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In this study, a new combined power and refrigeration cycle is proposed, which
combines the Rankine and absorption refrigeration cycles. Using a binary ammo-
nia-water mixture as the working fluid, this combined cycle produces both power
and refrigeration output simultaneously by employing only one external heat
source. In order to achieve the highest possible exergy efficiency, a secondary tur-
bine is inserted to expand the hot weak solution leaving the boiler. Moreover, an ar-
tificial neural network is used to simulate the thermodynamic properties and the re-
lationship between the input thermodynamic variables on the cycle performance. It
is shown that turbine inlet pressure, as well as heat source and refrigeration tem-
peratures have significant effects on the net power output, refrigeration output, and
exergy efficiency of the combined cycle. In addition, the results of artificial neural
network are in excellent agreement with the mathematical simulation and cover a
wider range for evaluation of cycle performance.

Key words: combined cycle, ammonia water, exergy efficiency, artificial neural
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Introduction

In recent years, the world demand for energy has increased continuously. Moreover,
pollution caused by the exhaust emissions from industrial equipments has become of primary
importance. There are a large amount of waste heats being released into the environment, such
as exhaust gas from turbines and engines, and waste heat from power plants as well as heat pump
condensers, which lead to serious environmental pollution. Therefore, it is necessary to apply
more efficient energy conversion processes in order to minimize the negative environmental im-
pact of utilizing energy resources.

The introduction of combined cycles has been a crucial development for improving
overall energy conversion efficiency of power plants. Another recent improvement in thermal
power cycles is based on using mixed working fluids. The motivation for using binary mixtures
is that they exhibit a boiling temperature that varies during the boiling process, and their em-
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ployment as working fluids, thus allows maintenance of a more constant temperature difference
between them and variable temperature heat sources, and consequently reduced exergy losses in
the heat addition process. To take advantage of this feature, Kalina [1] proposed the use of am-
monia-water mixtures as the working fluids in the bottoming cycle of a combined cycle power
plant. Although Kalina is recognized for introducing the multi-component working fluid power
cycle and for bringing it to its current state, Maloney et al. [2] studied an absorption-type power
cycle using a mixture of ammonia and water as a working fluid in the early 1950s. Since then,
considerable efforts have been made to employ the ammonia-water mixtures in various power
cycle applications.

A topic of recent interest is the idea of combined power and cooling cycles that use an
ammonia-water working fluid. The cited advantages of combined operation include a reduction
in capital equipment by sharing of components, and also the possibility of improved resource
utilization compared to separate power and cooling systems [3, 4]. A combined thermal power
and refrigeration cycle was proposed by Goswami [5], and some further researches on the cycle
performance were carried out [6-12]. It could provide power output as well as refrigeration and
used an absorption condensation instead of the conventional condensation process. However,
this cycle had a major shortcoming. As it employed the ammonia-rich vapor in the turbine to
generate power, and then the turbine exhaust passed through a heat exchanger (cooler) transfer-
ring sensible heat to the chilled water, the refrigeration output was relatively small. In order to
produce a larger cooling effect, the working fluid should go through a phase change in the
cooler. Zheng et al. [13] proposed a combined power/cooling cycle utilizing Kalina’s technol-
ogy. The modification was such that the flash tank in Kalina cycle was replaced by a rectifier
which could obtain a higher concentration ammonia-water vapor for refrigeration. Moreover, a
condenser and an evaporator were inserted between the rectifier and the second absorber. Con-
siderable power and refrigeration output could be achieved by these improvements. Liu et al.
[14] proposed a novel combined power and refrigeration cycle using ammonia-water mixture as
the working fluid. They introduced a splitting/absorption unit into the combined power and re-
frigeration system. In a similar work, Zhang et al. [ 15] proposed a new model, operating in a par-
allel combined cycle mode with an ammonia-water Rankine cycle and an ammonia refrigeration
cycle, interconnected by absorption, separation, and heat transfer processes. The effects of the
critical thermodynamic parameters on both energy and exergy efficiencies were investigated.
More recently, another combined refrigeration and power system was suggested by Wang et al.
[16] which combined Rankine and absorption refrigeration cycles.

However, it should be noted that determining thermodynamic properties of water am-
monia mixtures, which have significant effect on the performance of cycles, and analyzing ther-
modynamic characteristics of the combined power and cooling cycles usually require a large
amount of computer power and time. The former is presented in the literature as limited experi-
mental data or complex differential equations [17-20] and the latter is too complex because of
thermodynamic property equations of fluid couples involving the solution of complex differen-
tial equations.

Instead of solving complex equations and applying limited experimental data, faster
and simpler solutions can be obtained using the artificial neural networks (ANN). ANN are able
to learn the key information patterns within multidimensional information domain. This tech-
nique can be used in modeling of complex physical phenomena such as in thermal engineering.
The use of ANN for simulating complex systems and predicting properties of fluid parts is in-
creasingly becoming popular in the last decades. This is mostly because ANNs can be trained
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just by using examples and they do not need an explicit formulation of physical relationships of
concerned problem.

Different types of ANN have shown a good potential in solving complex engineering
problems. The standard back propagation ANN techniques as well as several other common
methods has been successfully adopted for analysis of different parameters in various mechani-
cal systems like solar steam generating plant [21], refrigeration system [22], heat transfer [23],
internal combustion engines [24], chemical systems [25], absorption chiller systems [26],
fin-tube refrigerating heat exchangers [27], gas/solid sorption chilling machines [28], absorp-
tion chiller systems [29], etc. The back propagation ANN technique is a generalized approach,
which has been derived from the Widrow error correction rule [30]. The original Widrow-Hoff
technique utilized an error signal that was defined as the difference between the reference value
and predicted output. Weights were changed in proportion to the error, which diminished the er-
ror in the direction of the gradient.

In this paper, a more advanced combined power and refrigeration cycle is proposed and
examined, as an improvement upon the configuration analyzed by Hasan et al. [6], which was
originally proposed by Goswami in 1995. This plant operated in a parallel combined cycle mode
with an ammonia-water Rankine cycle and an ammonia refrigeration cycle, interconnected by ab-
sorption, separation, and heat transfer processes. The proposed cycle is shown schematically in
fig. 1. Two major differences are detected between this proposed cycle and the one in [6]. Firstly,
the rectified vapor leaving the superheater (state 8) is expanded to a mid pressure in the turbine,
then fed to a condenser and throttled
to the cycle low pressure before en-
tering the refrigeration heat ex-
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of key thermodynamic parameters on the cycle performance. A neural network is created and
trained in order to evaluate the cycle outputs in the whole acceptable range of pre-defined input
parameters. The effect of different networks using various hidden layer neurons of the relative
errors of estimating cycle parameters is also investigated.

Mathematical modeling and assumptions

The proposed cycle is a combination of Rankine cycle and absorption refrigeration cy-
cle, which can produce both power and refrigeration simultaneously with only one heat source.
The use of ammonia-water mixtures as the working fluid provides a significant reduction in heat
transfer irreversibility in the boiler when used with a sensible heat source [6].

As shown in fig. 1, the basic concentration saturated solution which leaves the ab-
sorber is considered to be at the cycle low pressure P,,, and at constant absorber temperature, as-
sumed to be 300 K in the present study. The saturated liquid solution is then pumped to a high
pressure (state 2). The high pressure liquid is split into two streams: one is directed towards the
rectifier and the other passes through a recovery heat exchanger; where after recovering waste
heat is mixed with the first stream leaving the rectifier and then enters the boiler (state 4). The
mixture is partially boiled in the boiler, producing a vapor rich in ammonia and a hot, liquid
weak solution. The vapor is condensed in the rectifier to increase the ammonia content of the va-
por, until reaching a concentration of 1 kg of ammonia per kg of total mixture. at rectifier tem-
perature (state 7). The rectified vapor is superheated and expanded through a turbine to a mid
pressure P, then fed to a condenser and throttled to the cycle low pressure before entering the
refrigeration heat exchanger. The exit temperature from the throttle valve is lower than ambient
temperature, allowing a considerable refrigeration (cooling) load to be extracted from the pure
ammonia liquid in the refrigeration heat exchanger.

On the other hand, the hot weak solution leaving the boiler (state 11) is combined with
the rectified saturated liquid (state 6) and fed into a second superheater. The mixture is subse-
quently expanded through another turbine to the cycle low pressure, enabling the extraction of
some additional output work. Finally, the weak solution leaving the turbine is fed into the ab-
sorber, where it is combined with the high concentration ammonia mixture which has provided
the refrigeration output. The solution is then condensed by rejection of heat until reaching the
specified absorber temperature.

The heat exchanged in superheaters, boiler, and the recovery heat exchanger were sup-
plied by employing an external heat source stream of air, with entrance temperature in the range
of 500-600 K. In addition, the recovery heat exchanger mass flow rate ratio R, and the heat
source mass flow rate ratio R, were considered to be equal to 0.5, since they don’t have any in-
fluence on total energy balance of the relevant process. The pressure drops and heat losses in
pipe lines and the work required by the pump were also neglected. The exit temperatures from
both superheaters were assumed to be 50 °C lower than the heat source inlet temperature. Fur-
thermore, the refrigeration temperature (state 10) was varied from 10 to 40 °C lower than the en-
vironment temperature. The main assumptions are reflected in tab. 1.

Artificial neural network modeling

An ANN tries to recognize an approximate pattern between inputs and their desired
outputs by imitating the brain functions. Their ability of learning by examples makes the ANN
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more flexible and powerful than the parametric approaches. Thus, ANN can be used to find pat-
terns and detect trends that are too complex to be noticed by either humans or other computer
techniques.

An ANN compromises interconnected groups of artificial neurons and their respective
weight building blocks; the behavior of the network depends largely on the interaction between
these building blocks which are used in training the network in order to perform a particular
function. Each neuron accepts a weighted set of inputs and responds with an output or activation
function, which can be hard limit threshold function, log-sigmoid function, or hyperbolic tan-
gent function as stated in eqs. (1)-(3).

0 x<0
Hard limit: )= l
7 {l x>0 (1)
Log-sigmoid function: )= 1 o
+e*
Hyperbolic tangent sigmoid: f(x) = e¥ —e ™ 5
er +e

A typical ANN consists of three layers, an input layer which takes the input variables
from the problem, a hidden layer(s) made up of artificial neurons that transform the inputs, and
an output layer that stores the results. ANN are trained to get specific target output from a partic-
ular input, using a suitable learning method; therefore, the error between the output of the net-
work and the desired output should be minimized by modifying the weights and biases. After-
wards, this trained network can be applied to the simulated system to predict the system outputs
for the inputs which have not been introduced to the network during the training phase.

The training rule used in the current study is the back-propagation training algorithm.
This algorithm is a gradient descent algorithm, in which the network weights are changed along
the negative of the gradient of the performance function. For feed-forward networks, perfor-
mance functions are usually considered as the average squared error between the network and
the target outputs. This method is called back-propagation because of the way in which the gra-
dient is computed for non-linear multilayer networks. Recently, the basic algorithm has under-
gone some modifications that are based on other standard optimization techniques, such as con-
jugate gradient and Newton methods. Properly trained back-propagation networks can achieve
reasonable answers when presented with inputs that they did not see. This property makes it pos-
sible to train a network on a predefined set of input/target pairs and get acceptable results with-
out training the network on all possible input/output pairs.

To model the relationship between combined power and refrigeration cycle variables
and the second law efficiency, a feed-forward neural network with three hidden layers is em-
ployed in the study.

Results and discussion

The parametric analysis is performed to evaluate the effects of three major parameters
on the combined cycle performance: turbine inlet pressure, heat source inlet temperature, and
the refrigeration temperature. When one specific parameter is studied, other parameters are kept
constant. The values of the constant parameters and the range in which three substantial vari-
ables are altered are shown in tab. 1.
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Table 1 . Conditions assigned to the cycle parameters

As mentioned previously, a

Environment temperature [K]

Cycle low pressure [bar]

300 feed-forward neural network
with three hidden layers is em-
1 ployed in the study in order to

Absorber outlet temperature [K]

model the cycle performance

300 based on the above input vari-

Working mixture mass flow rate [kgs™']

10 ables.

Heat source mass flow rate [kgs’l]

In order to achieve accurate

Recovery heat exchanger mass flow rate ratio R,

Heat source mass flow rate ratio R,

1* turbine isentropic efficiency [%)]

130 results while decreasing the cal-
0.5 culation time as much as possi-

ble, several networks have been
0.5 trained and their respective errors
20 associated with exergy effi-

ciency, training calculation time,

2™ turbine isentropic efficiency [%]

85 and number of total iterations

Pump isentropic efficiency [%]

was compared. To find the most

The range of heat source inlet temperature [K]

The range of refrigeration temperature [K]

The range of turbine inlet pressure [bar]

100 suitable network, the effects of
500-600 number of neurons at each hid-
den layer on the mentioned pa-

260-290 rameters have been investigated.
12226 After normalizing the total num-

ber of iterations (&), the calcula-

tion time (B) and errors in esti-

mating exergy efficiency of the cycle (), with their relevant reference values, the parameter S
representing the deviation of each ANN can be defined as eq. (4):

S =[] + {81+ )

Therefore, smaller values of S indicate higher quality of the neural network, that is
higher precision and less calculation time. Several ANNs have been trained in order to investi-
gate the influence of number of neurons in each layer on deviation parameter S. Figure 2 indi-
cates how the variation of neurons quantity affects the quality of the created network for differ-

1.94 == 420d |ayer = 4, #3' layer = 4
s =42 Jayer = 6, #3" layer = 4
-o-#2" Jayer = 7, #3 layer = 5
1.4
0.9
0.47
T T T T :
—013 4 5 6 7 8 9

Number of neurons in the first layer

Figure 2. Effect of neuron number of the first
hidden layer on network deviation

ent values of second and third layer neuron
numbers. As it can be observed, increasing the
number of neurons in the first layer, while fixing the
number of neurons on the other layers will result in
a minimum point for deviation parameter S.

The same phenomenon is detected while in-
creasing number of neurons in the third layer. As it
can be seen in fig. 3, increasing the number of neu-
rons in the third layer for fixed neuron values in the
other layers results in a minimum point for devia-
tion parameter S, thus an optimum network quality.

On the other hand, it was observed that raising
the number of neurons in the second hidden layer
causes a maximum for deviation parameter S, while
no minimum point is observable. Figure 4 shows
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Figure 4. Effect of neuron number of the second
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how the quality of the neural network becomes unfavorable for the second layer neuron numbers
of about 6-7, in the examined range of neurons for other layers.

Considering the above effects, an exhaustive search method was applied to find the
best values of neurons at each level which lead to the most fitting network. The result is shown

in tab. 2.

Table 2. Normalized values of iteration number, calculation time, and efficiency error in different neuron
numbers for three hidden layers of examined ANN

Number of Number of | Number of
neurons in the [ neurons in the | neurons in the Hl " "ﬁ" "7/" S
1t layer 27 Jayer 3 Jayer

5 8 8 0.01209 0.01105 0.01639 0.03953
8 5 0.01209 0.0104 0.06253 0.08502
8 4 6 0.03747 0.02856 0.02025 0.08628
5 5 8 0.04351 0.03254 0.01317 0.08922
4 8 6 0.02055 0.01843 0.05337 0.09235
6 6 4 0.03948 0.02783 0.02812 0.09543
5 5 4 0.18171 0.15281 0.02495 0.35947
5 6 5 0.19782 0.16291 0.00793 0.36866
7 4 8 0.20548 0.16405 0.01047 0.38

5 4 8 0.20467 0.16744 0.00936 0.38147
7 8 6 0.21434 0.19065 0.00234 0.40734
5 7 7 0.21998 0.18488 0.007 0.41187
5 4 6 0.22039 0.20153 0.00866 0.43058
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The first line in tab. 2 indicates the optimum choice of neuron numbers for training the
neural network, in order to predict the cycle performance. As it can be noticed, the number of
neurons in the first hidden layer should be lower than that of the second and third layers. This
optimum network was employed to evaluate the cycle power as well as the refrigeration output
and exergy efficiency in a wide range of working conditions, taking heat source inlet tempera-
ture, refrigeration temperature, and turbine inlet pressure as the input parameters.

For a turbine inlet pressure of 20 bar, heat source temperature of 500 K and refrigera-
tion temperature difference of 40 °C with respect to the ambient, operating conditions obtained
from the simulation are shown in tab. 3. The states indicated in the table correspond to locations
given in the schematic of the cycle in fig. 1. It is obvious that the temperatures of states 8 and 13
which are defined by superheater temperatures are equal to 7, -50 and the refrigeration tempera-
ture (state 10) corresponds to 7,-40. The boiler and rectifier temperatures are also obtained us-
ing a slight variation in the conditions enforced by concentration and pressures of the absorber
and boiling heat exchanger. Moreover, it can also be observed that a large fraction of the basic
solution returns from the boiler to the absorber through the secondary superheater and turbine.
In this case, only about 4% of the basic solution is directed from the rectifier towards the primary
turbine and refrigeration heat exchanger as pure ammonia, enabling the extraction of power and
refrigeration load. Therefore, the employment of the second turbine seems essential for making
use of considerable amount of available exergy from the hot weak solution leaving the boiler.

Table 3. Operating conditions of the combined cycle at Py;,, = 20 bar, T;, =500 K, 7, ;= T,-40

State P [bar] T[°C] h [kJkg '] s [kIkg 'K | m [kgs™!] X
1 1 27 —149.926 0.257692 10 0.305169
2 20 27.1 —149.956 0.257692 5 0.305169
3 20 25.09275 3455.432 13.91454 5 0.305169
4 20 186.699 1777.74 4.788329 10 0.305169
5 20 140.7783 1729.192 5.196552 0.747389 0.834101
6 20 67.40514 123.2122 0.850858 0.343804 0.692775
7 20 67.40514 1353.064 4.254301 0.403585 1
8 20 177 1652.912 5.028429 0.403585 1
9 10.0729 117.0292 1524.774 5.028429 0.403585 1
10 1 -13 1262.923 5.308321 0.403585 1
11 20 140.7783 443.3603 1.756231 9.252611 0.262444
12 20 138.0287 431.8906 1.744269 9.596415 0.277861
13 20 177 2441.241 6.169578 9.596415 0.277861
14 1 89.3714 1938.908 6.169578 9.596415 0.277861
15 20 67.09759 100.0476 0.839203 5 0.305169
19 10.0729 24.99475 327.2191 1.115654 0.403585 1
20 1 -33.5172 327.2191 1.167804 0.403585 0.183751
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Figure 5 shows the effect of turbine inlet 5100

pressure on net power output of the cycle. The =~ Z 4900 ’.--"'""'---';

curves correspond to a pressure range of 12-30  _g 4700 -

bar, and three different heat source temperatures, 2 4500

while refrigeration temperature is kept constant 4300 ‘.-"

at Top=260 K. It can be observed that in general, .

power output increases as the turbine inlet pres- — T,,=500K

sure is increased. This is due to the proven ther- ol == T, =550K

modynamic principle that the enthalpy drop 3ro0 A = BOOIS

across the turbine increases as the pressure ratio 3500 ‘ =

increases. It should be noted that the first tur- 10 b B & P:; bar] i

bine’s exit pressure P4 is only a function of
condenser temperature, and thus remains con-  Figure 5. Effect of turbine inlet pressure on net
stant as the high pressure is varied. Accordingly, — power output for different heat source
increasing the inlet pressure of both turbines temperature

while outlet pressures are kept unchanged, re-

sults in an increased pressure ratio across both components; thereby increasing the net power out-
put of the cycle. Moreover, it can be seen that the net power output increases with increasing heat
source temperature. This is because a higher heat source temperature leads to a greater amount of
heat exchanged in superheaters, and thereby a higher turbine inlet temperature and enthalpy. In-
creased enthalpy drop across both turbines then signifies a higher output work.

In all three curves, the values of net output work predicted by ANN show excellent
agreement with the ones obtained from mathematical simulation, which are depicted by mark-
ers. In addition, for turbine inlet pressures higher than 26 bar, the mathematical modeling was
unable to evaluate the cycle performance because of the limitations in calculating some of ther-
modynamic variables. However, the neural network can provide interesting solutions in this
range of input parameters, which follow a reasonable trend based on previous values.

Figure 6 shows the effect of the turbine inlet pressure on the cycle refrigeration output
for the same refrigeration temperature as the previous diagram. As it is observed, the refrigera-
tion output tends to increase as the turbine inlet
pressure is elevated. As the state of the working 1000 -

fluid exiting the refrigeration heat exchanger < 900 -

(point 10) is independent of the cycle’s high &= —Tin = 500, 550, 600 K
pressure, the influence of this parameter on the - £ae

state of the fluid entering the heat exchanger 700

should be investigated. According to the previ- 600 -

ous discussion, raising the pressure ratio results 500 -

in a higher enthalpy drop across the first tur-

bine, hence a lower enthalpy and temperature at A0d

the turbine exit. Assuming that the working 300

fluid experiences a pressure-constant process in 200 : :
condenser until reaching the saturated liquid 10 15 20 25 30 35

condition, a decreased mid temperature is iden- Phign [bar]

tical to a 1ow§:r SaFll,rated liquid enthalpy for the Figure 6. Effect of turbine inlet pressure on
pure ammonia exiting the Conqenser- Since the  yefrigeration output for different heat source
subsequent throttling process is assumed to be  temperature
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50 renane = .
T=sO enthalpy-constant, an increased enthalpy drop

%45 . _:_‘”fzggi “t occurs across the refrigeration heat exchanger,
2 R providing a higher refrigeration output.
2 0 e ‘.--“ It is also evident that the refrigeration output
> a5 remains constant as the heat source temperature
f=2] - . . . .
s - ad increases. This can be easily explained by con-
W 30 - e sidering that the inlet temperature of the refriger-
- el ation heat exchanger does not vary with the heat
source temperature, and the outlet state is only a
20 - : : function of refrigeration temperature. Therefore,
10 15 20 o o 35 heat source inlet temperature has no influence on
man the refrigeration output.
Figure 7. Effect of turbine inlet pressure on Due to the cumulative effects of net power
exergy efficiency for different heat source output and refrigeration output on the perfor-
temperature

mance of the combined cycle, the exergy effi-
ciency of the cycle increases by elevating the tur-
bine inlet pressure, as shown in fig. 7. In other words, a higher total exergy, defined as maximum
available work:

w=(h—hy)—Ty(s —sp) (5)

is achieved due to the increased enthalpy at the heat source outlet, while the total input exergy
supplied by the heat source remains constant.

On the other hand, combining the positive effect of increasing the heat source inlet
temperature on the net power output of the cycle and its neutral impact on refrigeration output, it
can be deduced that the total available exergy extracted from the cycle increases by raising the
heat source inlet temperature. However, this increase is at the expense of a higher exergy input
resulting from the raise in heat source temperature. The elevation in the required exergy input is
more significant than the additional power output, thus resulting in lower exergy efficiency, as it
can be deduced from fig. 7.

Figure 8 shows the effect of refrigeration

4900 —— Pl = 14 bar temperature on the net power output at different
2 4700 - = = Pyign = 20 bar turbine inlet pressures, when heat source inlet
E seees Py = 26 bar temperature is set to 500 K. It can be observed
= 48005 T P that the net power output remains constant as the

4300 refrigeration temperature increases. This is due to

- . the fact that the variation of r@friggration temper-

4100 ature cannot change the turbines inlet and outlet

— conditions.

On the other hand, the refrigeration tempera-

3700 1 A—k—k—k—k—k—A ture directly affects the amount of cooling capac-

S0 ity since it alters the temperature and thus the

250 260 270 280 200 300 enthalpy at refrigeration heat exchanger outlet.

Tt K] As it is indicated in fig. 9, cooling capacity of the
Figure 8. Effect of refrigeration temperature  CYCle increases w1th refrigeration temperature in
on net power output for different turbineinlet ~ an approximately linear pattern, due to an in-
pressures crease in enthalpy rise across the heat exchanger.
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Figure 9. Effect of refrigeration temperature on Figure 10. Effect of refrigeration temperature on
cooling capacity for different turbine inlet exergy efficiency for different turbine inlet
pressures pressures

Finally, the variation of exergy efficiency with refrigeration temperature is shown in
fig. 10. As it was expected from previous investigations, increasing the refrigeration tempera-
ture slightly increases the exergy efficiency of the cycle as a result of its combined neutral effect
on net power and positive effect on refrigeration output. However, this change is relatively small
due to the insignificant amount of increase in refrigeration output with respect to the total input
exergy.

In addition, the results obtained for exergy efficiency of the cycle from the neural net-
work are completely consistent with the data obtained from mathematical simulation. The maxi-
mum error associated with estimating the efficiency in the whole range of consideration was
observed to be less than 0.07%.

Conclusions

A new combined power and refrigeration cycle using ammonia-water mixture as the
working fluid is proposed, which employs two independent turbines and one cooling heat
exchanger to produce both power and refrigeration output simultaneously, with only one heat
source. Moreover, a feed-forward neural network with three hidden layers was used to simulate
the thermodynamic properties of the working mixture and the relationship between the input
thermodynamic parameters on the cycle performance.

Optimum values of neuron numbers in each of the hidden layers was identified to ob-
tain an optimum network minimizing the number of required iterations, calculation time, and
exergy efficiency estimating error. It was shown that temperature turbine inlet pressure, heat
source temperature, and refrigeration temperature have significant effects on the net power out-
put, refrigeration output, and exergy efficiency of the cycle. In addition, the insertion of the sec-
ondary turbine for expanding the hot weak solution leaving the boiler made it possible to
achieve significant amounts of output work and cooling rates. The results predicted by the neu-
ral network are in excellent agreement with the ones obtained from mathematical simulation.
The optimum ANN also provides reliable results in the range of input thermodynamic variables
that the mathematical simulation fails to evaluate the cycle performance.
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Nomenclature
h — enthalpy, [kJ'kg™"] Greek symbols
-1
Zl - Iﬁzzsstgzw[l;:ﬁ, s a — total number of iterations, [-]
0 _ ﬁeat load [kW] B — calculation time for training the ANN, [s]
R, — recovery ’heat exchanger mass flow rate 7 — error in estimatinlg exergy efficiency of
ratio, [] the cycle, [klkg K]
) “l
R, — heat source mass flow rate ratio, [—] 14 — stream exergy, [kJkg ']
N — ANN deviation criteria, Subscripts
= e+ 811+ b -]
s — entropy, [kJkg K] hs — heat source
T — temperature, [K] mid - middle
w — power, [kW] net — net value
X — concentration of ammonia in ref - refri'geration outlet
water-ammonia mixture, [kgkg '] 0 — environment state
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