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Abstract

In this study, the geothermal energy powered Kalina cycle (GEP-KC) was optimized by using a multi-stage artificial neural
network (ANN) analysis. The ANN model was basically composed of two stages. The first stage has one network, and the
second stage consists of three networks in this ANN model. The 365 GEP-KCs were designed for four variable parameters.
These designs were analytically analyzed by means of thermodynamic and economic analysis. The obtained data were used
for modeling of multi-stage ANN structure. This multi-stage ANN model was designed with the aim of maximizing net
present value (NPV). Turbine inlet pressure, geothermal water outlet temperature at evaporator, condenser pressure and
ammonia mass fraction were input parameters of the multi-stage ANN model. Energy efficiency and exergy efficiency of
the GEP-KC were outputs of the first stage, and the NPV of the GEP-KC was the output of the third network of the second
stage. The most suitable network structure for the optimization of GEP-KC was performed by using the Levenberg—Marquardt
variant of back-propagation learning algorithm for multi-stage ANN. The cov, MPE, RMSE and R? values of multi-stage
ANN were calculated as 2.558308, 1.077997189, 1.777658128 and 0.994693, respectively, for NPV. The calculated masses
and biases of this structure were used to determine the optimum operating parameters of GEP-KC. The analytical findings
of the NPV, energy and exergy efficiencies of the optimum GEP-KC model were, respectively, determined as 113.0732 M8,
6.7285% and 46.8701% in a high accuracy with the ANN results.
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b Bias € Exergy efficiency (%)
C Cost ($) a Ammonia mass fraction (%)
c Specific heat (kJ kg™! K™) s Specific exergy (kJ kg™
cov Coefficient of variation n Energy efficiency (%)
CEPCI Chemical Engineering Plant Cost Index .
: Subscripts
Ex Exergy rate (kW) b Benefit
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mo Maintenance and operating
ol Life time of system
ncf Net cash flow

p Pump

ph Physical

r Recuperator

sc Salvage cost

Sys System

t Time (year)

tr Turbine

0 Dead state
Introduction

Nowadays, due to the continuous decrease in the reserves of
fossil fuels and their increasing environmental damage, stud-
ies are focused on generating power using renewable energy
sources and heat sources such as waste heat recovery [1-4].
As geothermal energy is not affected by environmental con-
ditions, it is one of the most preferred renewable energy
sources in terms of sustainability [5, 6]. It is also important
because of the absence of environmental pollutants due to
the re-injection of the geothermal fluid after heat transfer.
Due to these features, different energy systems where geo-
thermal energy is used as a source are examined by research-
ers [7-10]. Organic Rankine cycle (ORC) and Kalina cycle
(KC) are suitable for the power generation from low-tem-
perature heat resources [11]. The difference between the
ORC and the KC is that the ammonia-water mixture is used
instead of the organic working fluid in KC [12]. In the heat
exchangers of the ORC, there is a significant temperature
mismatch between the heat sources and the working fluid,
which reduces the performance of the cycle [11]. However,
the ammonia-water mixture shows good temperature match-
ing with the heat source, due to the temperature changes of
mixture while the evaporation processes [13].
Thermodynamic and economic analysis is important in
the modeling and optimization of energy systems [14—18].
In the literature, ammonia mass fraction, turbine inlet tem-
perature, turbine inlet pressure, condenser pressure and con-
denser temperature are the main parameters used in KC opti-
mization by thermodynamic and economic analysis [19-24].
Rodriguez et al. [1] compared the geothermal energy pow-
ered ORC and KC according to thermodynamic and eco-
nomic analysis. They mentioned that R-290 for ORC and the
ammonia-water mixture of 84% of ammonia mass fraction
for KC are the most effective working fluids from the point
of view of economic analysis. Arslan [6] investigated opti-
mum geothermal water outlet temperature at evaporator and
ammonia mass fraction of the Kalina cycle system (KCS-34)
according to the thermodynamic and life cycle cost (LCC)
analysis. Desideri and Bidini [23] investigated the optimal
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parameters of geothermal power plants. They stated that the
turbine inlet pressure and working fluid type were the poten-
tial optimization parameters of geothermal power plant.
Meng et al. [24] compared KC, ORC and transcritical CO,
power cycle, according to the thermodynamic and economic
analysis. They mentioned that the best energy efficiency,
exergy efficiency and net power output were determined for
ORC, KC and transcritical CO, power cycle.

Researchers have developed a new modeling technique
due to the long time and economic constraints in modeling
energy systems and determining the properties of different
materials. Curve fitting is a technique used to develop the
equation of a curve or plane that best fits the given experi-
mental or analytical data. For this purpose, curve fitting
technique is used to develop an equation of a curve or plane
that best fits the given experimental or analytical data [25,
26]. The use of techniques such as artificial neural network
(ANN), support vector machine, fuzzy logic and genetic
algorithms is a highly sensitive alternative to establish a
correlation [26, 27]. Nowadays, there are many studies on
developing different models and determining the most sen-
sitive model by using many intelligence methods and opti-
mization algorithms to solve complex problems in a shorter
time and economically [26-35]. Parashar et al. [28] devel-
oped a multilayer perceptron ANN model for the prediction
of dynamic viscosity of MXene-palm oil nanofluid by using
experimental data. They mentioned that the multilayer per-
ceptron ANN model results well matched with experimental
data. Barewar et al. [29] investigated the thermal conductiv-
ity of glycol-based Ag/ZnO hybrid nanofluids with curve
fitting and ANN. They stated that the ANN model has a
higher accuracy than the curve fitting method. Sencan and
Kalogirou [30] determined the vapor pressure of the fluid
couples by using ANN.

ANN algorithm was used for modeling, optimization
and predicting of energy systems and sources [31, 32].
Farzaneh-Gord et al. [33] modeled ANN structure to pre-
dict a temperature drop of natural gas during a throttling
process. Toghyani et al. [34] used ANN-particle swarm
optimization, imperialist competitive algorithm-ANN and
alone ANN model to estimate the power and torque val-
ues of the Stirling engine. The results show that the most
suitable method was ANN-particle swarm optimization
according to statistical analysis and experimental data.
Wang et al. [35] investigated the optimum thermodynamic
parameters of the supercritical CO, power cycle by using
a genetic algorithm (GA) and ANN. They stated that the
estimation of thermodynamic parameters of the system
was with good accuracy by ANN. Cao et al. [2] optimized
the Kalina-Flash cycles by genetic algorithm. They deter-
mined that the Kalina-Flash cycles more effective than KC
from a thermodynamic and economic point of view. Saffari
et al. [36] used Artificial Bee Colony (ABC) algorithm for
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the optimization of the Kalina cycle. Sadeghi et al. [37]
investigated the optimum parameters of double-turbine KC
by using the ABC algorithm. Also, they investigated the
effect of ammonia mass fraction, mass flow rate of the
mixture, inlet pressure and temperature of the first separa-
tor on the net power output. They stated that although the
ABC algorithm could not select an appropriate random
food source at the initial stage of finding the optimum
thermal efficiency, it could then approach the optimum
value. Arslan [38] used an artificial neural network for the
optimization of geothermal energy powered KC and deter-
mined that the optimum ammonia mass fraction ranges
from 80% to 90% for KCS-34.

Studies related to ANN show that ANN provides great
convenience in system design and optimization studies. In
order to increase the sensitivity of the ANN model, new
studies are focused on multi-stage and multilayer ANN
structures. These studies are rare in the literature. Arat and
Arslan [39] investigated the optimum design parameters of
district heating system aided by a geothermal heat pump
by using multi-stage with the multilevel ANN model. They
mentioned that the analytical results and multi-stage and
multilevel ANN model results well-matched according
to the statistical analysis. Tugcu and Arslan [40] used a
multi-stage and multilevel ANN model for the optimiza-
tion of geothermal energy-aided absorption refrigeration
systems. They stated that the ANN results show high accu-
racy with the analytical results.

In this study, it is aimed to determine the optimum
working parameters of the geothermal energy powered
Kalina Cycle (GEP-KC) with maximizing the NPV by
means of ANN for the given system optimization parame-
ters as ammonia mass fraction, the geothermal water outlet
temperature at the evaporator, turbine inlet and condenser
pressures. For this purpose, a multi-stage and multilayer
(multi-stage) ANN model is designed to increase the
accuracy of optimization. The multi-stage ANN model
has been created to increase optimization accuracy. The
ANN model was basically composed of two stages. The
first has a single network, and the second stage consists of
three networks in this ANN model. Levenberg—Marquardt
(LM), Pola—Ribiere conjugate gradient (CGP) and scaled
conjugate gradient (SCG) variants of the back-propagation
learning algorithm were handled to determine the most
suitable model of ANN. Logarithmic sigmoid function was
used as an activation function in the analyses. The statisti-
cal methods were used to determine the optimum multi-
stage ANN model structure. Optimum operating param-
eters of GEP-KC were determined using the masses of
the most appropriate model of a multi-stage ANN model.
Also, the applicability of this multi-stage ANN model for
the optimization of GEP-KC was validated analytically.

Material and method

The GEP-KC parameters are designed parametrically
according to the geothermal energy heat source tem-
perature, cooling water temperature and thermodynamic
properties of the ammonia-water mixture. In the system
designs, the thermodynamic properties of the geothermal
source in the Simav region were used. Well properties of
the Simav geothermal region are given in Table 1.

The geothermal fluid is supplied from 9 wells. The
temperature of the geothermal fluid is 406.65 K and its
mass flow rate is 462 kg s7! [5, 6, 39-45]. GEP-KC flow
diagram is given in Fig. 1.

Geothermal energy powered Kalina cycle

As seen in Fig. 1, the ammonia-water mixture enters the
condenser (point 10) and gives the heat to the cooling water.
The saturated liquid mixture enters the pump (point 1) and
outlets at evaporator pressure (point 2). The working fluid
takes the heat of the mixer exhaust stream at the recuperator.
The preheated working fluid enters the evaporator at point
3 and takes the heat of the geothermal fluid. The saturated
liquid-vapor mixture is separated into two different flows at
the separator. One is the high ammonia concentration (strong
solution) and vapor-phased stream (point 5) and the other
is low ammonia concentration (weak solution) and liquid-
phased stream (point 6). Superheated strong solution flow
is expanded at the turbine (point 7) to produce power. At
the same time, weak solution flow passes through the valve
to expand the condenser pressure (point 8). And both weak
solution and strong solution flows are mixed in the mixer
and enter to the recuperator (point 9). And it gives the heat
to the high-pressured working fluid (point 2-3). Turbine
inlet pressure (P, = Ps), geothermal water outlet tempera-
ture at evaporator (T,,), condenser pressure (P, = P,,) and
ammonia mass fraction (a) were the system design variables.
The properties of the system components and system design
parameters are given in Tables 2 and 3, respectively.

Table 1 Well properties of

. ; ri/kg s~ T/IK

Simav geothermal region [5, 6,

38-40] Ej-1 72 420.85
Ej-3 50 412.05
Ej-4 65 412.05
Ej-5 60 412.05
E-6 70 412.05
E-8 50 416.75
E-9 60 366.75
E-11 35 361.45
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Fig. 1 Flow diagram of GEP-
KC
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Table 2 The properties of the system components Energy and exergy analysis
Component Parameter Values . o .
There are some assumptions such as kinetic and potential
Geothermal fluid Inlet temperature 75, 406.65 K energy effects that are negligible, and the reference state is
Mass flow rate rity, 462kgs™! 298.15 K and 101.325 kPa in the thermodynamic analysis. The
Evaporator Outlet temperature of working  398.15 K governing energy equations of the GEP-KC were obtained as
fluid 73 given in Table 4.
Effectiveness f, 0.85 The power output of the GEP-KC is
Condenser Inlet temperature 75, 288.15 K
Outlet temperature T, 298.15 K Wnet = Wg — Wp (1)
Pressure P, 4 kPa
Effectiveness 7], 0.85 The energy efficiency of the GEP-KC is calculated as
Turbine Isentropic efficiency 7, 0.85 W
Pump Isentropic efficiency 7, 0.80 n= _met )
Generator Efficiency 7, 0.99 Tigg - Cop * Ty
Recuperator Effectiveness 7, 0.85

The GEP-KC was designed for 90%, 85%, 80%, 75%,
70% of ammonia mass fraction (). The thermodynamic
properties of the ammonia-water mixture were determined
by Reference Fluid Thermodynamic and Transport Proper-
ties Database 10.1 (REFPROP) [42].

The exergy balance equation for steady systems is given by
the following equation:

EXhem - EXwork + EXm.i - EXm‘o = EXd (3)

where the exergy terms occurred by heat, work and mass
flow exergies are given as follows;

. T .
Exm=2<1—7>-Q )

Table 3 The range of the

system designing parameters a (%) Py= PifkPa Pr = Pro/kPa /K
90 5808, 5308, 4808, 4308, 3808 1100, 1000, 900, 800, 700 373.15, 363.15, 353.15
85
80
75 4808, 4308, 3808, 3308, 2808
70
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Table 4 Energy and exergy

equations of the GEP-KC Component  Energy equation Exergy equation
EVapOl‘atOT mgf : (hZa - h2b) “MNeva = m4 : (h4 - h3) mgf : <l//2a - l//213) + m4 ! (W3 - W4) = EXd.eva
Separator my - hy = s - hs + g - h Ty = Yy — s - Ys — g - W = EXd.sep
Turbine Wy, = rits - (hs = hy) tits s =ty -y = Wy = Ex
Generator W, =n, W, W, — W, = Eng
Mixer titg + hg = ity - hy + titg - g ritg g gy =gy = B
Recuperator iy - (hg = hyg) - fiee = ity - (h3 = hy) g - (W = Wio) + 1y - (W2 —w3) = Exdm.
Condenser iy - (hyg = hy) Moo = Titeyy = (M3 = 3g) 1~ (1o = W1) + ey - (W30 — Wap) = Ex, ..
Pump W, =, - (ha—hz) =7hy - (h3s_h2)/'7p Tty - (Wz‘%) +W, :Exd_p
Exei =W (5)  Cys=GCo = (Cic + Cic + i) (12)
) The salvage cost of GEP-KC was taken as 10% of the
Ex = Z m -y, (6)  investment cost [44]. The maintenance and operating costs
of GEP-KC system were taken as 6% of the investment
: . cost of the GEP-KC [3].
Ex,, = D iy, @)

here y indicates the physical and chemical exergy term and
the physical exergy term is given as follows:

V= Won T W (8)

Won = (h—hg) = Ty - (s —5p) )

where / is enthalpy, s is entropy, and the subscript zero indi-
cates the properties of fluids at the dead state. The chemical
exergy term is given as follows:

W = —— - € U9 0 (10)
ch = “Ceh,NH; T " ©ch, H,0
My, P My, :
0 0
where €eh, NH, and €en, 1,0 3¢ the molar exergy of the pure

component at dead state conditions (kJ/mol), M is molar (kg/
mol), x is mass ratio of ammonia in the mixture [43].

The exergetic efficiency of the system is then calculated
by the following equation:

_ Edela] _ Wnet
e=1-— = (11
Ex.., (’"gf ) (‘l’za - ‘Vzb))

The governing energy and exergy equations of the GEP-
KC were obtained as given in Table 4.

Economic analysis
The life cycle cost (Cyy,) of GEP-KC occurs by the invest-

ment costs (C;.), salvage cost (C,.), maintenance and oper-
ating costs (C,,,) and benefit (C).

The benefit of GEP-KC (C,) includes electricity
earning.

Cb = Wnel ' Celec oy (13)

where Cy..; the unit price of electricity ($/kWh) and ¢,;
operating time of plant is 8400 h per annum [44]. C,,, is
calculated by

CEPCIL
= —— 28 Ceeanns (14)

Cotee CEPCl,,,
where C... 2014; the unit price of electricity in 2014 is 0.06
$/kWh [29], CEPCI,,; Chemical Engineering Plant Cost
Index in 2018 is 603.1 [46] and CEPCI,, 4; Chemical Engi-
neering Plant Cost Index in 2014 is 576.1 [2].

The net cash flow (C,);

Coer = (Cp = Cpo) - (L + D! (15)

here i is the interest rate and ¢ is the related year time of cash
flow. The net present value (NPV) of GEP-KC;

ol
Cncf
NPV = (C.. — C, —_— 1
(Cec m)+t§:O T10 (16)

where ol; the lifetime of GEP-KC, j; the discount rate. In this
study, the lifetime of GEP-KC system was added to calcula-
tions as 20 years. The discount and interest rates were taken
as 18.5% and 19.5%, respectively [47]. The investment cost
of GEP-KC is calculated by using module costing technique
[2, 48]. The data used to calculate the purchase costs of the
components were obtained from the literature in 2001 [48].
The equipment costs were modified for the year 2018 by
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CEPCI. Chemical Engineering Plant Cost Index in 2001 is
397 [2].

Artificial neural network modeling

Artificial neural networks (ANN) are an information pro-
cessing system that learns the events using external input
and output information samples and determines how to
produce solutions on the same problems. Artificial intel-
ligence studies, which began in the first half of the 20th
century, form the basis of artificial neural networks. In 1943,
McCulloch and Pitts discussed the first mathematical model
of the nerve cell [49]. Hebb, McCulloch and Pitts between
1940 and 1950 have shown that it is possible to formulate
any logical expression with artificial neural networks. As a
result of these studies, it has begun to make researches about
artificial neural networks in the field of engineering [38,
49-52]. Today, artificial neural networks are widely used
in the analysis of energy systems as in many engineering
fields [55].

Artificial neural networks are mathematical models devel-
oped considering the general cognitive and neural biological
structure of the human brain. Artificial neural network mod-
els are based on the following assumptions. The processing
of information takes place in many simple elements called
neurons. The basic structure of the neuron is shown in Fig. 2.
Signals between neurons are transmitted over connections.
As with all typical neural networks, each link has a respec-
tive mass that multiplies the transmitted signal. Each neuron
applies the activation function (usually nonlinear) to the net
input (sum of the weighted input signals) to determine its
own output signal [52, 53].

Figure 2 shows the inputs (Gn), total function (X),
masses (An), activation function (F) and output of the arti-
ficial neuron. The input is information from the artificial
neuron. The masses show the effect of information from

Masses
Inputs A
1
A,
G » Outputs
Ag
Gy
A
G, d z
Gn
b,
Bias

Fig.2 Artificial neuron structure [54]
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the artificial neuron on the neuron. The sum function cal-
culates the net input from a neuron. By adding G, = 1to
the mass vector, the bias is incorporated into the artificial
neuron structure. In this case, the bias functions as a mass.
Net input (NG) since Ay = by;

NG =) G,-A,+bh (17)

where 7 is the total number of inputs to a neuron, b is the
bias and | indicates the output element. In artificial neural
networks, various addition functions such as product, maxi-
mum, minimum, majority and cumulative sum are used. The
activation function determines the output by processing the
net input to the neuron. Different activation functions such as
logarithmic sigmoid function, linear function, step function,
sin function, threshold value function and hyperbolic tangent
function are used as the activation function. The logarithmic
sigmoid function is indicated by

F(NG) = 1 (18)

14 ¢NG

Output is the value determined by the activation func-
tion [52, 53].

ANNSs are two types in terms of their architectural
structures. First, feedforward neural networks, communi-
cation between neurons is transmitted through unidirec-
tional connections from the input layer to the output layer.
The second structure, feedback artificial neural networks,
the neurons in the output or intermediate layers are trans-
mitted as input or re-input to the neurons in the intermedi-
ate layers [51, 55].

Statistical analysis of ANN

There are different learning algorithms used in ANN mod-
eling. Although there are many learning algorithms used
in the literature, Levenberg—Marquardt (LM) algorithm,
Pola—Ribiere conjugate gradient (CGP) algorithm and
scaled conjugate gradient (SCG) algorithm are widely
used in the study of energy systems [38].

Learning performance of ANN is determined by using
different statistical methods. The error of the square root
(RMSE) is calculated by

RMSE = (19)

here z,yy is the output value of the ANN, z is the actual
output value and » is the number of the values. The coef-
ficient of variation (cov) is calculated with
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cov = 21:1 (Zout - Zout) : (Zl - Z1) 100 (20)

n

here Z,, is the average of the output set generated by the
network and z; is the average of the actual output set. The
percentage of absolute change (R?) is calculated by

2

Z?:l (Zout - Zout) : (Zl - Z1)

R* = 1)
_ 2 _\2
\/2le (Zout - Zoul) : 2?;1 (Zl - Zl)
The mean percentage error (MPE) is calculated by
v (zow — 2
MPE = M.IOO (22)

n. |Zl,max - Z1,min|

here z, 1y, is the minimum value in the actual output set and
7 max i the maximum value in the actual output set.

The error rates of the ANN results for optimum design
are calculated as follows:

(ZANN - Zanalytic)

ER = -100 (23)

Zamalytic

here z,yy is the ANN result of the parameter and z,,,yica 1
the analytical result of the parameter calculated for optimum
system design.

Modeling of the GEP-KC system parameters
by using multi-stage ann structure

ANN modeling was made by using the MATLAB computer
program [56]. In this study, logarithmic sigmoid function,
double layer network structure and supervised learning

First stage

method were used in the ANN modeling. Network archi-
tectures were trained for 1000 iterations. The number of
neurons in the hidden layer increased by two starting from
four. Levenberg—Marquardt (LM) algorithm, Pola—Ribiere
conjugate gradient (CGP) algorithm and scaled conjugate
gradient (SCG) algorithm were used in ANNSs.

The GEP-KC was designed for four variable parameters.
Also, net present value (NPV), energy and exergy values of
these models were determined analytically. These analytical
results were used in the ANN analysis. Moreover, 70% of
the designed models were used for training, and 30% of the
designed models were used for testing. The multi-stage ANN
model of GEP-KC is given in Fig. 3.

Turbine inlet pressure (P,=P;), the geothermal water
outlet temperature at the evaporator (7,,), condenser pres-
sure (P;=P,,) and ammonia mass fraction (a) were input
parameters of the first and second stages of the ANN model.
Energy () and exergy (¢) efficiencies of the GEP-KC were
the output parameters of the first stage.

In the second stage, the inputs of second and third net-
works were the outputs of the previous network. The power
output of the turbine (W,,), the power input of the pump
(W,), the heat capacity of the evaporator (Q,,,), the heat
capacity of the condenser (Q.,,) and the heat capacity of
the recuperator (Q,..) were the output parameters of the first
network and the input parameters of the second network in
the second stage of the proposed ANN model. The invest-
ment cost (C;.), the maintenance and operating costs (C,,,),
the salvage cost (C,.) and the benefit (C,)of the GEP-KC
system were the output parameters of the second network
and the input parameters of the third network in the second
stage of the proposed ANN model. The NPV was the output
of the third network in the second stage of the proposed
multi-stage ANN model.

Second stage

‘ First network

Fig.3 Multi-stage ANN model of GEP-KC

Second network Third network I
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In this ANN model, the first stage of network structure
was used for evaluation of the input parameters of the first
network of the second stage with energy and exergy analy-
sis. The NPV value was maximized by the input param-
eters between the minimum and maximum values of the
GEP-KC design parameters. The maximum value of the
NPV was determined by using the structure that gave the
most accurate results for each network, and the optimum
values of the input parameters were determined. Finally,
the system was analyzed analytically for the optimum sys-
tem parameters which were determined by the ANN model
and the results were compared statistically with the ANN
results.

Table 5 The statistical results of first stage outputs

Results and discussion

In this study, 365 GEP-KC designs were built for differ-
ent turbine inlet pressure (P,= Ps), the geothermal water
outlet temperature at the evaporator (7,,), condenser pres-
sure (P;=P,,) and ammonia mass fraction (a). 255 of these
designs were used for the training of network and 110 of
them were used for testing. The energy and exergy efficien-
cies of the GEP-KC were the outputs of the first stage of the
ANN model. The statistical results of the first stage outputs
for different neurons and algorithms are given in Table 5.
As seen in Table 5, cov, MPE, RMSE and R? val-
ues of training results for energy efficiency change
between 0.276928-6.573226, 0.206417-5.33857,

Parameter Algorithm Train Test
cov MPE RMSE R? cov MPE RMSE R?

n LM 2-4 1.082833 0.897586 0.051816 0.996692 1.185262 1.001719 0.057681 0.996306
LM 2-6 0.623575 0.482835 0.02984 0.998918 0.708355 0.601983 0.034472 0.99874
LM 2-8 0.379419 0.275519 0.018156 0.999598 0.384578 0.329037 0.018715 0.999619
LM 2-9 0.591006 0.481954 0.028281 0.99902 1.15391 0.70477 0.056155 0.996492
LM 2-10 0.402286 0.313218 0.01925 0.999548 0.447271 0.373688 0.021766 0.999478
LM 2-11 0.320017 0.251034 0.015314 0.999713 0.370425 0.315571 0.018027 0.999636
LM 2-12 0.276928 0.206417 0.013252 0.999785 0.302137 0.237343 0.014703 0.999758
LM 2-13 0.320463 0.24049 0.015335 0.999713 0.331355 0.297823 0.016125 0.999719
LM 2-14 0.307375 0.251351 0.014709 0.999739 0.672399 0.35765 0.032722 0.998814
CGP 24 6.573226 5.33857 0.314546 0.878549 6.324455 5.552956 0.307779 0.894313
CGP 2-6 2.172266 1.71513 0.103949 0.986687 2.317154 2.047575 0.112764 0.985837
CGP 2-7 1.991476 1.593255 0.095297 0.988822 2.378408 1.979787 0.115745 0.985038
CGP 2-8 2.425707 1.987193 0.116076 0.983399 2.595712 2.250207 0.12632 0.982292
SCG 24 4.790891 3.874221 0.229257 0.935243 4.897548 4.168767 0.238339 0.936647
SCG 2-5 2.425821 1.92708 0.116082 0.983454 2.794302 2.331401 0.135985 0.979612
SCG 2-6 5.898016 4.75857 0.282236 0.901855 6.158589 5.333871 0.299707 0.899433

€ LM 2-4 3.878503 2.032297 1.240998 0.980800 3.850626 2.03732 1.253861 0.982839
LM 2-6 2.380503 1.271515 0.761685 0.992767 2.623829 1.356406 0.854385 0.992023
LM 2-8 1.077716 0.593071 0.344835 0.998518 1.259547 0.644561 0.41014 0.998204
LM 2-9 1.179108 0.610325 0.377277 0.998228 7.923303 1.42762 2.580029 0.935919
LM 2-10 1.217248 0.713629 0.389481 0.998109 1.58862 0.949841 0.517295 0.997077
LM 2-11 0.854166 0.454782 0.273306 0.999073 1.128709 0.598763 0.367536 0.998544
LM 2-12 0.296032 0.166644 0.094721 0.999888 0.40041 0.229608 0.130384 0.999814
LM 2-13 0.698939 0.383869 0.223638 0.99938 1.050313 0.572807 0.342008 0.998812
LM 2-14 0.731938 0.442012 0.234197 0.999355 5.350416 1.037658 1.742231 0.970145
CGP 24 7.711541 4.703276 2.467449 0.924449 7.906874 4.927272 2.574679 0.928542
CGP 2-6 5.03918 2.746217 1.612378 0.967591 5.345619 2.786212 1.740669 0.96747
CGP 2-7 4.382582 2.334611 1.402287 0.975502 4.962838 2.524328 1.616026 0.971649
CGP 2-8 4.770961 2.776664 1.526556 0.97095 5.2627 2.915787 1.713669 0.96808
SCG 2-4 5.357884 3.439951 1.714353 0.963458 4.970152 3.118959 1.618408 0.971353
SCG 2-5 5.155108 3.117512 1.649471 0.966141 5.024932 2.932342 1.636245 0.971249
SCG 2-6 6.551904 4.079866 2.096402 0.945214 6.566397 4.127393 2.138185 0.950569
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Fig.4 Training and analytic CJANN-train +Analytic
results of energy efficiency 8
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0.013252-0.314546 and 0.901855-0.999785, respectively.
The cov, MPE, RMSE and R? values of testing results for
energy efficiency change between 0.302137-6.324455,
0.237343-5.552956, 0.014703-0.307779 and
0.899433-0.999758, respectively. The MPE, cov, RMSE
and R? values of training results for exergy efficiency
change between 0.166644-4.703276, 0.296032-7.711541,
0.094721-2.467449 and 0.924449-0.999888, respectively.

Design number

The MPE, cov, RMSE and R? values of testing results for
exergy efficiency change between 0.229608-4.927272,
0.40041-7.906874, 0.130384-2.574679 and
0.999814-0.928542, respectively. The results obtained
from Table 5 show the optimum neuron values of the hidden
layer as 12 based on the percentage of absolute change. The
lowest values of MPE, cov, RMSE for energy and exergy
efficiencies determination were observed with 12 neurons
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in the hidden layer for training and testing results. The sta-
tistical results show that the most approximate algorithm
and the number of neurons in the first stage are LM and
12, respectively. The ANN results and analytical results of
energy efficiency are given in Figs. 4 and 5 for testing and
training values.

As seen in Figs. 4 and 5, the analytical and LM 2-12
ANN model results of energy efficiency well coincided
with each other. The MPE, cov, RMSE and R? values of

Fig.6 Training and analytic
results of exergy efficiency

60

training results for energy efficiency were obtained as
0.206417, 0.276928, 0.013252 and 0.999785, respec-
tively, for LM 2-12 (Levenberg—Marquardt algorithm with
one hidden layer with neuron values of 12) in training
step. These values were obtained as 0.237343, 0.302137,
0.014703 and 0.999758, respectively, for LM 2-12 in the
testing step. The exergy efficiency results are given in
Figs. 6 and 7 for training and testing values of the LM
2-12 ANN model.
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As seen in Figs. 6 and 7, the analytical and LM 2-12
ANN model results of exergy efficiency well coincided with
each other. The MPE, cov, RMSE and R? values of train-
ing results of exergy efficiency were determined as, respec-
tively, 0.229608, 0.40041, 0.130384 and 0.999814 for LM
2-12. These values were obtained as 0.229608, 0.400410,
0.130384 and 0.999814, respectively, for LM 2-12 in the
testing step.

The power output of the turbine, the power input of the
pump, the heat capacity of the evaporator, the heat capacity
of the condenser and the heat capacity of the recuperator
were the output parameters of the first network of the second
stage. The statistical results of the first network of the second
stage are given in Tables 6—10.

According to Table 6, cov, MPE, RMSE and R? values of
training results for W,, change between 0.052832-3.266416,
0.048251-3.006904, 9.792162-605.4197 and
0.9964352-0.999993, respectively. The cov, MPE,
RMSE and R? values of testing results for W, change
between 0.063841-3.5082218, 0.060240-3.628988,
12.025050-660.8064 and 0.961254-0.999990), respectively.
The results obtained from Table 6 show the optimum neuron

Table 6 The statistical results of the power output of the turbine (W,,)

value of the hidden layer as 28 based on the percentage of
absolute change. The lowest values of MPE, cov, RMSE
for the power output of the turbine determination were
observed with the LM algorithm with 28 neurons in the hid-
den layer for training and testing results. The results show
that the most approximate algorithm is LM with 28 neurons
in the hidden layer. The MPE, cov, RMSE and R? values
of this model were, respectively, determined as 0.048251,
0.052832,9.792162 and 0.999993 for training results. These
values were obtained as 0.060240, 0.063841, 12.02505 and
0.999990, respectively, in the testing step.

According to Table 7, cov, MPE, RMSE
and R® values of training results for V'Vp change
between 0.248866-2.485783, 0.116662-1.338777,
2.908277-29.049210 and 0.995921-0.999945, respectively.
The cov, MPE, RMSE and R? values of testing results for
Wp change between 0.756402-2.706587, 0.28977-1.463305,
8.889487-31.80871 and 0.992982-0.999445, respectively.
The statistical results of training values for LM 2-30 are
better than LM 2-29. However, when the test values are
considered, LM 2-29 has a more suitable network structure
than LM 2-30. The results show that the most approximate

Parameter Algorithm Train Test
cov MPE RMSE R cov MPE RMSE R

W, LM 2-4 1.165216 1.007887 215.969 0.995456 1.289192 1.270057 242.8316 0.994804
LM 2-6 0.515148 0.41967 95.48106  0.999112 0.501062 0.47037 94.37978  0.999233
LM 2-8 0.470425 0.399451 87.19178  0.999487 0.386907 0.390873 72.87767  0.99967
LM 2-10 0.190662 0.174758 35.33865  0.999888 0.23218 0.207563 43.73323  0.999844
LM 2-12 0.156152 0.130748 28.94223  0.999919 0.16052 0.149361 30.23547  0.99992
LM 2-14 0.134418 0.108069 2491391  0.99994 0.157179 0.140709 29.60617  0.999923
LM 2-15 0.121175 0.103869 22.45933  0.999951 0.131965 0.119686 24.8568 0.999945
LM 2-16 0.24651 0.211971 45.68989  0.999797 0.276687 0.271564 52.11659  0.999761
LM 2-18 0.099214 0.086932 18.38901  0.999968 0.112487 0.111771 21.18808  0.999962
LM 2-20 0.103114 0.094175 19.11181  0.999968 0.122909 0.114288 23.15112  0.999954
LM 2-22 0.088324 0.076916 16.37059  0.999975 0.093803 0.083756 17.66875  0.999974
LM 2-24 0.090184 0.078791 16.71532  0.999973 0.102906 0.094333 19.38335  0.999967
LM 2-26 0.075255 0.064028 13.94833  0.999982 0.094772 0.089764 17.85126  0.999972
LM 2-27 0.067164 0.059254 12.44863  0.999985 0.077051 0.077951 14.5132 0.999982
LM 2-28 0.052832 0.048251 9.792162  0.999993 0.063841 0.060240 12.02505  0.999990
LM 2-29 0.072574 0.064383 13.45142  0.999983 0.094937 0.089291 17.88235  0.999972
LM 2-30 0.055222 0.050037 10.23526  0.99999 0.073281 0.068866 13.80321  0.999983
CGP 2-4 2.961477 2.6975 548.9002 0.970648 3.235728 3.206942 609.4802 0.967023
CGP 2-6 2.93845 2.67419 544.6322 0.971105 3.25156 3.223124 612.4624 0.966701
CGP 2-7 1.706345 1.535752 316.2655 0.990258 1.864342 1.760277 351.1667 0.989064
CGP 2-8 1.952568 1.710221 361.9021 0.987249 2.341014 2.176168 440.9524 0.982964
SCG 2-4 3.035289 2.702031 562.5811 0.969185 3.261957 3.253374 614.4207 0.966527
SCG 2-6 3.266416 3.006904 605.4197 0.964352 3.508218 3.628988 660.8064 0.961254
SCG 2-8 1.859088 1.701294 344.576 0.988434 2.23786 2.159847 421.5223 0.984228
SCG 2-9 2.481416 2.279484 459.9224 0.979397 2.860871 2.768053 538.8724 0.974479
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Table 7 The statistical results of the power input of the pump (Wp)

Parameter Algorithm Train Test
cov MPE RMSE R cov MPE RMSE R
Wp LM 2-4 1.786574 0.98607 20.87815 0.997137 1.948952 1.062038 22.90472 0.996252
LM 2-6 1.050927 0.538795 12.28128 0.999009 1.348812 0.656614 15.85169 0.998203
LM 2-8 0.83558 0.3997 9.764707 0.999376 1.013181 0.448285 11.90724 0.999004
LM 2-10 0.675703 0.30001 7.896357 0.999591 0918514 0.375927 10.79468 0.999195
LM 2-12 0.648039 0.286533 7.57307 0.999656 0.898255 0.378054 10.55659 0.999239
LM 2-14 0.750742 0.400136 8.773277 0.999658 0.966705 0.431754 11.36103 0.999323
LM 2-15 0.5779 0.221709 6.753414 0.999701 0.846338 0.286178 9.946438  0.999323
LM 2-16 0.641855 0.282831 7.50081 0.999631 0.939504 0.375759 11.04136 0.999157
LM 2-18 0.564303 0.229935 6.594524 0.999717 0.86382 0.313066 10.1519 0.999281
LM 2-20 0.57293 0.226231 6.695336 0.999706 0.872549 0.300211 10.25448 0.999281
LM 2-22 0.412912 0.183461 4.825345 0.999848 0.941075 0.373208 11.05982 0.999145
LM 2-24 0.406574 0.19165 4.751276 0.999864 0.970684 0.37607 11.4078 0.999175
LM 2-26 0.337921 0.165524 3.94899 0.999898 0.779887 0.318081 9.165495  0.999457
LM 2-27 0.358158 0.169312 4.185487 0.999885 0.863751 0.363306 10.15108 0.999284
LM 2-28 0.269315 0.128243 3.147249 0.999935 0.817757 0.289770 9.610554  0.999401
LM 2-29 0.269663 0.121057 3.151315 0.999938 0.756402 0.301510 8.889487  0.999445
LM 2-30 0.248866 0.116662 2.908277 0.999945 0.947106 0.352995 11.13071 0.999217
CGP 2-4 2.132771 1.118445 24.92386 0.995921 2.341596 1.292420 27.51921 0.994734
CGP 2-6 2.140398 1.124235 25.01299 0.995892 2.314875 1.279726 27.20517 0.994898
CGP 2-7 1.694221 0.903838 19.7989 0.997426 1.853192 1.030442 21.77933 0.996611
CGP 2-8 1.978691 1.08003 23.12326 0.996501 2.112228 1.177519 24.8236 0.995632
SCG 2-4 2.485783 1.338777 29.049210 0.994464 2.706587 1.463305 31.80871 0.992982
SCG 2-6 2.040412 1.019248 23.84454 0.996274 2.183355 1.126871 25.6595 0.995419
SCG 2-8 1.968011 1.041128 22.99846 0.996532 2.103674 1.175446 24.72306 0.995737
SCG 2-9 1.987286 1.092519 23.2237 0.996466 2.132181 1.160790 25.0581 0.995542

algorithm is LM with 29 neurons in the hidden layer. The
MPE, cov, RMSE and R? values of this model were, respec-
tively, determined as 0.121057, 0.269663, 3.151315 and
0.999938 for training results. These values were obtained as
0.301510, 0.756402, 8.889487 and 0.999445, respectively,
in the testing step.

According to Table 8, cov, MPE, RMSE and R? values of
training results for Q,,, change between 0.001712-0.114193,
0.006204-0.429954, 2.542768-169.6526 and 0.999826-1,
respectively. The cov, MPE, RMSE and R? values of test-
ing results for Q,,, change between 0.001793-0.12304,
0.006687-0.434556, 2.679544-183.9037 and 0.999791-1,
respectively. The results obtained from Table 8 show the
optimum neuron value of the hidden layer as 28 based on the
percentage of absolute change. The lowest values of MPE,
cov, RMSE for the heat capacity of evaporator determination
were observed with LM algorithm with 28 neurons in the
hidden layer for training and testing results. The MPE, cov,
RMSE and R? values of this model were, respectively, deter-
mined as 0.006204, 0.001712, 2.542768 and 1 for training
results. These values were obtained as 0.006687, 0.001793,
2.679544 and 1, respectively, in the testing step.
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According to Table 9, cov, MPE, RMSE and R? values of
training results for Q,, change between 0.012162-0.494254,
0.037614-1.559413, 15.59851-633.9102 and
0.996920-0.999998, respectively. The cov, MPE,
RMSE and R? values of testing results for Q. change
between 0.017680-0.522024, 0.040954-1.357068,
22.79025-672.9191 and 0.996441-0.999996, respectively.
The results obtained from Table 9 show the optimum neuron
value of the hidden layer as 28 based on the percentage of
absolute change. The lowest values of MPE, cov, RMSE for
the heat capacity of condenser determination were observed
with LM algorithm with 28 neurons in the hidden layer
for training and testing results. The MPE, cov, RMSE and
R? values of this model were, respectively, determined as
0.037614, 0.012162, 15.59851 and 0.999998 for training
results. These values were obtained as 0.040954, 0.017680,
22.79025 and 0.999996, respectively, in the testing step.

According to Table 9, cov, MPE, RMSE and R? values of
training results for Q,.. change between 0.091756-6.714433,
0.040521-3.005833, 18.0078-1317.752 and
0.962766-0.999994, respectively. The cov, MPE,
RMSE and R? values of testing results for Q... change

rec
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Table 8 The statistical results of the heat capacity of the evaporator (Q,,,)
Parameter Algorithm Train Test
cov MPE RMSE R? cov MPE RMSE R?
Qea LM 24 0.021089 0.077524 31.3318 0.999994 0.022732 0.084055 33.97637  0.999993
LM 2-6 0.019601 0.071314 29.12025  0.999995 0.020658 0.077011 30.87663  0.999994
LM 2-8 0.021237 0.077494 31.55046  0.999994 0.022347 0.082851 33.40105  0.999993
LM 2-10 0.017729 0.066324 26.33935  0.999996 0.018843 0.073144 28.16406  0.999995
LM 2-12 0.012636 0.046518 18.77215  0.999998 0.01264 0.046933 18.89272  0.999998
LM 2-14 0.004006 0.015146 5.951028 1 0.004136 0.015497 6.181423 1
LM 2-15 0.007991 0.028631 11.87197  0.999999 0.008494 0.031073 12.69592  0.999999
LM 2-16 0.020613 0.072707 30.62321  0.999994 0.021884 0.071952 32.70893  0.999993
LM 2-18 0.002526 0.00927 3.753366 1 0.002989 0.011087 4468178 1
LM 2-20 0.002326 0.008256 3.455869 1 0.002425 0.008729 3.625244 1
LM 2-22 0.00415 0.015072 6.165019 1 0.004676 0.016762 6.98963 1
LM 2-24 0.004094 0.014166 6.081921 1 0.004052 0.015228 6.056158 1
LM 2-26 0.003824 0.013888 5.681376 1 0.005064 0.017779 7.569107 1
LM 2-27 0.005074 0.017531 7.538384 1 0.005874 0.020314 8.779043 1
LM 2-28 0.001712 0.006204 2.542768 1 0.001793 0.006687 2.679544 1
LM 2-29 0.003919 0.015025 5.822134 1 0.004327 0.016527 6.467158 1
LM 2-30 0.003745 0.013324 5.563681 1 0.004407 0.015868 6.586469 1
CGP 24 0.034554 0.133293 51.33542  0.999984 0.036017 0.139858 53.83287  0.999982
CGP 2-6 0.030526 0.10662 45.35076  0.999987 0.030782 0.109699 46.00868  0.999987
CGP 2-7 0.029264 0.094511 4347564  0.999989 0.029262 0.089808 43.73707  0.999988
CGP 2-8 0.050219 0.159405 74.60795  0.999966 0.070066 0.194495 104.7247 0.999934
SCG 2-4 0.04692 0.178738 69.70682  0.99997 0.050742 0.194676 75.84296  0.999964
SCG 2-6 0.051597 0.223335 76.65554  0.999997 0.053194 0.231093 79.50668  0.999996
SCG 2-8 0.057553 0.172659 85.50439  0.999955 0.042457 0.162701 63.45923  0.999976
SCG 2-9 0.114193 0.429954 169.6526 0.999826 0.123040 0.434556 183.9037 0.999791

between 0.121284-6.281540, 0.061052-3.3031091,
23.45386-1214.724 and 0.969779-0.999990, respectively.
The results obtained from Table 10 show the optimum neu-
ron values of the hidden layer as 28 based on the percentage
of absolute change. The lowest values of MPE, cov, and
RMSE for the heat capacity of recuperator determination
were observed with LM algorithm with 28 neurons in the
hidden layer for training and testing results. The MPE, cov,
RMSE and R? values of this model were, respectively, deter-
mined as 0.040521, 0.091756, 18.0078 and 0.999994 for
training results. These values were obtained as 0.061052,
0.121284, 23.45386 and 0.999990, respectively, in the test-
ing step.

The statistical results show that the most approximate
algorithm and the number of neurons in the first network of
the second stage are LM and 28, respectively, for the first
network of the second-stage outputs. The investment cost
(C;.), the maintenance and operating costs (C,,,), the benefit
(C,) and the salvage cost (C,.) of GEP-KC system were the
output parameters of the second network of the second stage.
The statistical results of the second network of the second
stage are given in Tables 11-14.

According to Table 11, cov, MPE, RMSE and R? values of
training results for C;, change between 1.242421-4.249400,
1.053282-3.864230, 584526.6-1999232 and
0.939585-0.994868, respectively. The cov, MPE, RMSE
and R? values of testing results for C,, change between
1.498426-4.568396, 1.34387-4.350440, 721372-2199318
and 0.937004-0.992990, respectively. The results obtained
from Table 11 show the optimum neuron values of the hid-
den layer as 8 based on the percentage of absolute change.
The lowest values of MPE, cov, RMSE for investment cost
determination were observed with LM algorithm with eight
neurons in the hidden layer for training and testing results.
The MPE, cov, RMSE and R? values of this model were,
respectively, determined as 1.053282, 1.242421, 584526.6
and 0.994868 for training results. These values were
obtained as 0.061052, 0.121284, 23.45386 and 0.999990,
respectively, in the testing step.

According to Table 12, cov, MPE, RMSE and R? values of
training results for C,,,, change between 1.242421-4.249174,
1.053282-3.868719, 35071.6-119947.5 and
0.939590-0.994868, respectively. The cov, MPE,
RMSE and R? values of testing results for C,,, change
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Table 9 The statistical results of the heat capacity of the condenser (Q,,,)

Parameter Algorithm Train Test
cov MPE RMSE R cov MPE RMSE R

Qeon LM 2-4 0.205672 0.626876 263.7868 0.999466 0.209895 0.557882 270.5663 0.999416
LM 2-6 0.143508 0.400957 184.0579 0.99974 0.112674 0.301022 145.2437 0.999833
LM 2-8 0.132725 0.367673 170.2272 0.999798 0.113723 0.297867 146.5955 0.999862
LM 2-10 0.085086 0.271864 109.1272 0.999909 0.091086 0.233716 117.4149 0.999891
LM 2-12 0.054500 0.15024 69.89995  0.999963 0.053571 0.132202 69.05669  0.999962
LM 2-14 0.046208 0.138303 59.26454  0.999973 0.049085 0.116663 63.27395  0.999968
LM 2-15 0.040900 0.128908 52.45705  0.99998 0.039331 0.103185 50.70041  0.99998
LM 2-16 0.059816 0.195567 76.71739  0.999955 0.061059 0.160179 78.70904  0.999952
LM 2-18 0.024466 0.078343 31.37959  0.999992 0.030047 0.079935 38.73242  0.999989
LM 2-20 0.031249 0.094009 40.0784 0.999988 0.038559 0.086616 49.70511  0.999981
LM 2-22 0.034041 0.102026 43.66004  0.999986 0.040493 0.103077 52.19806  0.999979
LM 2-24 0.023506 0.072744 30.1483 0.999993 0.033442 0.086773 43.10812  0.999985
LM 2-26 0.021205 0.06498 27.19667  0.999994 0.024466 0.062141 31.53829  0.999993
LM 2-27 0.018095 0.055002 23.20827  0.999996 0.024365 0.060924 31.40768  0.999992
LM 2-28 0.012162 0.037614 15.59851  0.999998 0.017680 0.040954 22.79025  0.999996
LM 2-29 0.024272 0.074011 31.13007  0.999993 0.027902 0.067186 3596768  0.99999
LM 2-30 0.014973 0.04657 19.20399  0.999997 0.022684 0.053693 29.24096  0.999993
CGP 2-4 0.492541 1.559413 631.7128 0.996938 0.519887 1.320346 670.1644 0.996469
CGP 2-6 0.474534 1.514136 608.6175 0.997158 0.50953 1.297734 656.8129 0.996603
CGP 2-7 0.252346 0.763099 323.6488 0.999197 0.267198 0.661936 344.433 0.999059
CGP 2-8 0.324496 1.02201 416.1853 0.998679 0.370827 0.935834 478.0173 0.998185
SCG 2-4 0.491262 1.53338 630.0721 0.996954 0.519231 1.339268 669.3184 0.996468
SCG 2-6 0.494254 1.556856 633.9102 0.996920 0.522024 1.357068 672.9191 0.996441
SCG 2-8 0.320582 0.999755 411.1652 0.998703 0.363119 0.955705 468.0807 0.998284
SCG 2-9 0.433929 1.334208 556.539 0.997624 0.489793 1.214753 631.3703 0.996828

between 1.498426-4.532546, 1.343870-4.322735,
43282.35-130923.6 and 0.938090-0.992990, respectively.
The results obtained from Table 12 show the optimum neu-
ron values of the hidden layer as 8 based on the percent-
age of absolute change. The lowest values of MPE, cov,
RMSE for maintenance and operating costs determination
were observed with LM algorithm with eight neurons in
the hidden layer for training and testing results. The MPE,
cov, RMSE and R? values of this model were, respectively,
determined as 1.053282, 1.242421, 35071.6 and 0.994868
for training results. These values were obtained as 1.343870,
1.498426, 43282.35 and 0.992990, respectively, in the test-
ing step.

According to Table 13, cov, MPE, RMSE and R? values of
training results for C, change between 0.267812-2.658207,
0.188479-2.039295, 23923.89-237460.4 and
0.980082-0.999798, respectively. The cov, MPE,
RMSE and R? values of testing results for C, change
between 0.285935-2.611736, 0.232122-2.293514,
25976.47-237269.5 and 0.982064-0.999784, respectively.
The results obtained from Table 13 show the optimum neu-
ron values of the hidden layer as 7 based on the percentage
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of absolute change. The lowest values of MPE, cov, RMSE
for benefit determination were observed with LM algo-
rithm with seven neurons in the hidden layer for training
and testing results. The MPE, cov, RMSE and R? values
of this model were, respectively, determined as 0.188479,
0.267812,23923.89 and 0.999798 for training results. These
values were obtained as 0.232122, 0.285935, 25976.47 and
0.999784, respectively, in the testing step.

According to Table 14, cov, MPE, RMSE
and R? values of training results for C,. change
between 1.242421-4.249496, 1.310181-4.815029,
58452.66—199927.7 and 0.939580-0.994868, respectively.
The cov, MPE, RMSE and R? values of testing results for
C,. change between 1.498426—4.56964, 1.343870-4.355962,
72137.25-219991.7 and 0.937210-0.992990, respectively.
The results show that the most approximate algorithm is
LM with eight neurons in the hidden layer. The MPE, cov,
RMSE and R? values of this model were, respectively, deter-
mined as 1.310181, 1.242421, 58452.66 and 0.994868 for
training results. These values were obtained as 1.343870,
1.498426, 72137.25 and 0.992990, respectively in the test-
ing step.
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Table 10 The statistical results of the heat capacity of the recuperator (Q,..)

Parameter Algorithm Train Test

cov MPE RMSE R? cov MPE RMSE R?

Oree LM 24 4.04815 1.378359 7944761  0.986384 2.728114 1.493559 527.5624  0.994187
LM 2-6 2.748721 0.617065 539.4546  0.993722 1.452571 0.625674 280.8981  0.998463
LM 2-8 2.738185 0.784782 537.3869  0.994425 1.66731 0.771751 3224243 0.998325
LM 2-10 0.386044 0.177578 75.76361  0.999877 0.403499 0.209806 78.02867  0.999877
LM 2-12 0.287346 0.128741 56.39358  0.999935 0.332794 0.166895 64.35575  0.999919
LM 2-14 0.248528 0.102467 48.77527  0.999952 0.300987 0.153563 58.20489  0.999931
LM 2-15 0.235139 0.103518 46.1475  0.999954 0.261827 0.138115 50.63217  0.999946
LM 2-16 0.417339 0.17482 81.9055  0.999856 0.415174 0.210201 80.28637 0.999867
LM 2-18 0.190928 0.085698 37.47089 0.999974 0.230338 0.117105 44.54281 0.999964
LM 2-20 0.186803 0.079842 36.66127 0.999971 0.225257 0.112723 43.56027 0.999961
LM 2-22 0.164374 0.07363 32.25957 0.999978 0.252903 0.122104 48.90627  0.99995
LM 2-24 0.185381 0.078596 36.38229 0.999971 0.250617 0.12263 48.46438  0.99995
LM 2-26 0.111625 0.049302 21.90721  0.99999 0.133374 0.069407 25.79184  0.999987
LM 2-27 0.140104 0.062141 27.49624  0.999986 0.18307 0.093535 35.40212  0.999976
LM 2-28 0.091756 0.040521 18.0078  0.999994 0.121284 0.061052 23.45386  0.999990
LM 2-29 0.107888 0.047271 21.17377  0.99999 0.166678 0.075297 32.23219  0.999978
LM 2-30 0.111188 0.0470838 21.82135 0.99999 0.170321 0.083896 32.93659 0.999977
CGP 24 5.053655 2.082797 991.8131  0.978781 4.370031 2.37796 845.0763  0.985023
CGP 2-6 5.179081 2.13265 1016.429 0.977714 4.619793 2.509185 893.3752  0.983196
CGP 2-7 4.267502 1.496676 837.5255  0.98487 3.460071 1.840121 669.1083  0.990605
CGP 2-8 4.668862 1.749375 916.295 0.981891 4.055245 2.128752 784.2029  0.987039
SCG 2-4 5.385799 2.202867 1056.999 0.975922 5.046286 2.65788 975.8504  0.979973
SCG 2-6 6.714433 3.005833 1317.752 0.962766 6.281540 3.303191 1214.724 0.969779
SCG 2-8 4.241705 1.513847 832.4626  0.985051 3.438131 1.835352 664.8654  0.990749
SCG 2-9 4.885669 1.86868 058.8448  0.980173 4.30659 2.140341 832.8079  0.985389

Table 11 The statistical results of the investment cost (C;.)

Parameter Algorithm Train Test

cov MPE RMSE R? cov MPE RMSE R?

Ci. LM 2-4 2.503619 2.315552 1177887 0.979319 2.716881 2.473808 1307962 0.979535
LM 2-6 1.602719 1.280404 754037.2 0.991471 1.765581 1.502209 849986 0.990979
LM 2-7 1.382848 1.230163 650593.6 0.993629 1.802712 1.682278 867862 0.990307
LM 2-8 1.242421 1.053282 584526.6 0.994868 1.498426 1.343870 721372 0.992990
LM 2-9 1.288588 1.129656 606247.1 0.995290 2.105272 1.76756 1013521 0.989238
CGP2-4 4.249400 3.864230 1999232 0.939585 4.255438 3.988129 2048654 0.944573
CGP 2-6 4.161557 3.777248 1957904 0.942057 4.368873 4.152793 2103264 0.941495
CGP 2-8 3.268519 3.022987 1537752 0.964331 3.520464 3.383677 1694823 0.962517
CGP 2-9 3.441421 3.129785 1619098 0.960373 3.996079 3.615777 1923793 0.951511
CGP 2-10 3.651632 3.336107 1717997 0.955387 3.860695 3.625075 1858617 0.953955
SCG 2-4 4.18205 3.771625 1967545 0.941512 4.182714 3.900043 2013643 0.946241
SCG 2-6 3.998116 3.70161 1881009 0.946651 4.180133 4.004597 2012401 0.946024
SCG 2-8 4.193615 3.624144 1972986 0.941167 4.362006 4.056487 2099958 0.941985
SCG 2-10 3.824512 3.550591 1799333 0.951063 4.568396 4.350440 2199318 0.937004
SCG 2-12 2.904512 2.685216 1366497 0.971775 2.976861 2.886317 1433121 0.973564
SCG 2-13 2.940810 2.815018 1383574 0.971066 3.133334 2.920143 1508450 0.969974
SCG 2-14 3.650784 3.364428 1717598 0.955411 4.059784 3.829858 1954462 0.949314
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Table 12 The statistical results of the maintenance and operating costs (C,,,)

Parameter Algorithm Train Test
cov MPE RMSE R cov MPE RMSE R

Cio LM 2-4 2.503619 2.315552 70673.24  0.979319 2.716881 2.473808 7847771  0.979535
LM 2-6 1.602719 1.280404 4524223 0991471 1.765581 1.502209 50999.19  0.990979
LM 2-7 1.382848 1.230163 39035.62  0.993629 1.802712 1.682278 52071.73  0.990307
LM 2-8 1.242421 1.053282 35071.6 0.994868 1.498426 1.343870 4328235  0.992990
LM 2-9 1.282726 1.123098 36209.34  0.995290 2.098058 1.759158 60602.87  0.989238
CGP 2-4 4.249174 3.868719 119947.5 0.939590 4.255502 3.992831 122921.1 0.944543
CGP 2-6 4.162811 3.768353 117509.6 0.942021 4.36624 4.146048 126119.8 0.941634
CGP 2-8 3.268968 3.011051 92277.84  0.964245 3.519847 3.371914 101671.5 0.962202
CGP 2-9 3.445335 3.124396 97256.41  0.960395 4.046204 3.669505 116875.5 0.950360
CGP 2-10 3.650523 3.330951 103048.5 0.955415 3.857934 3.620769 111437.3 0.954027
SCG 2-4 4.170625 3.798113 117730.2 0.941802 4.176432 3.931571 120637.2 0.946388
SCG 2-6 3.992876 3.740699 112712.6 0.946673 4.178143 4.089758 120686.6 0.946119
SCG 2-8 4.190161 3.616413 118281.7 0.941256 4.365432 4.053156 126096.5 0.941800
SCG 2-10 3.824994 3.550725 107973.6 0.951051 4.532546 4.322735 130923.6 0.938090
SCG 2-12 2.901328 2.688084 81899.93  0.971836 2.968252 2.88646 85738.59  0.973716
SCG 2-13 2.950019 2.816512 832744 0.970887 3.143501 2.893179 90800.7 0.969838

SCG 2-14 3.63695 3.345654 102665.4 0.955746 4.119736 3.857322 118999.5 0.947714

Table 13 The statistical results of the benefit (C,)

Parameter Algorithm Train Test
cov MPE RMSE R? cov MPE RMSE R?

G, LM 2-4 0.43256 0.337038 38641.02  0.999552 0.419378 0.355453 38099.44  0.99958
LM 2-6 0.287979 0.198492 2572549  0.999771 0.294596 0.239886 26763.34  0.999781
LM 2-7 0.267812 0.188479 23923.89  0.999798 0.285935 0.232122 25976.47  0.999784
LM 2-8 0.319645 0.251826 28554.19  0.999712 0.304506 0.255067 27663.61  0.999754
LM 2-9 0.649858 0.465527 58052.53  0.998809 0.637065 0.50441 5787572 0.998931
CGP 2-4 2.520659 1.963000 225173.1 0.982079 2.486306 2.191779 225874.5 0.983731
CGP 2-6 1.437851 1.103574 128444.8 0.994192 1.590916 1.356552 144530.7 0.993293
CGP 2-8 1.364048 1.061055 121851.8 0.994771 1.433223 1.195017 130204.6 0.99455
CGP 2-9 1.625698 1.304252 145225.3 0.992545 1.512581 1.344281 137414.1 0.993955
CGP 2-10 2.197967 1.609955 196346.6 0.986375 1.94066 1.658727 176304 0.990037
SCG 2-4 2.658207 2.039295 237460.4 0.980082 2.611736 2.293514 237269.5 0.9820064
SCG 2-6 2.476429 1.920139 2212219 0.982765 2.530126 2.110123 229855.5 0.983426
SCG 2-8 2.370338 1.899965 211744.8 0.984159 2.484392 2.183866 225700.7 0.983695

SCG 2-10 1.891059 1.564753 168930.3 0.989915 1.994526 1.75222 181197.6 0.989503
SCG 2-12 1.447462 1.118705 129303.3 0.994106 1.462627 1.243832 132875.9 0.994704
SCG 2-13 1.565677 1.285133 139863.6 0.993086 1.530978 1.326436 139085.4 0.993784
SCG 2-14 1.482011 1.192767 132389.6 0.993806 1.610521 1.396199 146311.7 0.99314

The statistical results show that the most approximate According to Table 15, cov, MPE, RMSE and R? values of
algorithm and the number of neurons in the second net-  training results for NPV change between 0.013915-1.806788,
work of the second stage are LM and 8§, respectively. The  0.006398-0.858056, 0.009669-1.255459 and 0.997352-1,
NVP was the output of the third network in the second respectively. The cov, MPE, RMSE and R? values of test-
stage of the proposed multi-stage ANN model. The statis- ing results for NPV change between 0.015455-2.016340,
tical result of NPV is given in Table 15. 0.007532-1.016980, 0.010830-1.412925 and 0.997088-1,
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Table 14 The statistical results of the salvage cost (C,.)

Parameter Algorithm Train Test
cov MPE RMSE R cov MPE RMSE R

Cy. LM 2-4 2.503619 2.880321 117788.7 0.979319 2.716881 2.473808 130796.2 0.979535
LM 2-6 1.602719 1.592698 75403.72  0.991471 1.765581 1.502209 84998.65  0.990979
LM 2-7 1.382848 1.530203 65059.36  0.993629 1.802712 1.682278 86786.22  0.990307
LM 2-8 1.242421 1.310181 58452.66  0.994868 1.498426 1.343870 72137.25  0.992990
LM 2-9 1.273311 1.384345 5990594  0.995289 2.086223 1.745275 100435 0.989238
CGP 24 4.249496 4.815029 199927.7 0.939580 4.256473 3.995929 204915.2 0.944516
CGP 2-6 4.165878 4.705376 195993.7 0.942013 4.335392 4.101225 208714.6 0.94176
CGP 2-8 3.272571 3.751051 153966.2 0.964167 3.530698 3.378122 169975 0.961953
CGP 2-9 3.441735 3.876212 161924.6 0.960385 4.004547 3.626029 192787 0.951397
CGP 2-10 3.651569 4.142959 171796.8 0.955388 3.853177 3.613854 185499.8 0.9541
SCG 2-4 4.191132 4.776435 197181.8 0.941244 4.208095 3.997632 202586.2 0.945563
SCG 2-6 4.024901 4.646718 189361.1 0.945815 4.145015 4.030108 199549.4 0.946963
SCG 2-8 4.187116 4.502601 196992.8 0.941346 4.35616 4.050476 2097144 0.942111
SCG 2-10 3.822668 4.392191 179846.5 0951113 4.56964 4.355962 219991.7 0.937210
SCG 2-12 2.900072 3.348387 136440.8 0.971865 3.006869 2.927842 144756.8 0.973037
SCG 2-13 3.00027 3.592388 141154.9 0.969886 3.233226 3.069008 155654.1 0.968009
SCG 2-14 3.653738 4.194032 171898.8 0.955339 4.056538 3.837675 195290 0.949349

Table 15 The statistical results of NPV

Parameter Algorithm Train Test

cov MPE RMSE R cov MPE RMSE R

NPV LM 2-4 0.013915 0.006398 0.009669 1 0.015455 0.007532 0.010830 1
LM 2-5 0.068284 0.041865 0.047447 1 0.068238 0.045267 0.047817 1
LM 2-6 0.03065 0.017407 0.021297 1 0.033086 0.019638 0.023185 1
CGP 2-4 1.282924 0.597296 0.891449 0.998665 1.387508 0.671421 0.972279 0.998646
CGP 2-5 0.410188 0.143290 0.285022 0.999864 0.476046 0.168500 0.333583 0.999835
CGP 2-6 1.806788 0.858056 1.255459 0.997352 2.016340 1.016980 1.412925 0.997088
SCG 2-4 0.644212 0.307057 0.447635 0.999663 0.845596 0.371846 0.592541 0.999482
SCG 2-6 0.662124 0.317478 0.460082 0.999644 0.961239 0.417611 0.673576 0.999329
SCG 2-8 0.745911 0.309341 0.518302 0.999548 0.804624 0.348188 0.563831 0.999532

respectively. The results obtained from Table 15 show the
optimum neuron value of the hidden layer as 4 based on the
percentage of absolute change. The lowest values of MPE,
cov, and RMSE for benefit determination were observed
with LM algorithm with four neurons in the hidden layer
for training and testing results. The NPV results are given in
Figs. 8 and 9 for training and test values for LM 2-4.

As seen in Figs. 8 and 9, the analytical and LM 2-4
ANN model results of NPV well coincided with each other.
The results show that the most approximate algorithm is
LM with four neurons in the hidden layer. The MPE, cov,
RMSE and R? values of this model were, respectively, deter-
mined as 0.006398, 0.013915, 0.009669 and 1 for training
results. These values were obtained as 0.007532, 0.015455,
0.010830 and 1, respectively, in the testing step.

The R? values of the whole multi-stage ANN model net-
works changed between 0.994868 and 1. These values are
the acceptable range for the ANN optimization of energy
systems. The cov, MPE, RMSE and R? values of NPV
were determined, respectively, as 2.558308, 1.077997189,
1.777658128 and 0.994693 for training results of the multi-
stage ANN model. These values were obtained as 3.113911,
1.466969, 2.182035 and 0.993136, respectively, in the test-
ing step.

The optimum GEP-KC system parameters were deter-
mined by maximizing the NPV value of the GEP-KC by
using the masses and biases of the best algorithms of each
network. The optimum parameters of GEP-KC were deter-
mined as P,=5000 kPa, P,=820 kPa, T,,=353.15 K and
a=90% according to the multi-stage ANN network. Also,
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Fig.8 Training and analytic

O ANN-train + Analytic

results of NPV 140

£
- 80 —#
S :
o
Z 60 @
40
20
0 £}
0 50 100 150 200 250 300 350 400
Design number
Fig.9 Testing and analytic OANN-test +Analytic
results of NPV 140
120
ot
= g
100 I T
@ o &
a3
80 B pmE
g Gy
S
o E
Z 60 =
&
£
40 H
]
¥
o
20 %
0
0 50 100 150 200 250 300 350 400

energy, exergy and economic analysis were made for opti-
mum design parameters. The thermodynamic properties
of the optimum GEP-KC are given in Table 16. The ANN
and analytical results are given in Table 17 for optimum
GEP-KC.

According to the results in Table 17, the analytical
results well coincided with the ANN results. The minimum
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error rate was determined for evaporator as 0.000432%,
and the maximum error rate was calculated for investment
cost, maintenance and operating costs and salvage cost
as 3.014745%. The NPV was calculated as 113.0732 M$
analytically for optimum GEP-KC, and the error rate
was determined as 0.938314%. The error rates of energy
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Table 16 The thermodynamic Point 7/K  P/kPa hAkJkg' sAJkg 'K /% w kike' ¥, klke!
properties of the optimum /kg 57! P
GEP-KC
1 295.06 820 333.500 1.6387 149.2705 90 17863.52 185.9548
2 296.22 5000 341475 1.6441 149.2706 90 17863.51 192.3198
3 315.26 5000 432730 1.9426 149.2706 90 17863.51 194.5770
4 398.15 5000  1537.200 4.9460 149.2706 90 17863.51 403.5833
5 398.15 5000 1776.900 5.5662 119.2976  0.96705 19190.61 458.3707
6 398.15 5000 583.290 2.4775 29.9730 0.64119 12581.42 127.7375
7 313.56 820 1562275 5.6880 119.2976  0.96705 19190.61 207.4310
8 326.34 820 583.290 2.6259 29.97304 0.64119 12581.40 141.4111
9 32026 820  1365.698 5.0749 149.2706 90 17863.51 193.6498
10 310.34 820 1258339 4.7339 149.2706 90 17863.51 187.9602
2a 406.65 300 777.130  2.2030 462.0000 - 461.3300
2b 353.15 300 335210 1.0754 462.0000 - 355.6100
3a 288.15 4 62.984 0.2244 3299.0300 - 728.5923
3b 298.15 4 104.830 0.3672 3450.3130 - 727.8744

Table 17 The ANN and analytical results of optimum GEP-KC

Parameter ANN Analytic Error rate/%
W,/W 25407984 25604237 0.766485
WP/W 1208332 1190433 1.503566
Qud W 164865597 164864884 0.000432
Qeon (W) 138557404 138051298 0.366608
Orec (W) 13894557 13621687 2.003207
n (%) 6.650826 6.728543 1.155038
€ (%) 46.36653 46.87011 1.07442
C,(M$) 56.69869 58.46114 3.014745
C,o(M$) 3.401921 3.507668 3.014745
C,(M$) 12.42832 12.56081 1.054805
C,.(M$) 5.669869 5.846114 3.014745
NPV(M$) 114.1342 113.0732 0.938314

efficiency and exergy efficiency were calculated as
1.155038 and 1.07442, respectively.

This analysis was also performed for the single network
ANN model for the determination of NPV, energy efficiency
and exergy efficiency by using the first network inputs. How-
ever, the results of the multi-stage ANN model were found to
be more consistent than the single network model. In addi-
tion, it was determined in nine different parameters which
should be considered in the evaluation of the GEP-KC in the
multi-stage ANN model.

Conclusions
The GEP-KC was designed for different turbine inlet pres-

sure (P,=Ps), the geothermal water outlet temperature
at the evaporator (7,), condenser pressure (P;,=P,,) and

ammonia mass fraction (a). Also, NPV, energy and exergy
values of these models were determined analytically. Ana-
lytical results of 365 GEP-KC designs were used in ANN
analysis. Moreover, 70% of the designed models were used
for training and 30% of the designed models were used for
testing. The ANN model was basically composed of two
stages. The first has a single network, and the second stage
consists of three networks in this ANN model. Turbine inlet
pressure, the geothermal water outlet temperature at the
evaporator, condenser pressure and ammonia mass frac-
tion were input parameters of the multi-stage ANN model.
Energy and exergy efficiencies of the GEP-KC were the out-
put parameters of the first stage. The NPV was the output
parameter of the second stage consisting of three networks.
The optimum GEP-KC system parameters were determined
by maximizing the NPV value of the GEP-KC by using the
masses and biases of the best algorithms of each network.
The performance of ANN was determined by using different
statistical methods such as cov, MPE, RMSE and R?. These
statistical values were used to determine the best algorithm
for the multi-stage ANN model and to evaluate the preci-
sion and usability of the multi-stage ANN model for system
optimization. The statistical results showed that LM was the
best suitable algorithm for all ANN stages. The statistical
results showed that the optimum neuron values of hidden
layers in the first network, second network and third network
of second stage were determined as 28, 8 and 4, respectively.

Optimum system parameters are determined as
P,=5000 kPa, P,=820 kPa, T,,=353.15 K and a=90%
according to the multi-stage ANN network. The cov, MPE,
RMSE and R? values of NPV were determined, respectively,
as 2.558308, 1.077997189, 1.777658128 and 0.994693 for
the multi-stage ANN model in the training step. These val-
ues are within acceptable limits from a statistical point of
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view. According to the statistical results, ANN results of the
outputs well coincided with the analytical results. The mini-
mum error rate was determined for evaporator as 0.000432%
and the maximum error rates were calculated for investment
cost, maintenance and operating costs and salvage cost as
3.014745% for analytical and statistical analysis results of
optimum GEP-KC. The energy and exergy efficiencies of the
optimum GEP-KC model were determined, respectively, as
6.6508% and 46.3665% in the multi-stage ANN network.
These values were analytically determined as 6.7285%
and 46.8701%, respectively. The NPV was calculated as
113.0732 MS analytically and 114.1341 MS$ statistically for
optimum GEP-KC, and the error rate was determined as
0.938314%. It is seen that there is good conformity between
the analytical and ANN results. According to the analytical
and statistical results, the multi-stage ANN model is very
sufficient for the optimization of GEP-KC. The error rates in
the pre-decision stage of the system design are appropriate
in terms of engineering. As a result, this study shows that
the multi-stage ANN model could be used for the design and
optimization of different energy systems with high accuracy.
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