents a distinct and novel 
contribution of this study. Considering the inherent intermittency of 
renewable energy sources, uncertainty analysis significantly enhances 
system reliability. This aspect is specifically addressed in the present 
study, distinguishing it from earlier works. However, since this study 
primarily emphasizes comprehensive performance enhancement, sus
tainability, reliability, and forecasting, aspects such as economic anal
ysis and detailed environmental impact assessment are beyond its 
current scope. These important elements will be thoroughly examined in 

Fig. 17. (a) Time series of monthly average DNI from 2005 to 2030, with the shaded region indicating the predicted period 2024 to 2030. (b) Scatterplot showing the 
correlation between observed and predicted DNI values during the calibration phase (2005–2017). (c) Scatterplot for the validation phase (2018–2024), demon
strating the model’s predictive performance using the LSTM model.
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a follow-up investigation.

5. Conclusion

This study has successfully designed and analyzed a novel hybrid 
renewable-based polygeneration system, integrating CSP, geothermal 
energy, a supercritical CO2 cycle, a lithium bromide-water absorption 
cooling system, MED-MVC, a three-stage ORC, and a PEM electrolyzer. 
This innovative system enables the simultaneous production of power, 
heating, cooling, freshwater, and hydrogen. Through comprehensive 
energy and exergy analyses, we have thoroughly evaluated its perfor
mance. Utilizing the grey-wolf optimization algorithm, we optimized 
the system’s parameters to achieve optimal efficiency. DNI data was 
extracted from the CAMS radiation service from 2005 to 2024, and 
future values were predicted from 2024 to 2030 using the seq2seq LSTM 
method. Furthermore, an uncertainty analysis was conducted using the 
Monte Carlo method to assess the impact of DNI variations on the sys
tem’s performance over this period. The key findings of this study, 
summarized below, highlight the critical insights gained from this 
comprehensive investigation: 

• The results show that the proposed system achieves an overall energy 
efficiency of 62 % and an exergy efficiency of 17 % under baseline 
conditions.

• In the baseline condition, the proposed system demonstrates the 
ability to generate a net power output of 7844 kW, provide a heating 
capacity of 6848 kW, handle a cooling load of 4416 kW, and produce 
hydrogen and oxygen at rates of 22.6 kg/h and 180 kg/h, respec
tively, while also producing freshwater at a rate of 20.7 kg/m3.

• The exergy analysis revealed that the total irreversibilities within the 
system equaled 35,631 kW. Notably, the CSP subsystem was the 
primary contributor to these irreversibilities, accounting for 
approximately 80.5 % of the total. The s-CO2 cycle followed with a 
share of 7.3 %, while the MED-MVC desalination unit had the 
smallest contribution at 0.2 %.

• The exergy analysis reveals that the heliostat field and receiver have 
the highest exergy destruction rates, at 19668 kW and 9023 kW, 
respectively, while pumps, mixers, and splitters exhibit the lowest. 
Throttle valves achieve the highest exergy efficiency, exceeding 99 

Fig. 18. Temporal variations in the proposed system’s performance metrics 
under historical average July DNI conditions (2005–2024) and predicted 
average July DNI conditions (2024–2030) under the optimal condition: a) En
ergy efficiency, exergy efficiency, and hydrogen production rate; b) cooling and 
heating loads; c) net power production and total exergy destruction rates.

Fig. 19. Fitted probability density function for historical and predicted DNI.
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%, followed by effects with efficiencies above 98 %. Conversely, the 
absorber and condenser in the LiBr-water subsystem have the lowest 
efficiencies, at 31.97 % and 33.12 %, respectively.

• The optimization process resulted in significant improvements in 
energy and exergy efficiencies, increasing from 62 % to 75.2 % and 
from 17 % to 23.5 %, respectively, and also led to a 18 % increase in 
hydrogen production.

• The optimized system demonstrated substantial enhancements in 
other outputs, including a 40.7 % increase in net power production, a 
27.6 % rise in freshwater production, a 9.13 % increase in cooling 
load, and a 18 % boost in oxygen production, while reducing total 
exergy destruction by 8.6 % and decreasing heating capacity by 5.05 
%.

• The uncertainty analysis reveals that cooling load, total exergy 
destruction, and net power production are the most sensitive system 

outputs to DNI variability, with CV values of 4.50 %, 4.47 %, and 
4.40 %, and CR values of 10.26 %, 10.19 %, and 10.03 %, respec
tively. This sensitivity is attributed to their direct dependence on 
solar irradiance levels. In contrast, energy and exergy efficiencies 
show minimal sensitivity to DNI fluctuations, with CV and CR values 
remaining below 0.10 % and 0.20 %. This resilience is likely due to 
their dependence on ratios rather than absolute values, which makes 
them more stable under varying environmental conditions.

The analysis demonstrates that large-scale, efficient, and sustainable 
production of power, heating, cooling, freshwater, and hydrogen is 
achievable through this hybrid renewable-based polygeneration system. 
The system’s competitiveness stems from its optimized energy and 
exergy efficiencies, particularly through the integration of diverse 
renewable energy sources and advanced optimization techniques. These 

Fig. 20. 95 % confidence intervals of system outputs, including energy efficiency (ηI), exergy efficiency (ηII), net produced power (Ẇnet), cooling production capacity 
(Q̇Cooling), heating production capacity (Q̇DWH), total exergy destruction rate (ĖxD,total), and hydrogen production mass flow rate (ṁH2). The figure illustrates the 
variability of each output under DNI uncertainty, as estimated by Monte Carlo simulations.

Table 12 
Descriptive statistics of input (DNI) and outputs from the Monte Carlo simulation at the optimal point.

Descriptive statistics DNI (W/m2) Monte Carlo simulation of optimal point

ηI 
(%)

ηII 
(%)

Ẇnet 

(kW)

Q̇cooling 

(kW)

Q̇DWH 
(kW)

ĖxDtotal 

(kW)
ṀH2

(
kg
h

)

Mean 711.3 74.98 23.46 11,319.28 4944.02 6654.72 33,414.45 27.28
SD 37.6 0.07 0.02 497.73 222.37 271.44 1492.61 1.16

Skewness 0.038 − 0.02 0.20 0.01 0.01 0.01 0.01 0.00
Kurtosis 2.99 2.41 2.45 2.41 2.41 2.41 2.41 2.41

Minimum 670.5 74.83 23.43 10,190.62 4439.90 6039.21 30,030.05 24.66
Maximum 792 75.13 23.50 12,462.87 5455.07 7278.38 36,844.12 29.93

Confidence − 95 % 626.6 74.83 23.43 10,189.95 4439.60 6038.85 30,028.05 24.65
Confidence + 95 % 800.1 75.13 23.50 12,464.86 5455.96 7279.46 36,850.09 29.94

CV (%) 5.24 0.09 0.07 4.40 4.50 4.08 4.47 4.24
CR (%) 19.44 0.20 0.16 10.03 10.26 9.30 10.19 9.67
Rank 6 7 3 1 5 2 4
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findings are significant for advancing research in hybrid energy systems, 
contributing to a more sustainable and resilient energy future.
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Table 13 
Comparison of performance results of the proposed system with previous research.

Ref. Year Resources Production Subsystems Analysis Energy 
efficiency (%)

Exergy 
efficiency 

(%)

Power (kW)/  
Heating (kW)/ 
Cooling (kW)/ 

Freshwater 
(m3/h)/ 

Hydrogen (kg/ 
h)

Dynamic 
analysis/ 
Forecast/ 

Uncertainty 
analysis/ 

Zero 
emission

Present study 2025 Solar 
Geothermal

Power 
Heating 
Cooling 
Freshwater 
Hydrogen

CSP 
Geothermal 
SCO2 

LiBr/water 
cooling 
3-Stage ORC 
MED-MVC 
PEME 
TEG

Energy 
Exergy 
Sensitivity 
GW multi-objective 
optimization 
ML 
LSTM Forecasting 
Dynamic analysis 
(2005–2030) 
Monte Carlo 
Uncertainty

75.2 23.5

11,000/ 
6500/ 
4800/ 
26.3 / 
26.6

✓/✓/✓/✓

Mousavi Rabeti 
et al. [67] 2025

Solar 
Biomass

Power 
Freshwater

Brayton 
Rankine 
ORC 
Solar tower 
Gasification 
CO2 capture 
MD-MED RO

Energy 
Exergy 
Exergoeconomic 
Techno-economic 
Exergoenvironment 
ML-based multi-objective 
optimization 
Dynamic analysis

39.82 9.1

15,500/ 
- / 
- / 
98 / 
- /

✓/⨯/⨯/⨯

F. Yilamaz & 
B. Jamil [68]

2025 Solar
Power 
Heating 
Freshwater

CSP 
GT 
SRC 
ORC 
RO

Energy 
Exergy 
Parametric study 
environmental 
Dynamic analysis

25.1 18

3750 / 
870 / 
- / 
33.5 / 
- /

✓/⨯/⨯/✓

L. Zhao 
et al. [69]

2024 Solar 
Geothermal

Power 
Cooling 
Freshwater

Solar tower 
Geothermal 
LiBr/water 
cooling 
ORC 
HDH

Energy 
Exergy 
Economic 
Environmental 
PSO optimization 
Dynamic analysis

– 16

800 / 
- / 
1350 / 
28.6 / 
- /

✓/⨯/⨯/✓

Y. Cao 
et al. [70] 2022

Solar 
Geothermal

Power 
Cooling 
Freshwater 
Hydrogen

Solar collector 
Geothermal 
cycle 
Transcritical CO2 

cycle 
HDH 
PEME

Energy 
Exergy 
Economic 
GA optimization 
Dynamic analysis

– 19.2

310 / 
- / 
110 / 
2.5 / 
1.5 /

✓/⨯/⨯/✓

M. Shoaei 
et al. [71] 2023

Geothermal 
Solar Power

Geothermal 
Solar PV 
ORC 
Steam cycle 
Gas cycle

Energy 
Exergy 
Economic 
Environmental 
GA optimization

50.6 25.4

520 / 
- / 
- / 
- / 
- /

⨯/⨯/⨯/✓

R. Li et al.  
[72] 2023

Solar 
Geothermal

Power 
Freshwater

Solar tower 
Geothermal 
Dual loop 
OFC 
HDH 
MED

Energy 
Exergy 
Economic 
MOPSO optimization 
Dynamic analysis

– 22.4

750 / 
- / 
- / 
100 / 
- /

✓/⨯/⨯/✓
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