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Article Info Abstract

Photovoltaic/thermal (PV/T) systems are used to produce electricity and useful
ISSN (Online): 2582-7138 heat from solar radiation. They are influenced by coupled thermal, hydraulic,
Volume: 07 exergetic, and economic interactions. The synergistic effect of the nanofluid
Issue: 04 concentration, pumping power, collector area, and thermoelectric-generator

(TEG) operating modes is not fully captured by the independent optimization
studies based on a single parameter. For this purpose, a hybrid Jellyfish Search—
Gradient Based Optimizer (JS-GBO) is proposed to optimize the exergo-
economic performance of an AlQOs/water PV/T-TEG system for constrained
optimization. To overcome these issues, a hybrid Jellyfish Search-Gradient Based
Optimizer (JS-GBO) is proposed for constrained exergo-economic optimization
of an AL.Os/water PV/T-TEG system. A steady-state thermal, hydraulic, exergy,
and economic model is developed, and a large search is carried out by the Jellyfish
Search phase, while a local search is carried out by the implemented Gradient
Based Optimizer phase. The model is tested with 366 daily weather records from
the station of Baghdad during the year 2020 and is compared with JS, GBO, GA,
and PSO with the same budget of the evaluation process. A feasible JS-GBO
design is obtained at 0.04611 kg s™* mass flow rate, 9.7906 m2 collector area,
32.783 °C TEG hot-side temperature, and 0.3397 vol.% nanoparticle
concentration. An exergy efficiency of 17.5507%, net electrical power of 1468.47
W, useful thermal output of 3374.44 W, NPV of 1180.78 USD, and LCOE of
0.07932 USD kWh™ are obtained. The pressure drop and energy balance
conditions are fulfilled. Based on the best mean objective and lowest variability,
PSO is determined as the feasible and competitive, if not the best, method when
compared to JS-GBO
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1. Introduction

The rising demand for electricity, coupled with worries about fossil-fuel usage, energy security and emissions of greenhouse
gases, has grown the deployment of renewable-energy technologies. Solar energy is a renewable energy source which is widely
acknowledged due to its distribution capability, modularity, and availability. Photovoltaic (PV) systems are therefore widely
used to directly transform the solar irradiation into electricity [, A significant portion of the solar radiation is, however, absorbed
as heat and not electricity. This temperature increase results in a decrease in the efficiency of the PV-cell to convert electricity.
Thus, it is necessary to have efficient thermal management to preserve the PV performance and collection of the rejected heat
for beneficial purposes 1.
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To overcome this limitation, a new technology that generates
both useful thermal energy and electricity is developed,
known as photovoltaic/thermal (PV/T) collectors. A typical
PV/T involves a working fluid being circulated through a
thermal absorber mounted on the back of the PV module I,
The heat is removed from the photovoltaic cells, the
temperature of the photovoltaic cell is lowered, and the
thermal energy is supplied for the use of domestic, industrial
or low-temperature heating. These benefits notwithstanding,
the overall performance of a PV/T system is still highly
sensitive to the thermal characteristics of the coolant, the
solar irradiance, ambient conditions, mass-flow rate,
collector shape and operating temperature .. Furthermore, it
is not always the most economical system that will result
from improved thermal output since the additional pumping
power or the cost of materials or the number of additional
component parts required could compensate for the energy
gain B,

In hybrid solar system, another possibility of energy recovery
is through the use of thermoelectric generators (TEGs) 1. A
TEG is a device that converts directly a temperature
difference to electricity using the Seebeck effect. A hot side
of the TEG can be thermally connected to the absorber or the
rear surface of the PV, and the cold side can be cooled by the
circulating fluid, when being integrated with a PV/T collector
[ Under this scheme, a fraction of the thermal energy
produced is used to generate additional electricity. However,
the temperature difference between the module, thermal-
contact resistance, cooling efficiency and material properties
have significant influence on TEG performance.
Inappropriate operating conditions may lead to sub-optimal
electrical gain and undesirable thermal loss or extra costs to
the system 1,

Nanofluids are being given more and more attention as
enhanced heat-transfer fluids for use in solar thermal and
PV/T systems. These fluids are made by suspending metallic,
metal-oxide, carbon or hybrid nanoparticles in a traditional
base fluid like water, ethylene glycol or a water-glycol base
fluid 1. Better heat removal from the PV cells can be
achieved due to the increase of thermal conductivity and
convective heat transfer properties of the cell 9, This will
lead to lower PV operating temperatures, higher thermal
output, and better TEG temperature gradients. But the
concentration of the nanoparticles in the nanofluid needs to
be carefully chosen as high nanoparticle loading may lead to
higher pumping-power requirement, higher pressure drop,
higher fluid preparation cost, and higher viscosity M. This
means that when using nanofluids a multi-variable design
problem arises, where the thermal penalty has to be weighed
against the hydraulic and economic penalties (12,

Energy efficiency should not be the sole criterion for
assessing the performance of an integrated PV/T-TEG
system (31, An analysis of energy tells us how much useful
energy is produced, while an exergy analysis tells us how
good the thermodynamic quality of the energy is and what
useful work it could [*3 241, Moreover, the system's practicality
is verified with economic metrics such as capital investment,
operation and maintenance cost, levelized cost of energy,
payback period and return on investment [, Therefore, a
framework that combines thermodynamic performance and
cost-related consequences is necessary, known as an exergo-
economic framework. Such a system enables identification of
the operating conditions for the technically efficient and
economically viable hybrid solar-energy system 21,
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The optimization of this system is difficult, due to the non-
linear interaction between some of its decision variables 7],
The mass-flow rate of the coolant influences heat removal,
pumping power, PV temperature, and TEG cooling
conditions. The collector area influences solar-energy
collection as well as installation costs [* 18], The temperature
on the hot side of the TEG has a significant effect on the
temperature gradient that can be achieved and on the
electrical output, while the concentration of the nanofluid has
a significant effect on heat-transfer enhancement and
hydraulic losses 1% 1 When the objective function is
complex, nonlinear, constrained, and multiple modes,
conventional optimization methods might be less applicable.
For this reason, metaheuristic algorithms are very popular
and can be used to achieve global search without making
restrictive assumptions on the mathematical structure of the
objective function 20211,
A hybrid Jellyfish Search—Gradient Boosting Optimizer (JS—
GBO) framework for the exergo-economic optimization of a
PVIT system integrated with thermoelectric generators using
a nanofluid is proposed in this work. The population-based
movement mechanism of the Jellyfish Search algorithm
guides the search process to explore the search space broadly
using the algorithm Jellyfish Search 2. The Gradient
Boosting Optimizer is then used to further optimize the most
potential solutions and local exploitation. A search process
which is both reliable and effective is desired by utilizing
both exploration and exploitation mechanisms. The exergo-
economic performance of the proposed hybrid system is
optimized by using the integrated framework by selecting the
optimized operating and design variables [%3],

The combination of PV/T, thermoelectric generation,

nanofluids and optimization is an unresolved design

challenge, but each has been studied in the past I 3 ©l,

Coupled thermal, hydraulic, electrical and economic effects

affect the electrical and thermal performance of a PV/T-TEG

system [ 8. For instance, higher heat transfer performance
from the nanofluid can be utilized for the cooling of PV
systems as well as the TEG power generation systems, but

may also increase pumping needs and operating costs 3 % 11,

Thus, optimization needs to be done in a coordinated way to

determine the optimal combination of flow rate, collector

area, TEG hot-side temperature, and nanofluid concentration

due to technical and economic constraints 17 201,

The main objective of this study is to develop and apply a

hybrid JS-GBO optimization framework for a nanofluid-

based PV/T-TEG system. In particular, the following
objectives will be tackled:

e To develop the thermal, electrical, exergy and economic
models of the integrated PV/T-TEG system.

e To investigate the effect of nanofluid concentration on
improving heat transfer, the reduction in PV temperature,
TEG output, and pumping-power demand.

e To design an exergo-economic objective function that
incorporates the energy quality and the economic
viability.

e To maximize the flow rate of the coolant, the collector
area, hot-side temperature of the TEG, and the
concentration of the nanofluid under certain operating
conditions.

e To compare the proposed JS-GBO framework with the
stand-alone JS, GBO, genetic algorithm and particle
swarm optimization methods.
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The main contributions of this paper are summarized as
follows:

A complete exergo-economic model of PV/T collector
with thermoelectric generators using nanofluids is
developed.

The synergic effects of the nanofluid heat-transfer
improvement, hydraulic  losses, PV electrical
performance, thermal recovery, and TEG power
generation are taken into account in a single optimization
framework.

A hybrid Jellyfish Search—Gradient Boosting Optimizer
is proposed to achieve the balance between global
exploration and local exploitation in the system-design
process.

The proposed method is aimed at optimizing
simultaneously the main operating and design variables
instead of separately optimizing the energy and
economic indicators.

A comparative assessment is carried out with the
individual and conventional optimization algorithms,
according to the convergence behavior, the optimum
value of the objective function, the energy indicators, the
exergy indicators, and the economic parameters.

The rest of this paper is organized in the following manner.
In Section 2, the nanosecond based PV/T-TEG configuration
is described and the literature is reviewed. In Section 3, the
energy, exergy and economic formulations are presented,
followed by the proposed optimization framework JS-GBO,
decision variables and constraints. The optimization results,
comparative algorithmic performance, sensitivity analysis,
energy and exergy outcomes and economic indicators are
presented and discussed in Section 4. Finally, in Section 5,
the main conclusions, practical implications, limitations and
recommendations for future work are presented.

2. System Description and Literature Review

2.1 PVIT System Architecture

A photovoltaic/thermal (PV/T) system is configured to
generate electrical and thermal energy from the same incident
solar radiation. In general, the hybrid collector is built of a
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PV module, a transparent protective cover, encapsulating
layers, a thermal absorber plate, coolant channels, thermal
insulation and supporting structural elements. A fraction of
the sunlight is absorbed by the PV cells and generates
electricity Y1, The energy left over is mostly converted to heat,
causing the cell's temperature to rise, and lowering electrical
efficiency. Hence, a coolant channel is located behind the PV
module or absorber plate to dissipate the excess heat and keep
the operating temperature more desirable &I,

The proposed configuration is such that a nanofluid is
circulated in the cooling channel. The heat is transferred from
PV cells to the absorber plate, and then to the circulating
nanofluid 1. The heat recovered is then ready for low
temperature thermal uses or for additional recovery by a
thermoelectric generator. The electrical power generated by
the PV module is influenced by the solar irradiance, cell
temperature, electrical properties and surface conditions [©l,
In the meantime, the useful thermal production is controlled
by the fluid mass-flow rate, inlet temperature, channel design,
area of the collector and the thermophysical properties of the
fluid. A PV/T collector is thus not considered as a standalone
PV module, but more of a PV/electrical-thermal energy-
conversion system. Research on the PV/T-TEG systems with
the use of nanofluids shows that the output of the PV can be
enhanced with effective cooling, and the recovered thermal
energy can be utilized elsewhere [,

The detailed configuration of the modeled nanofluid based
PVIT-TEG system is shown in Fig. 1. Covered PV layer
receives solar radiation and a fraction of the absorbed energy
is utilized for generating electricity while the rest is
conducted toward the absorber and TEG modules €1 [8], The
TEG array is used for converting some of the temperature
difference into extra electrical power, and the circulating
Al,Os/water nanofluid is employed to remove heat from the
absorber and the cold side of the TEG. The convective,
radiative, back-side, optical and hydraulic losses are
accounted for in the system balance while the recovered heat
is provided as a useful thermal output [, The electrical,
thermal, hydraulic, exergy and economic outputs are then
given to the exergo-economic assessment 2],
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2.2 Thermoelectric Generator Integration

A voltage is produced if there is a temperature difference
between two sides of a thermoelectric module. Typically a
module consists of thermoelectric legs of p-type and n-type
semiconductor materials. PV/T-TEG system, the hot side of
the TEG is thermally coupled to the heated collector surface,
absorber plate or rear surface of the PV module. The coolant
channel or auxiliary heat sink is connected to the cold side.
Therefore, part of the waste heat which is not directly
transformed by the PV module is used for producing
additional electrical power © 7,

The TEG performance depends on the difference between the
hot and cold side temperature, the contact resistance, module
geometry, thermal conductivity, electrical resistance and
cooling conditions. Increased difference between the two
temperatures can enhance the value of TEG voltage and
output power, but too high temperature can speed up PV
degradation and can cause thermal loss. As such, a balance is
needed between PV cooling and useful heat extraction, and
TEG operation. The numerical analysis results indicate that
the temperature on the cold-side of the system will be
lowered and the TEG output will be increased when using the
nanofluid to cool, but the system performance is still sensitive
to the coolant conditions and channel geometry 7 &,

2.3 Nanofluid Cooling Medium

Nanofluids are simply a traditional base fluid, like water,
ethylene glycol or a water—glycol mixture, which is mixed
with nanoparticles. Improving the thermo-physical properties
of the cooling fluid can be achieved by the use of metallic,
metal oxide, carbon and hybrid nanoparticles. A number of
nanoparticles, such as aluminum oxide, copper oxide,
titanium dioxide, silica, graphene and hybrid versions
thereof, are generally considered. An appropriate choice of
the type, size, morphology and volume concentration of the
nanoparticles generally leads to improved effective thermal
conductivity and convective heat-transfer performance [ °
10]

The heat transfer ability of the nanofluids is greater than that
of the conventional fluids so more heat can be removed from
the PV module. Thus, PV cell temperature can be lowered,
thermal generation can be raised and the temperature
difference over the TEG can be optimized. However, the
practical implications of using nanofluids with the associated
practical trade-offs must be taken into account. Increasing the
concentration of nanoparticles may result in a decrease in
viscosity and pressure and increase the pumping power
needed. Other factors such as nanoparticle agglomeration,
sedimentation, corrosion, long-term stability, and preparation
cost and maintenance should also be taken into consideration.
Although the performance of hybrid nanofluids could yield
better energy, exergy, environmental and economic
performance in simulated PV/T-TEG systems, the feasibility
of the hybrid nanofluids is dependent on the operating
conditions and cost parameters [+ 1. 121,

2.4 Current Optimization Methods and Techniques

The existing PV/T and PV/T-TEG studies are mostly
experimental tests, numerical simulation, parametric
analysis, thermodynamic modeling, and optimization-based
design. The performance of the system is evaluated in
experimental studies under controlled indoor conditions or
under outdoor solar conditions. Common measured
parameters include electrical power, thermal output, PV
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surface temperature, fluid outlet temperature, pressure drop
and TEG voltage. While experiment is crucial, it is often
limited by prototype costs, measurement uncertainty,
seasonal variation, and the number of operating conditions
that can be subjected to experiments [ 41,

Current Optimization Methods and Techniques, D. 24th
February 2014.Optimum techniques and methods: current,
D., Feb. 24, 2014. Most of the existing PV/T and PV/T-TEG
studies involve experimental testing or numerical simulation,
parametric analysis, and thermodynamic modeling and
optimization-based design. Experimental studies are
conducted in the system, either in controlled indoor
environment or in solar outdoor environment, to measure the
system performance. Common parameters are measured are
electrical power, thermal power output, PV surface
temperature, fluid outlet temperature, pressure drop and TEG
voltage. Experimental testing is crucial but the prototype is
expensive, the measurement is uncertain and the tests are
limited in number of operating conditions and seasonal
variations 41,

Numerical methods are often employed to simulate
temperature distribution, flow of fluids, thermal resistance,
electrical output and exergy performance. CFD, FE and
thermal-resistance models are used to study the cooling-
channel designs, the placement of TEGs, heat transfer
characteristics and behavior of nanofluids. There is also a
wide use of parametric analysis in which the other variables
are fixed while one variable is varied. This method offers
physical insight, but does not always fully reflect interactions
between flow rate, concentration of nanoparticles, collector
area, and the temperature of the TEG. Assessment of the
literature indicates that most of the available PV/T-TEG
nanofluid literature is still numerical or theoretical, and there
are relatively few experimental studies and three-dimensional
coupled models 91,

Non-linear and constrained operating conditions are
addressed using metaheuristic optimization techniques to
enhance PV/T performance. A set of candidate solutions are
evolved using a genetic algorithm (GA) which consists of
selection, crossover and mutation. The candidate solutions
are updated based on particle's own and swarm's search
experience by the particle swarm optimization (PSO). Other
nature inspired approaches are also used for optimizing the
exergy efficiency, electrical output, multi objective
performance indicators, and cost, as well as for thermal
efficiency. Algorithms, however, must converge; they must
not converge too quickly; one must be able to select
parameters that are suitable; and they must be performing
well when there is a good balance between exploration and
exploitation [17:20.22. 23],

Optimization for integrated PV/T-TEG systems is commonly
performed on exergy efficiency, electrical power, or the
thermal performance, or economic indicators. This can result
in a solution which is good for one measure, but bad for the
system as a whole. A high mass-flow rate, for instance, may
enhance the PV cooling performance, but may also raise the
pumping power and the operational expenses. Similarly, high
nanoparticle concentrations can improve heat transfer
performance, but can also result in higher viscosity, higher
pressure drop and higher nanofluid cost. So, it is necessary to
perform simultaneous exergo-economic optimization to
determine a design which can give an optimum balance
between thermodynamic quality and economic viability.
Table 1 introduces the problems and limitations of current
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methods [13 15171,

2.5 Research Gap

The available studies have shown that PV/T systems can be
enhanced by implementing the process of liquid cooling,
circulation of nanofluid, modification of the thermal channel,
and the process of extraction of waste heat using the TEG.
The TEG is a component used to recover some of the cooling
energy and convert it to further electricity generation, and
enhanced cooling is generally correlated with the reduction
of the PV temperature and an increased electrical
performance. These improvements are not, however, always
considered at the same time in terms of thermodynamics and
economy. The extra cost and hydraulic penalties of
circulation of the nanofluid are often not fully accounted for
in electrical, thermal and exergy performance indicators [ %
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11,13]

Moreover, the study of PV/T combination is mostly
conducted independently for optimization of PV/T module,
TEG module, cooling channels or nanofluid properties.
While the conventional and metaheuristic optimization
methods have been used for related energy systems, there is
still a lack of study on the integrated application of the hybrid
Jellyfish Search and Gradient Boosting Optimizer (GBO)
algorithms to a PV/T-TEG system using a nanofluid as an
absorber. The problem is filled by the proposed study that
integrates the global exploration ability of the Jellyfish
Search algorithm with the refined exploitation ability of the
Gradient Boosting Optimizer. Thus, a single exergo-
economic objective function is optimized, as well as
simultaneous thermal, electrical, hydraulic, and cost
constraints are taken into account 7. 2022 23],

Table 1: Problems and Limitations of Current Methods

No Current _met_hod or Main application in PV/T-TEG Problems and limitations
application systems
_ ) PV temperature reduction using air L|m|t¢_ad heat-tr_ansfgr capability may l_)e obtained, _part_lcul_a_rly
1. | Conventional PV cooling . under high solar irradiance. Water cooling can require significant
or water cooling :
flow rates and pumping energy.
Heat removal and low-complexit Lower heat capacity and heat-transfer coefficient are generally
2. | Air-based PV/T collectors plexity provided compared with liquid cooling. Larger ducts or fans may
thermal recovery b -
e required.
Water-based PV/T PV cooling and useful thermal- Corrosmn,_ leakage, f_reezmg risk, scaling, and PUMPINg-power
3. collectors energy recovery consumption can be introduced. Heat-transfer enhancement is
limited by the base-fluid properties.
Enhanced heat transfer and Increased viscosity, pressure drop, pumping power, sedimentation,
4. Nanofluid cooling reduction of PV operating nanoparticle agglomeration, stability concerns, and preparation cost
temperature can be introduced.
TEG integration with PV Recovery of waste heat as TEG efficiency is relatlvel)_/ low when _the temperature d_lfferencg is
5. . small. Thermal-contact resistance and inadequate cold-side cooling
or PVIT supplementary electricity
can reduce the generated power.
. . Evaluation of the effect of one Coupled interactions among variables are not fully represented. A
6. Parametric analysis - - - A
variable at a time global optimal solution is not guaranteed.
Prototype validation and real- High cost, long test duration, weather dependence, sensor
7. Experimental testing condition performance uncertainty, and restricted operating conditions limit broad design
measurement exploration.
CFD and finite-element | Temperature, flow, and thermal- High computational time can be required. Acc_urate results depend
8. - . - on boundary conditions, property correlations, and model
simulation stress prediction .
assumptions.
. Premature convergence may occur, and performance can be
. . Global search for design and " AN -
9. Genetic algorithm . - sensitive to population size, crossover rate, mutation rate, and
operating variables . oo
stopping criteria.
10 Particle swarm Fast optimization of nonlinear Local optima can trap the swarm, particularly when diversity is
' optimization design variables reduced during later iterations.
L L - Economic cost, pumping power, material cost, and long-term
11. Slngl_e que_ctlve Maximization of power, efficiency, feasibility may be neglected. A technically optimal design may not
optimization or exergy separately h :
be economically optimal.
Separate PV/T and TEG | Independent enhancement of PV/T Thermal coupl_mg betW?en the PV module, coolant_, and TEG is not
12. L - - fully exploited. The integrated system-level optimum may be
optimization cooling or TEG operation missed

3. Proposed Methodology

3.1 Model formulation and decision variables

In the present study, a numerical, steady-state exergo-
economic model of a PVT system with thermoelectric
generator modules coupled with a nanofluid-cooled PV
system is developed. The model is run at a given ambient
temperature, and solar irradiance. It is assumed that the
collector is uniformly irradiated and the heat transfer
processes at the collector surface can be represented as a
lumped one-dimensional thermal network. The temperature
field is iteratively calculated until the maximum difference

between the calculated temperature at the nodes is less than
the numerical tolerance specified. The decision vector is a
vector of zeros and ones that can be used to characterize a
decision as (1):

M

X = [mnf! AC' Th,TEG' d)]T!

The nanofluid mass-flow rate is denoted as 7,,¢, the collector

area is denoted as A, the prescribed TEG hot-side
temperature is denoted as Tjrz;, and the volume
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concentration of nanoparticles is denoted as ¢. The
optimization is performed for an Al,Os/water nanofluid. For
the numerical implementation, the following bounds of the
decision variables are employed. Table 2 introduces rang of
the independent variable used in the model 13 15],

Table 2: Ranges of the Independent Variables Used in the

Model
. Lower Upper .
Variable bound bound Unit
Nanofluid mass flow
. 0.005 0.100 kg s?
rate (m,,s)
Collector area (4,) 1 10 m?2
Hot side temperature of 25 80 oc
TEG (Threc)
Nanoparticle volume volume
fraction (¢) 0.0033 0.0300 fraction

The objective function is an exergoeconomic index with
weights. All of its exergy, economic and cost terms are
normalized with respect to a solution-independent minimum-

[ international Journal of Multidisciplinary Research and Growth Evaluation
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maximum normalization instead of a solution-dependent
minimum-—maximum normalization. This formulation allows
to give the objective scale without changing it during the
optimization process.

The computational flow of the proposed exergo-economic
optimization methodology is given in Fig. 2. Initially, the
decision variables are given the bounds of the problem
constraints and then each candidate solution is to be tested
through the coupled thermal, TEG, hydraulic, exergy, and
economic models for the problem. Norm and penalize
constraint violations and retain improved feasible candidates.
The Jellyfish Search phase is then applied for general global
exploration and the highest-ranking JS individuals are passed
to a complete GBO population to be refined locally.
Feedback is given by repeatedly evaluating the model,
comparing the model to an objective or checking the
constraint(s) and updating the best model solution until the
iteration and independent run limits are met. The final
possible design is then checked using the energy-balance

residual and annual equivalent-operating-hours simulation 2>
23]

Define inputs, material properties, weather data,
bounds, constraints, and objective weights
Decision vector:
Titny, A, Thec, ¢

( Evaluate pure-water reference design ]
I s
{ Initialize population uniformly within bounds ]
¥
( Evaluate each candidate
" Candidate evaluation (multi- physics and economic i model)
Calculate C: alcuhl: ] L:k‘uhle ] Calculate ‘i Calculate ] Calculate Calculate objective
nanofiuld  |-»| thermal |- TEG - hyduuln |+ exery || economic || functionand
properties model J model model | indicators | | _ indiestors constraint violations

Apply normalized
quadratic-plus-linear p.-muy
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e
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selccl bm pa\ahud candidate I

Generate current-motion
trial solutions
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i
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i
|
|
i
i
Clip trial solutions to variable bounds )
|
i
)
i
i
i
i
i

Yes

- == Improvement obtained? s
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 GBO refinement phase
Generate gra a.mwmn. trials H Generate dlllmluv—muulmn trials
Clip tral sohlmm 10 variable bounds

No

i e —
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' GBO solution
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+
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GBO iterations
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i
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[ Re-evaluste thermal, hydr-»lk exergy, economic,
and coastraint models
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— N —
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)

—
Verify final design
(Pressure drop, PV temperature, Reynolds number,
TEG temperature difference, net power, NPV, encrgy-balance residual)
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Compare J5-GBO with JS, GBO, GA and PSO
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¥
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Algorithm Phase

( ) Start/End

Fig 2: Flowchart of the proposed JS-GBO-based exergo-economic optimization methodology.
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3.2 Energy and thermal model
The amount of solar-energy that the collector receives from
the incident sun is as (2):

Qsolar = GAC’ (2)
where G is the design-point solar irradiance. The amount of
solar energy absorbed by PV-cell region and exposed
absorber region is computed as (3), (4):

SPV = Tga’pVPF GAC, (3)
Sabs = Tgaabs(l - PF)GAC' (4)
where t,, is the cover transmittance, ap, and a,, are the

absorptivity's of the PV and absorber regions, respectively,
and PF is the PV packing factor. The remaining optical loss
is as (5):

Qopt = Qsolar = Spy = Saps- 5)

The PV electrical efficiency is a function of the PV cell
temperature as given by (6):

Mpy = 77ref[l - BPV(TPV - Tref)]' (6)

where Ny is the reference efficiency, 8, is the temperature

coefficient (expressed as a positive value), and T,/ is the

reference temperature. The PV input absorbed by the PV
region is used to calculate the electrical power generated by
this region as (7):

S
PPV = an “Ll;lt. (7)
The convective loss on the wind-side is determined as (8):

Qconv = thc(TPV - Ta)t (8)
where;
h, = 5.7+ 3.8V,,. 9)

In this case, V,, is the wind speed and T, is is the ambient

temperature. A Swinbank-type relationship is used to
estimate the effective sky temperature as (10):

Tk = 0.0552T5%, (10)

where the subscript K means, absolute temperature in kelvin.
The radiative loss is then affected by this. This therefore
affects the radiative loss as (11):

0,00 = €0A[(Tpy +273.15)* = Th, . (11)

whereas, ¢ is surface emissivity and ¢ is Stefan—-Boltzmann
constant. The heat loss from back-side is

Qback = UbAc(Tabs - Ta)' (12)

where U, is the back-loss coefficient and T, is the absorber
temperature. Thus, the total thermal loss is as (13):
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Qloss = Qconv + Qrad + Qback' (13)

A coupled two-node thermal balance is used to obtain the PV
and absorber temperatures. The PV balance is depicted by
(14):

Spy — Ppy = Qconv + Qrad + KPG(TPV - Tabs)' (14)

A material that absorbs the radiation is indicated by (15):

) Sabs + Kpa(TPV - Tabs) .
= Qpack + UAf(Tabs - Tf) + Qrge,n (15)

where K,,, = A./R,, is the PV-to-absorber conductance, R,
is is the effective PV-to-absorber thermal resistance, T/ is the
mean temperature. The nanofluid temperature is denoted as
nanofluid temperature and UA; is the absorber to fluid
conductance. The useful heat transferred to the nanofluid is
calculated from the calculated conductance and the difference
in temperature, which is determined as (16):

Qu = UAfmax(Tabs =Ty 0) + QTEG_C, (16)

where QTEG_C is the heat rejected from cold side of the TEG

to the nanofluid. The temperature of the outlet gas is
measured as (17):

Q

. )
MufCpnf

Tout = Tin + (17)

subject to upper bound number of the implementation Let
Ty, =T, + AT, where AT, =2 °C denote the inlet
temperature. The efficiency of the heat transfer system is as
(18):

Q

The relative energy-balance residual used to verify the
numerical solution is as (19):

Qsotar—(Qopt+Ppy+0Qy
RE = +Qconv+Qrad+Qback+PTEG). (19)

Qsolar

A small value of |RE| indicates numerical consistency of the
thermal model ™4,

3.3 Thermoelectric generator model

Each module represents a certain fraction of the collector area
and makes up the TEG array [ /. The number of installed
modules is equal to (20):

Nrpe = max (1, l%J)‘ (20)

mod

The fraction of TEG coverage f . isthe ratio of area of the

cover to the area of one module A4,,,,. The effective Hot Side
conductance is given by (21):
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1

Ry/Nrgg

K, (21)

The TEG is only turned on if the temperature of the absorber
is above the set hot-side temperature. Thus,

Qrgep = Knmax(Taps — Threer 0). (22)
The cold-side temperature is the result of the heat rejected by

the TEG and the greater cold-side heat transfer conductance
as (23):

Qrec,e
Torpe = Tin + ——, (23)
’ heTEGATEG

The electrical model's temperature difference is as (24):

ATrge = maX(Th,TEG — l¢TEG 0)- (24)

The TEG power is calculated as (25):

(NpaTEGATTEG)Z

Pregraw = Nrig T, (25)

where N,, is the number of thermocouple pairs per module,

arge 1S the Seebeck coefficient and R, is the internal
resistance. In order to preserve the thermal balance, the power
generated is limited dependent on the hot-side heat available
as (26):

Prge = min(P TEG,raw QTEG,h)- (26)

The heat that needs to be rejected to the coolant is then as
27):

QTEG,C = maX(QTEG,h — Prge, 0)' (27)

The gross and net electrical power are as (28), (29):

Pgross = PPV + PTEG' (28)
Pret = Ppy + Preg — Ppymp- (29)
Accordingly,
— @ _ Pnet+Qu
nel,net - cA.’ 77@11,01;97’all - 64, (30)

3.4 Hydraulic model and nanofluid properties
The mixture relation is used for the calculation of the
nanofluid density as (31) EI:

P =0 —=@)p,+ dp,. (31)

The volumetric heat capacity and specific heat are as (32),
(33):

(pc,),, = A= ®)(pc,), + b(pc,) ,  (32)
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(pcp)nf

= : 33
Cp,n f Puf ( )

Brinkman relation is used to estimate the dynamic viscosity
as (34):

_ upp(T5)
Hog T (1-¢)2%

(34)

where viscosity of base-fluid has been determined as a
function of temperature. The Maxwell model is used to
determine the effective thermal conductivity as (35):

3 kp+2kbf+2¢(kp_kbf)
knf = kbf(Tf) kp+2kbf—¢(kp_kbf) . (35)

The Prandtl number is as (36):

HUnfCpn
Pryy = —in’; L (36)

The mean velocity and the flow cross sectional area are as
(37):

D m
Ap==0 o, =—1 37
f nf Panf ( )

The Reynolds number is as (38):

Reny = % (38)

The implementation is based on the following correlations for
the case of laminar, transitional and turbulent flow. When the
flow is laminar Nu = 4.36 and f = 64/Re,;. The values for
the transitional range are computed as fixed values at Re =
4000. These Dittus—Boelter and Blasius correlations are used
for turbulent flow as (39)

Nu = 0.023Re*8Pr%*, f =0.3164Re™%25. (39)

The heat-transfer coefficient for the fluid side is as (40):

Nu knf

hy == (40)

The length of the fluid-filled channel is the pitch times the
number of absorbers L = A, /pitch as (41):

UAf = Fbondhf (mDyL), (41)

where Fp,,, is the bond or fin efficiency. The losses of
distributed or minor flows are included in the pressure drop
as (42):

2 2
L Pngv PrsV
AP = fD_h . > L+ Kininor nTnf (42)

The volumetric flow rate and the pumping power are as (43):
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. My, APV,
an = _f' Ppump = f- (43)

p nf 7Ipump

3.5 Exergy and economic calculations
The exergy rate of the sun is determined with the Petela
expression as (44):

. 4 (T, 1(Tg, *
Exsolar = GAC [1 - E(T_SK) + g (T_SK) ]’ (44)

where T is is the effective temperature of the solar-source.
Net electrical power is equal to electrical exergy as (45):

Exel = Pnet' (45)

The thermal exergy available is as (46):

Exth = max{mnfcp,nf[(Tout,K - Tin,K)

~ Toin (2251, o} (46)

in,K
Net useful exergy and exergy efficiency are therefore;

Exnet

Exnet = Pnet + Exth' Wex = (47)

Exsolar

The rate of exergy destruction, or the rate of exergy loss as
(48):

Exdest = Exsolar - Exnet' (48)

The capital costs consist of PV, absorber, TEG, nanofluid,
pump and BOS components as (49):

Cinv = Cpy + Caps + Crgg + Crp + Cpos, (49)
with
Cry = cpvAe
Cabs = CabsAc'
Cree = CrecNrEg: (50)

The cost of the nanofluid is determined by analysing the mass
fraction of the nanoparticles.

®p,
= —, 51
Wnp s (51)
so that
Cof = mnf[(l - Wnp)be + Wannp]. (52)

The annual operation and maintenance cost, the cost of
pumping-energy and the annual amount of pumping-energies
are as (53), (54), (55):

COM = fOMCinv' (53)
Cpump,ann = PpumpHequ' (54)
Enet,ann = P.)netHeq/looor

Eth,ann = QuHeq/loooﬂ (55)
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where H,, is the equivalent annual operating duration in
hours. Revenue earned from electricity and useful-heat are as
(56):

Rel = Enet,annce' Rth = Eth,anncth' (56)
The cash flow of each year is as (57):

CF =Ry + Rep — Com — Cpump,ann- (57)

The NPV of the project over its lifetime of N years with a
discount rate of r is as (58):

1
NPV = ~Ciny + CF )1 o5 (58)

The factor for the recovery of the capital is as (59):

r(1+m)N
1+r)N-1

CRF = (59)

The annualized capital cost is Cg,,, = CRF C,,,. The code
employs the following net levelized electricity cost approach,
which includes the credit for useful-heat revenue as (60):

C, +Com+C, , —R¢n
LCOEnet _ tann pump,ann ! (60)
maX(Enet,ann. 6)

Simple payback period is as (61):

PBP = — v __ (61)

max(CF, €)’

and the reported return indicator is the NPV to investment
ratio as (62):

NPV

v

This definition is used in the code and should not be confused
with an annual cash-flow return ratio.

3.6 Weighted exergo-economic objective and constraints
The objective terms are re-scaled with reference to the pure-
water design as (63) (31 151 [271;

n
I — ex ,
ex "ex,ref
I NPV
econ — NPVref’
LCOE,,
cost — LCOE,e;' (63)
The objective for the weighted maximization is as (64):
F =wyley + Walecon — Walcosts (64)
where;
wyt+w,+w; =1 (65)

Minimization of the penalized objective by the optimization
routine as (66):
] =—F + Byep. (66)
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The constraints that have been implemented are as (67), (68),
(69), (70), (72):

Tpy < 85 °C, (67)

ATrge = 5K, (68)

Rey; < 10,000, (69)

AP < 47,500 Pa, (70)

Pree > 0, NPV > 0, Tyrpg < Tps- (71)

The pressure-drop limit is 47.5kPa, which is five percent
below the physical limit of 50kPa. The limits of the constraint
violations are normalized and the violations are penalized
with a large quadratic-plus-linear penalty. A candidate is
feasible if all the normalized violations are within numerical
tolerance.

3.7 Jellyfish Search, GBO, and hybrid implementation
Initial population is set at random in between the bounds. The
Jellyfish Search phase is in 3 phase of movement. If the
coefficient of the time control is great, a movement based on
current is used as (72) 22 23

Xt = a1 (xhes — Brit), (72)

When uf is is the population mean. If not, the candidate is
passively or actively moved towards a random candidate. A
trial point is glued to the variable bounds was strictly adhered
to and only accepted when it decreased J. The calculation
coefficient of time control in the implementation is as (73):

t
= |(1 -
Tmax

The Gradient Based Optimizer phase will be started using the
JS population and the top JS candidates will be immediately
assigned to the first elite positions. The remaining candidates
are left so as to maintain diversity of the population. The
updated GBO (adaptive coefficient) is implemented.

) (2r — 1)|. (73)

B, =02+ (12-02) [1 - (ﬁﬂz (74)

and an oscillation coefficient as (75):

B,sin (37“ + sin (3%&» | (75)

A gradient search perturbation is created from the best and
worst individuals in the population and a difference mutation
component is created from a subset of individuals chosen at
random from the population for each candidate. The resulting
trial candidate is then clipped to the bounds and it is only
accepted if its penalized objective is better. The present
implementation is also based on the adaptive population
perturbation which was performed in the MATLAB GBO
routine; thus, The applied GBO variant was called “applied
GBO” instead of being an exact copy of all published GBO
formulations. The hybrid algorithm uses a total humber of
iterations that are split into two consecutive phases as (76):

a; =

T)s = round(w]STmax)' Tepo = Trax — Tjs (76)
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with w;s = 0.60. The elite fraction is w; = 0.50, thus the top
50% of the JS population gets to propagate the GBO
population. All 5 algorithms have the same population size,
number of iterations and budget for objective evaluation. The
number of iterations used for the reported comparison is
3630, the number of object evaluations per independent run,
and the total iteration budget is 120, with the population size
being 30. The final design reported for JS-GBO is the best
feasible solution obtained among the independent JS-GBO
runs as (77):

xopt = argminxej’-‘](x): (77)

The feasible design set is denoted as where F. The
performance indicators are determined by analysing the final
design in the same thermal, hydraulic, exergy and economic
model.

Results of the optimization are compared to the results of the
standalone JS, the standalone GBO, the real-coded genetic
algorithm, and particle swarm optimization. The comparison
is based on the “best value”, “mean value”, “standard
deviation (20 independent runs)”, “computational time”,
“convergence behaviour” and “equal objective-evaluation
budget”. The comparison is not supposed to conclude that
one metaheuristic is superior to the rest, but rather it should
be seen as an evaluation of the performance of the adopted
metaheuristic and parameters, [7: 20. 22, 23],

3.8 Annual equivalent-operating-hours simulation

Data for the annual assessment is provided by the daily
NASA POWER data of irradiation and ambient temperature
for Baghdad in 2020. The daily irradiation is converted to an
equivalent daytime irradiance for each day, based on (78):

G, = de1ooo’ (78)

Hsun

The daily solar irradiation H, received at any given day and
location in kWh-m™2-day? is calculated, where H,,, = 5.5
h-day™ is the adopted equivalent sunshine duration. The
daily operating time at the aggregation is then as (79):

Aty = Hax1000 (79)

Ga

The annual amounts are calculated by taking the steady-state
model for each of the daily weather records and adding them
up. This procedure is performed as an annual equivalent
operating hours simulation that is based on daily data and not
on a 24-hour simulation transient. In the absence of the
weather file, a synthetic weather fallback series is created.
Results from this alternate series should not be used to report
as NASA POWER-based results 1231,

3.9 Numerical verification

The last candidate only gets accepted if the feasibility flag is
true. Also, the residual, in the form of a number, is presented
for the final design as the energy-balance. There are two main
requirements for verification as (80), (81):

|RE| « 1, (80)

And
AP < 47,500 Pa, (81)
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Tpy < 85°C, ATyze = 5 K,
Rey; < 10,000, Py, > 0, NPV > 0. (82)

4. Results and Discussion

4.1 Optimal Solution

The model results are validated using the 366 daily weather
dataset of the city of Baghdad for the year 2020 (PV/T-TEG
model). A mean daily irradiation of 5.452 kWh-m2-day?, an
annual irradiation of 1995.3 kWh-m™2-year, a design-point
irradiance of 991.19 W-m™2, and a mean ambient temperature
of 24.60 °C are obtained. The economic and annual
performance calculations are conducted using an equivalent
annual operating period of 2013 h.

The optimal JS-GBO design is obtained at a nanofluid mass-
flow rate of 0.04611 kg-s™2, a collector area of 9.7906 m?, a
TEG hot-side temperature of 32.783 °C, and an Al;O3
concentration of 0.3397 vol.%. The resulting pressure drop is
47101.69 Pa, which is lower than the design limit of 47500
Pa and the physical limit of 50000 Pa. The optimum design
yields an exergy efficiency of 17.5507%, a net electrical
power output of 1468.47 W, and a useful thermal power
output of 3374.44 W. The economic indicators are evaluated
as an NPV of 1180.78 USD, an LCOE of 0.07932
USD-kWh, and a simple payback period of 7.64 years. The
relative energy-balance residual is constrained to 7.611 x
1075, which verifies the numerical consistency of the reported
operating point. The optimized design decision variables,
feasibility indicators and the main performance metrics are
summarized in Table 3.

Table 3: Summary of the Optimal Operating Point Obtained by the
JS-GBO Algorithm
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Fig 3: Baghdad Daily Irradiation Based on NASA POWER Data
for 2020.

4.2 Comparison with Other Algorithms

The corrected implementation is compared with stand alone
Jellyfish Search (JS), Gradient Based Optimizer (GBO),
Genetic Algorithm (GA), Particle Swarm Optimization
(PSO) and the proposed JS-GBO. All algorithms use the
same number of individuals, iterations and number of
evaluations of the objective function. There are 20
independent runs and in each run 3630 evaluations of the
objective. Table 4 shows the statistical comparison of the
optimization algorithms. The problem is set up as a
minimization, so lower objective values mean better
performance.

Table 4: Statistical Performance Comparison of the Optimization

The climatic basis for the annual simulation is set in Fig. 3.
An annual irradiation of 1995.3 kWh-m™2-year is obtained
from the 366 daily records, and a mean daily irradiation of
5.452 kwh-m2-day* is calculated. These data are converted
into a design irradiance of 991.19 W-m~ and an equivalent
operating time of 2013 h-year™.

Quantity Value Algorithms
Nanofluid mass-flow rate, r'nnf 0.04611kg s Mean
Collector area, 4, 9.7906 m? Algorithm obﬁeecsttive otl)\J'/IeecatL?ve 3;%?;?52 evalnusatio til\r/lnia(r; )
TEG hot-side temperature, T,y 32.7683 °C 35| -1.094257 | —1.056510 | 0.03077 | 3630 | 2.067
Nanoparticle concentration, ¢ 0.3397 vol.% GBO | —1.100026 | —1.071804 | 0.02144 | 3630 3956
Pressure drop, 4P 47101.69 Pa GA —1.105006 | —1.072461 | 0.04564 | 3630 | 1.792
Design pressure-drop limit 47500 Pa PSO —1.105350 | —1.104706 | 0.000736 | 3630 2.072
Physical pressure-drop limit 50000 Pa JS-GBO | —1.098234 | —1.061193 | 0.02311 3630 2.549
Exergy efficiency, ., 17.5507% o ) ) )
Net electrical power, P 126847 W The lowest mean objective value |s.opta|nled by PSQ, with a
et value of —1.104706. The lowest variation is also achieved by
Useful thermal output, @, 337444 W PSO, yielding a standard deviation of 7.360 x 10~4. The mean
Net present value, NPV 1180.78 USD objective value obtained by the JS-GBO method on the
Net levelized electricity cost, LCOE | 0.07932 USD kwh feasible solution is higher than the mean objective values
Simple payback period, PBP 7.64 years obtained by the GBO, GA, and PSO methods, namely
Relative energy-balance residual 7.611x10°5

—1.061193. Hence, JS-GBO is not claimed to be superior to
all benchmark algorithms and is viewed as an effective and
competitive hybrid technique under the considered scenarios.
The mean curves of convergence for 20 independent runs are
shown in Fig.4. The curves are compared with a fixed budget
for evaluation of 3630 function evaluations per run. The
result of the convergence behavior indicates that PSO has the
lowest mean final objective while JS-GBO has a feasible but
not dominant convergence result.
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Fig 4: Mean Convergence of the Optimization Algorithms over
Independent Runs.

Finally, the objective values and their spread are depicted in
Fig. 5. The standard deviation of PSO is limited to 7.360 x
1074, whereas that of JS-GBO is 2.311 x 1072, Therefore,
more stable results are achieved by PSO from run to run for
the considered objective landscape.
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Fig 5: Robustness Comparison of the Optimization Algorithms.

JS-GBO

Fig. 6 compares the normalized decision variables obtained
by the five algorithms. JS-GBO solution features an
intermediate flow rate, a large collector area, a low
nanoparticle concentration, and a TEG hot side temperature
of ~33 °C. The large selected collector area suggests a
favourable target for expansion of the collection area within
the set maximum limit.
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Fig 6: Decision Variables Obtained by the Optimization
Algorithms.

4.3 Sensitivity Analysis

The sensitivity analysis is done by independently varying
each decision variable around the feasible JSS-GBO optimum.
All other parameters are kept at their optimal values, and the
mass-flow rate, collector area, TEG hot-side temperature and
nanoparticle concentration are changed. This process is
adopted to determine the significance of the variables in
terms of the exergo-economic objective.

The effect of the nanofluid mass-flow rate is investigated in
Fig. 7. Simultaneously, the flow rate influences the PV
temperature, useful thermal energy output, exergy efficiency,
pressure drop, and pumping power. The optimal value of
0.04611 kg-s* is adopted as a compromise between
enhanced cooling and the hydraulic penalty resulting from
the increased flow.

70 T 32

0 0.02 0.04 0.06 0.08 01 ©
Mass flow rate (kg s

Fig 7: Flow-Rate Sensitivity of the PV/T-TEG System.

The effect of the concentration of nanoparticles is assessed
using Fig.8. The chosen concentration of 0.3397 vol. % is
near to the lower limit of 0.33 vol. %. This shows that the
extra thermal gain that is gained with increased concentration
of nanoparticles does not outweigh the combined viscosity,
hydraulic, pumping and economic penalty for the model
used.
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Fig 8: Nanoparticle-Concentration Sensitivity of the PV/T—
TEG System.
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Fig 9: Feasible Exergo-Economic Objective Response Surface.

The sensitivity of the one-at-a-time design is shown in Fig.
10 around the optimized design. The sensitivity of the one-at-
a-time design around the optimized design is shown in Fig.
10. In this context, the strongest response is expected from
mass-flow rate and collector area as both have an impact on
the heat transfer, electrical production, capital cost, and
hydraulic losses. The local response is weaker for the
nanoparticle concentration, as the optimum is close to the
lower limit of the concentration range.
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Fig 10: One-at-a-Time Sensitivity around the Optimum.
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4.4 Energy Performance

The optimized design provides a net electrical power of
1468.47 W and a useful thermal output of 3374.44 W. The
exergy efficiency is determined to be 17.5507%. The
electrical power output after subtracting the pumping power
from the combined PV and TEG power output is the net
electrical power. Thus, electrical performance reported is
subject to the hydraulic penalty and not just gross PV and
TEG production.

The baseline electrical-power comparison is shown in Fig.
11. The PV output is referred to as the main electrical term,
the TEG output is added as an additional recovery term and
the pump output is considered as a parasitic consumption.
The net electrical power is then calculated as the gross
production minus the pumping requirement.

pv ETEG | |Pump Net
L — < |
600
500
2 400
5]
3 300
@ 200
100
0
Water 1 vol.% A|203

Fig 11: Baseline Electrical-Power Comparison between Water and
Al:0s/Water Nanofluids.

The main energy and exergy quantities are summarized at the
feasible optimum in Fig. 12. An exergy efficiency of
17.5507% is achieved, and the relative energy-balance
residual of the thermal model is 7.611 x 1075, This residual
value is less than 107%, which confirms the numerical
consistency of the optimized energy flows.
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Fig 12: Optimal Energy and Exergy Quantities.

The annual performance is presented based on daily weather
data in Fig. 13. The annual aggregation is done according to
equivalent operating hours of daily irradiation and ambient
temperature. Therefore, it is interpreted as a daily-data based
annual simulation and not as a full transient 24-hour
simulation.

879|Page



[ international Journal of Multidisciplinary Research and Growth Evaluation

4.5 Economic Performance

The investment cost, operation and maintenance cost,
pumping-energy cost, electricity revenue, and useful-heat
revenue are evaluated to study the economic performance,
alongside the net present value (NPV), levelized cost of
energy (LCOE), and simple payback period. A positive NPV
of 1180.78 USD is achieved, and the simple payback period
is calculated as 7.64 years. The net LCOE is determined as
0.07932 USD-kWh™, where the useful-heat revenue is
subtracted from the annualized cost. The reported return
indicator is defined in the numerical code as the NPV-to-
investment ratio; it is thus designated as an NPV-based return
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indicator rather than an annual cash-flow return on
investment (ROI) to avoid ambiguity between the two metric
definitions.

The optimized design is depicted in Fig. 14 as a cumulative
discounted cash flow. The NPV of the project over the
evaluated lifespan is positive (NPV = 1180.78 USD), and the
initial investment is recovered after 7.64 years based on the
simple payback period calculation. The economic outcomes
remain subject to the underlying assumptions regarding
electricity price, thermal-energy credit, discount rate,
component costs, and equivalent operating duration.
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Fig 14: Discounted Cash Flow of the Feasible Optimum.

The exergy—economic trade-off gained from changing the
objective weights is depicted in Fig. 15. Alternative feasible
compromises among exergy efficiency, NPV, and LCOE are
obtained by varying the weighting factors. The reported
design does not represent the individual maximum of each
performance indicator; rather, it reflects a compromise
resulting from the reference weighting set (w; = 0.4, w, =
0.4, w; = 0.2).
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Fig 15: Exergy—Economic Trade-Off under Different Objective-
Function Weights.

4.6 Nanofluid Impact

The effect of the Al,O3 concentration is evaluated through the
temperature response, heat transfer response, hydraulic
response, exergy response, and economic response. The
concentration is adjusted within the range of 0.33 vol.% to
3.00 vol.%, which represents the optimization interval. The

optimal value of 0.3397 vol.% is achieved near the lower
boundary, indicating that operation with a low nanoparticle
loading ratio is preferable when the overall exergo-economic
objective is evaluated.

The calculated nanofluid properties and heat transfer
responses are depicted in Fig. 16. Variations in thermal
conductivity and viscosity as a function of concentration are
assessed along with the convective heat transfer coefficient.
The combined response demonstrates that high thermal
conductivity alone is insufficient for achieving the optimum,
as additional parameters—such as viscosity, Reynolds
number, pressure drop, pumping power, and nanofluid cost—
are simultaneously considered.
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Fig 16: Nanofluid Properties and Heat-Transfer Coefficient as
Functions of Nanoparticle Concentration.
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The concentration effect on system performance is also
shown in Fig. 8. The low optimized concentration signals that
the added value of the nanoparticles in terms of thermal
enhancement isn't economically and hydraulically beneficial
with the assumptions used. Therefore, Nanofluid is used as
the heat transfer enhancement medium not at the highest
allowed concentration.

4.7 Convergence Behavior
The convergence behaviour is calculated with the best

objective value found at every iteration. The comparison is
based on 20 independent runs and the same 3630 objective-
function evaluations are used for each algorithm. This design
of equal budgets will avoid an apparent improvement due to
an increase in the number of objective evaluations.

The mean convergence behaviour is plotted in Fig. 4. The
PSO curve corresponds to the lowest mean final objective and
the JS-GBO curve is feasible, yet not attaining the best
average Vvalue. These results show that the new
parameterization JS-GBO does not do better in the model
adopted than PSO for the considered model.

The objective values are ultimately demonstrated to be
robust, as depicted in Fig. 5. The smallest standard deviation
of 7.360 x 10* is produced by PSO, whereas a standard
deviation of 2.311 x 1072 is yielded by JS-GBO. The lower
variation exhibited by PSO indicates higher precision across
different random initializations.

The algorithm comparison is thus considered as a model-
specific benchmark. The results are neither a confirmation
that PSO is always better nor a finding that JSS-GBO is always
worse; they simply indicate that the performance of the
algorithms relative to each other is dependent on the objective
landscape, the parameters used, the constraints and their
treatment, and the evaluation budget.

4.8 Graphical Results and Tables
The graphical results are utilized to link the environment

conditions, impacts on the decision variable, algorithmic
behavior, energy performance, economic response and TEG
operation. Climatic input is displayed in Fig. 3, while Fig. 7,
Fig. 8, Fig. 9, Fig.11, & Fig. 16 quantify the nanofluid and
operating-variable effects. Fig. 4, Fig. 5, Fig. 6 quantify the
climatic inputs for the optimization methods, Fig. 12, Fig.
13quantify the energy and annual performance, Fig. 14, Fig.
15 quantify the economic and weighting-factor responses,
and the TEG operating characteristic is displayed in Fig. 17.
Fig. 17 presents the matched-load TEG power characteristic
as a function of the TEG temperature difference. The
temperature on the TEG hot-side that is optimized to evaluate
the operating point is 32.783 °C. The TEG contribution is
affected by the temperature difference available and by the
thermal coupling between the absorber, TEG module and
coolant. The TEG power is only counted in electrical out as
the pumping power is subtracted.
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Fig 17: TEG Matched-Load Characteristic at the Optimum.

The optimized design and the algorithmic comparison are
reported numerically in Table 3 and Table 4, respectively.
These tables complement the graphical results by detailing
the actual decision variables, feasibility limits, objective
statistics, performance indicators, and computational
budgets.

The modified formulation yields a JS-GBO model that is
both numerically consistent and hydraulically feasible. An
exergy efficiency of 17.5507%, a net electrical power of
1468.47 W, a useful thermal output of 3374.44 W, an NPV
of 1180.78 USD, and a net LCOE 0f 0.07932 USD-kWh  are
provided by the optimized solution. The pressure drop is
maintained below the design limit, and the relative energy-
balance residual is kept below 107*. However, the lowest
mean objective value and the lowest run-to-run variation
among the compared methods are achieved by PSO.
Therefore, under the considered assumptions, JS-GBO is
presented as a viable and competitive optimization technique,
while no claim of universal superiority is asserted.

5. Conclusions & Recommendations

A constrained exergo-economic optimization model is
developed for an Al.Os/water PV/T-TEG system, and a
hybrid JS-GBO framework is implemented through coupled
thermal, hydraulic, exergy, and economic calculations. A
feasible design is obtained at a mass flow rate of 0.04611
kg-s, a collector area of 9.7906 m? a nanoparticle
concentration of 0.3397 vol.%, and a TEG hot-side
temperature of 32.783 °C. An exergy efficiency of 17.5507%,
an electricity output of 1468.47 W, and a useful thermal
output of 3374.44 W are achieved. Furthermore, the pressure-
drop constraint and the energy balance are satisfied, yielding
an NPV of 1180.78 USD and an LCOE of 0.07932
USD-kWh™. The optimal mean objective value and the
lowest variability for this dataset are achieved by PSO; thus,
the universal superiority of JS-GBO is not demonstrated.
Experimental validation, uncertainty analysis, expanded
collector-area bounds, and multi-climate testing are
recommended. Inclusion of transient hourly weather data,
nanofluid stability and degradation effects, detailed TEG
contact resistance, lifecycle environmental impacts, and
multi-objective Pareto optimization is also required for future
work.
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