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Abstract: In pursuit of sustainable development and mitigation of the intermittency challenge
associated with solar energy, this study proposes a hybrid solar system integrating waste heat
incineration alongside solar power generation and distinct heat provision. Leveraging the superior
energy efficiency of the organic Rankine cycle (ORC) in medium- and low-temperature scenarios,
a parabolic trough collector (PTC) is selected for its cost-effectiveness and long-term operational
reliability. Dowtherm A and toluene are identified as the optimal working fluids for the PTC and
ORC, respectively. To optimize this complex system, a combination of artificial neural networks
(ANNs) and multi-objective optimization via non-dominated sorting genetic algorithm II (NSGA-II)
is employed, streamlining the optimization process. Thermal dynamic simulations are executed using
Engineering Equation Solver (EES, V11) to validate the proposed system’s performance. TOPSIS
is employed to identify the optimal solution from the Pareto frontier. The results indicate that the
hourly cost of the system stands at USD 43.08, with an exergy efficiency of 22.98%. The economic
analysis reveals that the solar collector constitutes the most significant portion of the total initial
cost, representing 53.2%, followed by the turbine, thermoelectric generator (TEG), and waste heat
incineration, in descending order of costliness.

Keywords: parabolic trough collector (PTC); organic Rankine cycle (ORC); artificial neural network
(ANN); NSGA II; TOPSIS

1. Introduction

To achieve the ambitious goal of attaining net-zero greenhouse gas emissions, numer-
ous nations have diligently honored their legal obligations. This objective demands the
widespread adoption of diverse renewable energy technologies. Solar energy, owing to
its abundant and sustainable nature, stands out as a promising solution. Through solar-
integrated energy systems, solar radiation is converted into thermal energy, which is then
used in a series and logically structured to increase efficiency [1]. The concentrating solar
power (CSP) technique efficiently converts solar energy into thermal energy, employing
four of the most advanced technologies: a parabolic trough collector (PTC), a linear Fresnel
reflector (LFR), a solar power tower (SPT), and a parabolic dish collector (PDC). The PDC
is recommended for smaller generating capacities between 0.01 and 0.4 MW, whereas the
PTC, LFR, and SPT are well suited for power generation capacities ranging from 10 to
200 MW [2].

The most widely employed technology is the PTC, which is approximately 75% of the
installed capacity of the CSP technology [3]. Elfeky et al. conducted a comparative analysis
between a photovoltaic power plant and a solar thermal system based on a PTC. Their
findings reveal that the PTC-based CSP plant achieved an impressive capacity utilization
factor of 48.7%. In contrast, the photovoltaic plant lagged behind, utilizing only 29.2% of
its capacity. This discrepancy underscored the superior efficiency of the PTC-based CSP
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technology in harnessing solar energy [4]. Ghozouani et al. presented the optimization
results derived from the integration of a PTC within an industrial process. The findings
underscored the viability and cost-effectiveness of employing a PTC in industrial heat
processes as a sustainable alternative to fossil fuels. Each optimized PTC system yielded
approximately 12.84 MWh annually, with an average cost of less than 0.022 USD/kWh [5].

In Europe, waste incineration stands out as a widely embraced method for managing
municipal solid waste (MSW), gaining increasing popularity in numerous other countries,
including China [6]. The EU Directive 2018/851 establishes aggressive goals for recycling
and reuse readiness, which must be met by 2025 (55%), 2030 (60%), and 2035 (65%) [7].
The EU27 produced about 231 million tons of MSW in 2020 [8]. In Europe in 2021, land-
fills constituted approximately 23% of MSW disposal. Around 30% of MSW underwent
material recovery processes, while 19% underwent biological treatment specifically for
organic waste. Moreover, 26% of MSW was incinerated for energy recovery purposes.
The remaining 2% was allocated to other disposal methods [9]. Pan et al. conducted a
thorough investigation into a waste-to-energy power plant employing an organic Rankine
cycle. The outcomes revealed a noteworthy enhancement in energy efficiency, surging to
an impressive 41.22%. Additionally, the study demonstrated a substantial reduction in the
payback period, plummeting from 6 years to a mere 1.1 years. These findings underscore
the promising viability and economic feasibility of the proposed waste-to-energy system,
signaling its potential as a sustainable and efficient energy solution [10]. Amulen et al.
presented a case study in Kampala city based on a municipal solid waste power plant.
Considered a USD 157 million capital expenditure with a project duration of 25 years, the
project’s net present value came to USD 30 million, with a payback period of 6 years [11].

The organic Rankine cycle (ORC) is the most effective and adaptable power cycle
below 400 ◦C and is extensively utilized in the industry for low-temperature waste heat
recovery [12]. Wang et al. introduced a pioneering hybrid system that combines a PTC
with a waste incineration power plant. Under optimization conditions, the levelized
cost of energy for this innovative system was reported to be 23.96 EUR /MWh [13]. In
a parallel effort, Alirahmi et al. presented the design of a hybrid green energy system
seamlessly integrated with an ORC. The exergy efficiency achieved by this system stands
at an impressive 50.6%, while the total cost rate is reported as 322.8 USD/h [14]. An
innovative solar–geothermal system based on the ORC was introduced by Li et al. In
this study, four locations in China were carefully selected as case studies. In comparison
to conventional single solar energy power plants, the hybrid ORC system exhibited a
remarkable improvement in thermal efficiency. The annual electricity generation witnessed
a substantial increase of 25.34%, underscoring the system’s enhanced performance and
potential for sustainable energy production [15].

The inherent benefits of self-adaptation, self-learning, nonlinear mapping, and fault
tolerance have propelled the artificial neural network (ANN) method to the forefront of
design and performance enhancement in the realm of thermal energy engineering in recent
years [16]. Feng et al. developed an ORC model leveraging data from 950 experimental sets.
The model was simulated using an ANN and subsequently validated for a comprehensive
bi-objective optimization [17]. Alirahmi et al. integrated an ANN with multi-objective opti-
mization to reveal the optimal solution for the proposed system. Through the optimization
process, the cost rate and output power were determined as 28.5 USD/GJ and 1368 kW,
respectively [18]. Palagi et al. meticulously crafted a compact ORC system, augmented by
the utilization of an ANN for performance prediction. Remarkably, the prediction accuracy
achieved within a 10 s timeframe exhibited an impressively low error rate, remaining below
5% [19].

To address multi-objective optimization problems effectively, the non-dominated
sorting genetic algorithm II (NSGA-II) stands out as a powerful decision space explo-
ration engine grounded in the principles of genetic algorithms [20]. NSGA-II stands out
for its structured methodology, which aims to enhance the convergence rate iteratively
while preserving population diversity. It achieves this through the integration of fast-non-
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dominated sorting, an intelligent maintenance strategy, and efficient crowding distance
measurement [21]. NSGA-II efficiently constructs a diverse and optimal Pareto frontier
through the strategic incorporation of elitism. By combining elitism with a selective func-
tion, the algorithm generates a new population by blending parent and child populations
via mutation operators. It subsequently identifies the most favorable solution by assessing
the fitness, extent, and distribution of the responses [22]. Ozahi and Tozlu conducted a
comprehensive simulation of a real MSW power plant, employing the NSGA-II method
for system performance optimization. The resulting exergy efficiency reached an impres-
sive 24.15%, accompanied by an output power of 954.6 kW. Post NSGA-II optimization,
the power output experienced a noteworthy increase of 3.62%, concurrently leading to
a commendable reduction in the total cost rate by 1.47% (USD/h) [23]. Alirahmi et al.
conducted a case study in Dezful City, Iran, utilizing NSGA-II for optimization solutions.
The exergy efficiency was 31.66%, accompanied by a cost rate of 21.9 USD/GJ. Additionally,
the optimization calculation time was compared under conditions with and without an
ANN. When employing an ANN, the optimization time was reduced to 5 min, while in the
absence of an ANN, it was extended to 10 h [24]. This article’s distinctiveness and novelty
are highlighted by the following elements, which are mostly attributed to this approach:

• The co-optimization of district heat and power generation is achieved through the
synergistic application of an ANN and NSGA-II, aimed at minimizing optimization
time while identifying the optimal operational conditions of the system.

• The integration of waste incineration with solar thermal energy effectively addresses
the challenge of energy intermittency, concurrently contributing to a reduction in
carbon dioxide emissions.

• To discern the influence of decision factors on the objective functions, a parametric
research phase is conducted before the optimization process.

• The ORC system attains its optimal design and operational parameters through the
utilization of NSGA-II. This integration is pivotal for enhancing the system’s economic
viability and maximizing its exergy efficiency.

• The technique for order preference by similarity to ideal situation (TOPSIS) method is
employed as a decision-making tool to determine the optimal configuration for the
cogeneration system.

2. Materials and Methods

The schematic diagram of the cogeneration hybrid system is illustrated in Figure 1.
The operational process of the system can be elucidated as follows: the working fluid (WF)
of the PTC, specifically Dowtherm A, undergoes heating through solar radiation when
exposed to sunlight. The working fluid (WF), Dowtherm A, undergoes a process wherein it
passes through the evaporator. Following a heat exchange with the waste incineration’s
WF, Dowtherm A is then returned to the solar collector to complete the cycle. In the waste
incineration cycle, utilizing Therminol VP-1 as the WF, the fluid is overheated at point 5.
Subsequently, it proceeds through a heat exchanger. During nighttime, in the absence of
solar irradiation, the heat transfer oil is directly heated by the waste incineration system,
ensuring that the temperature at point 6 reaches the predetermined set temperature. The
WF in the ORC (Toluene) is in a superheated state at point 9. After going through the
turbine, the generated power goes to the industry. The introduction of the third heat
exchanger (HE3) is to improve the energy efficiency of the system. For the ORC, the
thermoelectric generator (TEG) is used instead of the condenser to improve the overall
efficiency of the hybrid system. After condensation for TEG, the medium temperature heat
(for distinct heat) at point 16 is going to the resident, and after the three HEs, the WF is
back to point 9 to complete the cycle.
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Figure 1. The schematic of the cogeneration hybrid system.

2.1. Parabolic Trough Collector (PTC)

When exposed to solar radiation, the solar collectors efficiently absorb an increased
amount of heat from the sun. Subsequently, this accumulated heat is transferred to the WF
as it passes through the PTCs. The design parameters of the PTC are shown in Table 1. The
calculation of the rate at which collectors generate useful energy can be determined as [25]:

.
Qu = N·FR·[(SAR·Aa)− (Ar·UL·(Tin − T0))] (1)

.
Qu =

.
m1(h1 − h4) (2)

where Ar and Aa denote the areas of receiver and aperture, N is the number of solar
collectors. T0 represents the room temperature, meanwhile, and Tin refers to the inlet
temperature of the PTC. Furthermore, UL represents the heat loss coefficient, FR is the heat
loss factor, and SAR, which is the absorbed solar radiation, can be determined as [26]

SAR = Gb·τp·τc·α·γ (3)

FR =

.
mC·Cp,C

Ar·UL
·
(

1 − exp

(
−FCL·Ar·UL

.
mC·Cp,C

))
(4)

where Cp,C is the specific heat of the WF in the solar cycle, and
.

mC is the mass flow rate
of Dowtherm A. FCL is the efficiency factor of solar collector and can be calculated as
follows [27]:

FCL =
1/UL

1/UL + Do,r
hfi

+
(

Do,r
2k · ln Do,r

Di,r

) (5)

where Do,r is the outside diameter of the PTC, and Di,r denotes the inside diameter. Addi-
tionally, the receiver’s thermal conductivity is denoted by k. The following method can be
used to calculate the aperture’s area [27]:

Aa = L·(W − Do,r) (6)

where W and L denote the width and length of the receiver.
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Table 1. Design parameters and input values for the PTC [26].

Parameters Value Unit

Absorptivity of the receiver (α) 0.96 -
Effective transmissivity of PTC (τp) 0.94 -
Heat loss coefficient (UL) 3.82 W/m2◦C
Correction factor for diffuse radiation (γ) 0.95 -
Thermal conductivity of the receiver (K) 16 W/m2◦C
Heat transfer coefficient inside the receiver (hfi) 300 W/m2◦C
Receiver inside diameter (Di,r) 0.066 m
Receiver outside diameter (Do,r) 0.07 m
Transmissivity of the cover glazing (τc) 0.96 -
Single collector length (L) 12.27 m
Single collector width (W) 5.76 m
Direct normal irradiance (Gb) 850 W/m2

2.2. Waste Incineration Cycle (WI)

The average lower heating value (LHV) of the waste source is an efficient method of
determining the energy level discharged in the waste incineration (WI) unit. The reported
LHV, assuming uniform waste distribution, is around 12,500 kJ/kg [28]. The following is a
description of this process’s thermal power:

.
QWI = ηWI·

.
mWI·LHV (7)

where
.

mWI is the mass flow rate of the solid waste, and ηWI is the efficiency of the WI unit,
which is assumed to be 80% in this work. For the WI unit, the chemical exergy should be
calculated during the process. The chemical exergy of the municipal solid waste can be
described as [29]:

.
ExWI = LHV × .

mWI(1.0064 + 0.1519H/C + 0.0616O/C + 0.0429N/C) (8)

where nitrogen, carbon, hydrogen, and oxygen are represented by N, C, H, and O, respec-
tively. The weight percentage of the solid waste is shown in Table 2.

Table 2. The weight percentage of the municipal solid waste [30].

Parameters Value (%)

Carbon 47.18
Oxygen 39.57

Hydrogen 6.25
Ash 5.91

Nitrogen 0.91
Sulphur 0.18

2.3. Organic Rankine Cycle (ORC)

The organic Rankine cycle (ORC) normally contains four parts which are a turbine,
pump, evaporator, and condenser; in the present work, to improve the energy efficiency of
the system, a TEG was employed instead of the condenser. The parameter that describes
the ability of the TEG is efficiency, which can be described as [31]:

ηTEG = ηC

√
1 + ZTm − 1

√
1 + ZTm + TL

TH

(9)

ηC = 1 − TL

TH
(10)
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TH =
1
2
(T11 + T12) (11)

TL =
1
2
(T16 + T17) (12)

where ηC denotes the Carnot efficiency, and ZTm is the thermoelectric figure of merit. The
energy balance equation of TEG unit is represented by:

.
m11h11 +

.
m17h17 =

.
m12h12 +

.
m16h16 +

.
WTEG (13)

ηTEG =

.
WTEG

.
m11(h11 − h12)

(14)

The energy balance equations of the ORC are presented in Table 3.

Table 3. The energy balance equations of the ORC.

Components Energy Balance Equations

IHE1
.

m7(h6 − h7) =
.

m15(h9 − h15)
IHE2

.
m7(h7 − h8) =

.
m15(h15 − h14)

Turbine
.

WTur =
.

m9h9 −
.

m10h10
IHE3

.
m10(h10 − h11) =

.
m14(h14 − h13)

Pump3
.

WPump3 =
.

m13(h13 − h12)

2.4. Exergy Analysis

A useful method for assessing a thermodynamic system’s performance is exergy
analysis. Exergy analysis considers the availability and quality of energy present in the
system, enabling a more thorough evaluation of its functionality and efficiency. Typically,
exergy is dissected into four distinct components. However, in the current study, our
analysis focused exclusively on the physical and chemical facets of exergy, neglecting the
consideration of kinetic and potential exergy components. The following formula can be
used to determine the physical and chemical exergy rate [31].

.
E

ph
xi =

.
m[(hi − h0)− T0(si − s0)] (15)

exch = ∑n
i=1 xiexi

ch + RT0 ∑n
n=1 xi ln(xi) (16)

where hi and si represent the enthalpy and entropy of the ith component, respectively. The
subscript 0 signifies parameters corresponding to the reference state. xi denotes the mole
fraction and exi

ch represents the standard exergy of the constituents. The proposed system’s
rate of exergy destruction can be stated as follows [32]:

.
E

Q
x + ∑

.
minexin =

.
E

W
x + ∑

.
moutexout +

.
E

D
x (17)

The system’s exergy efficiency can be represented as follows:

ηex =

( .
Wnet +

.
Ex16

)
× tDay

.
Exsun × tsun +

.
Ex17 × tDay +

.
E

WI
x

(18)

The exergy balance equations of each unit are shown in Table 4.
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Table 4. The exergy balance equations of the system [33].

Component Exergy Balance Equations

PTC
.
E

Sun
x +

.
Ex4 =

.
Ex1 +

.
E

D
xSun

Pump1
.
Ex1 +

.
WPump1 =

.
Ex2 +

.
E

D
xP1

Pump2
.
Ex3 +

.
WPump2 =

.
Ex4 +

.
E

D
xP2

Evaporator
.
Ex8 +

.
Ex2 =

.
Ex5 +

.
Ex3 +

.
E

D
xEva

WI
.
E

WH
x +

.
Ex5 =

.
Ex6 +

.
E

D
xWI

IHE1
.
Ex6 +

.
Ex15 =

.
Ex7 +

.
Ex9 +

.
E

D
xIHE1

IHE2
.
Ex7 +

.
Ex14 =

.
Ex8 +

.
Ex15 +

.
E

D
xIHE2

Turbine
.
Ex9 =

.
Ex10 +

.
WTur +

.
E

D
xTur

IHE3
.
Ex10 +

.
Ex13 =

.
Ex11 +

.
Ex14 +

.
E

D
xIHE3

Turbine
.
Ex10 =

.
Ex11 +

.
Ex13 +

.
WTur +

.
ExDTur

Pump3
.
Ex12 +

.
WPump3 =

.
Ex13 +

.
E

D
xP3

TEG
.
Ex11 +

.
Ex17 =

.
Ex12 +

.
Ex16 +

.
E

D
xTEG

2.5. Economic Analysis

Accounting for economic analyses—especially hourly costs—will yield a comprehen-
sive knowledge of the proposed systems. The total investment cost encompasses capital
expenditures and ongoing operation and maintenance costs. The formula utilized to
ascertain the total investment rate is as follows [34]:

.
Zk = Zk·CRF

φ

τ
(19)

where φ denotes the maintenance factor, which is assumed to be 1.06 in this work; Zk
stands for the capital invested in each component, CRF for the capital recovery factor (0.11),
and τ for the number of working hours annually (7446 h).

CRF =
i·(1 + i)n

(1 + i)n − 1
(20)

where i is the interest rate, which is 0.1, and n is the life time of the system (20 years). The
cost of a heat exchanger is heavily influenced by the heat transfer area. One approach to
determining this area is to use the following formulas [35]:

Ai =

.
Qi

∆TmUi
(21)

∆Tm =
∆T1 − ∆T2

ln ∆T1
∆T2

(22)

where
.

Qi represents the flow rate of heat transfer, Ui denotes the heat transfer coefficient,
∆Tm means the Logarithmic Mean Temperature Difference (LMTD). The capital investment
of each component is given in Table 5.
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Table 5. Each component’s investment cost rate, based on references [29,36].

Component Capital Expense Function (USD)

PTC ZSC = 240 AaN
Evaporator ZEva = 276 A0.88

Eva
WI ZWI = 2567 (3600 mWI)

0.67

Pumps ZPump = 3540
.

W
0.71
Pump

TEG ZTEG = 1500
.

WTEG

Turbine ZTur = 4750
.

W
0.7
Tur

IHE ZIHE = 12000
(

AIHE
100

)0.6

3. Results and Discussion
3.1. Validation

Regarding the novel aspect of the suggested system, a thorough verification of its
essential elements was carried out to maintain the precision of the analytical findings. The
data in our system were validated against the findings reported in the articles authored
by Yu et al. [12], and Yang et al. [37]. During the validation process, the ORC was utilized
as the benchmark. To enhance system efficiency, the TEG was integrated into our present
work. However, to maintain consistency between the two systems, the output power of
the TEG was not considered. With identical input parameters, the exergy efficiencies of
the three systems were measured at 22.2%, 24.3%, and 24.3%, respectively. The validation
results show remarkable alignment with the conclusions presented in the referenced works.
Table 6 represents the details of the validation results.

Table 6. The validation results of the proposed system with Toluene as the working fluid.

PEVA (bar) Tinlet
Tur (◦C) ηORC (%)

Yang et al. [37] 37.12 311.5 22.2
Yu et al. [12] 37.12 313.3 24.3
This work 37.12 313.3 24.3

3.2. ANN

The thermodynamic properties and modeling of the system were simulated using
Engineering Equation Solver (EES). The working fluids for the PTC, WI, and ORC were
Dowtherm A, Therminol VP1, and Toluene, respectively. The flowchart of the proposed
system is shown in Figure 2. The simulation process can be outlined as follows: after
thermodynamic modeling, 1000 randomly generated datasets were inputted into an ANN.
By leveraging the ANN, the system demonstrates its capability to predict outputs accurately,
with optimal precision, minimal complexity, and reduced computational expense. The
ANN serves as a dependable tool in energy systems for predicting outputs based on
primary input characteristics.

The 1000 random data points were divided into three subsets: training (70%), testing
(15%), and validation (15%). To achieve optimal system performance, the NSGA II algo-
rithm was employed for system optimization. Following optimization, the Pareto frontier
revealed several viable solutions. Subsequently, the TOPSIS decision-making method was
employed to select the best solution. The optimization criteria included the hourly cost of
the system (

.
Ztot) and the exergy efficiency of the system (ηex). Given that both parameters

were of equal importance, equal weights were assigned to them.
The validation result of the ANN is presented in Figure 3. The coefficient of deter-

mination (R), which has the highest accuracy at the value of 1 on the y = x line, shows
the difference between the actual and predicted outputs. The values of the correlation
coefficient (R) for the hourly cost and exergy efficiency are 1 and 0.99998, respectively. This
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high level of consistency between the actual and predicted values serves as compelling
evidence of the accuracy of the ANN.
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3.3. Parametric Analysis

To ascertain the influence of different input parameters on exergy efficiency and the
hourly cost rate of the system, a parametric study was conducted. The total area of the
PTC (Atot) and the inlet temperature of the evaporator (T2) were sensitive to

.
Ztot and ηex.

Figure 4 presents the influence of the Atot and T2 on the performance of the system. The
cost of the PTC was included in the initial investment, and an increase in the number of
collectors led to a rise in the hourly cost. A peak value was observed at 9000 m2, with a
corresponding hourly cost rate of USD 69.13/h. According to Equation (18), there exists
a linear relationship between exergy efficiency and net output power. An increase in the
number of collectors leads to a rise in net output power, consequently increasing exergy
efficiency. A peak value was also observed at 9000 m2, where the exergy efficiency reached
24.49%. The parameter T2 exerted a significant impact on the system’s performance. T2
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ranged from 350 ◦C to 380 ◦C, with the minimum efficiency (ηex) observed at 380 ◦C,
registering at 21.31%. Correspondingly, the

.
Ztot exhibited a similar pattern. At T2 = 350 ◦C,

.
Ztot peaked at USD 42.84/h.
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Two additional crucial parameters significantly impacting the system’s performance
were the turbine inlet temperature (T9) and the output temperature of the WI unit (T6).
The impact of these parameters is graphically depicted in Figure 5. As the T9 and the
T6 increased, the output parameters

.
Ztot and ηex demonstrated a corresponding increase.

This rise in T9 and T6 led to an increase in net output power, consequently boosting the
exergy efficiency. Moreover, the elevated temperatures led to a larger heat transfer area,
consequently driving up the initial investment costs.
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3.4. Multi-Objective Optimization

Deb [38] introduced the widely used multi-objective optimization method NSGA-II
in 2002. The main concept of NSGA-II can be succinctly articulated as follows. Initially,
a population is randomly generated, and through the fundamental genetic algorithm
procedures of selection, crossover, and mutation, an offspring population is produced.
Secondly, from the second generation onward, the parent and offspring populations are
merged for expedited, non-dominated sorting. This sorting process is pivotal in ascertaining
the crowding degree of each individual within every layer. Ultimately, until the termination
criteria for the program are met, new offspring populations are iteratively generated
utilizing the core functions of the genetic algorithm [39].
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In the current study, to achieve optimal system performance, NSGA-II was imple-
mented for system optimization. Based on the parametric analysis, four input parameters
were selected as the optimized input variables: Atot, T2, T9, and T6. The output optimization
variables were

.
Ztot and ηex. The respective ranges of variation for these parameters are

detailed in Table 7. For the NSGA-II process, the following parameters were employed: a
population size of 200 individuals, a crossover fraction of 0.7, a migration fraction of 0.4,
and a maximum of 100 generations.

Table 7. The input and output parameters for NSGA II.

Input Range Output Aim

The total area of the PTC 5000 ≤ Atot ≤ 8000
.
Ztot To be minimized

The inlet temperature of the evaporator 350 °C ≤ T2 ≤ 380 °C ηex To be maximized
The inlet temperature of the turbine 260 °C ≤ T9 ≤ 280 °C
The outlet temperature of the WI 380 °C ≤ T6 ≤ 400 °C

Figure 6 depicts the Pareto optimal solutions frontier, illustrating a trade-off between
the hourly cost of the system and the exergy efficiency. Through non-dominated sorting
and crowding distance analysis in the goal space, this front reveals a comprehensive set
of solutions for the system. It is evident from Figure 6 that any alteration in one response
has a consequential impact on the other response. Specifically, an increase in exergy
efficiency correlates with an increase in the hourly cost. The Pareto frontier indeed presents
a collection of equivalent solutions, necessitating the intervention of a decision-maker to
discern the optimal solution.
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Utilizing distances to both ideal and anti-ideal points, TOPSIS emerges as a robust
multi-criteria decision analysis technique adept at ranking items on a scale from ideal to
non-ideal solutions. Vectors are commonly employed to furnish descriptions of options
regarding the features under consideration [40]. This method aims to select the alternative
with the smallest distance to the ideal solutions, thereby optimizing the decision outcome.
The TOPSIS point of this work is marked in Figure 6, and the relevant details are present in
Table 8. The best solution chosen by TOPSIS shows that the exergy efficiency of the system
is 22.98% and the initial hourly cost is USD 43.08/h.

Table 8. The relevant details of the TOPSIS point.

Parameters TOPSIS Value

T9 (◦C) 279.83
T2 (◦C) 348.27
T6 (◦C) 394.33
ATol (m2) 5705.82
ηex (%) 22.98
.
Ztot (USD/h) 43.08

3.5. Economic Analysis

Figure 7 illustrates the hourly cost distribution for each component of the system. The
system was categorized into seven main parts: the evaporator, turbine, HEX, TEG, solar
collector, pump, and the WI unit. The total hourly cost amounts to USD 43.08, with the
solar collector emerging as the costliest component at USD 22.9/h, which accounts for
53.2% of the total hourly cost. The ORC turbine, priced at USD 8.566 per hour, constitutes
the second-largest hourly expense, amounting to 19.9% of the total initial hourly cost. Next
are the TEG, WI unit, and evaporator, which account for 11.2%, 8.7%, and 3.8% of the total
initial hourly cost, respectively. The ones that cost the least are the HEX and pump, which
occupy 2% and 1.2%, respectively. The corresponding details are given in Table 9.
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Table 9. The economic analysis detail of each component.

Elements Hourly Cost (USD/h) Percentage (%)

Evaporator 1.625 3.8
Turbine 8.566 19.9
HEX 0.874 2
TEG 4.821 11.2
Solar collector 22.9 53.2
Pump 0.529 1.2
WI 3.766 8.7

Based on Figure 7, it is evident that the cost of solar collectors influenced the economic
performance. Therefore, future efforts will focus on mitigating the investment required
for solar collectors. This may involve exploring avenues such as optimizing working fluid
selection or integrating nanoparticles into the working fluid.

4. Conclusions

The primary focus of this investigation centered around designing a pioneering hybrid
solar–waste power plant utilizing an ORC. The WI unit was integrated to solve the inter-
mittent challenge of solar energy. The TEG was incorporated into the system, replacing
the traditional condenser in the ORC, to enhance the cycle’s output power. The created
models were optimized by combining NSGA II and ANN optimization techniques, and
the Pareto optimal frontier was used to show the best results. In the set of optimization
results, the TOPSIS decision-making method was employed to select the optimal solution
for the system.

The parametric analysis reveals that four input parameters—the total area of the solar
collector (Atot), the output temperature of the PTC (T2), the inlet temperature of the turbine
(T9), and the outlet temperature of the WI (T6)—significantly influence the performance
of the system. The hourly cost of the initial investment (

.
Ztot) and the exergy efficiency

(ηex) increase with the Atot, T6, and T9, but decrease as the T2 increases. The Pareto frontier
also presents a set of optimal points that choose the

.
Ztot and ηex as optimization variables.

TOPSIS identifies the best solution as the one with an hourly cost of the initial investment
at USD 43.08/h and an exergy efficiency of 22.98%. Under this condition, the Atot, T2, T9,
and T6 are 5705.82 m2, 348.27 ◦C, 279.83 ◦C, and 394.33 ◦C, respectively.

The economic analysis reveals that the solar collector constitutes the most significant
portion of the total initial hourly cost, accounting for 53.2%, equivalent to USD 22.9/h.
The ranking of the remaining components in terms of their contribution to the total initial
hourly cost is as follows: turbine (19.9%), TEG (11.2%), WI (8.7%), evaporator (3.8%), HEX
(2%), and pump (1.2%). Future work can focus on reducing the cost of the solar collector,
for instance, by exploring alternative working fluids to enhance its efficiency.
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