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Thermodynamic Analysis of CO2 Closed-Cycle Gas Turbine for Marine Applications at
Various Pressure Ratios
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Abstract: A thermodynamic analysis of CO2 closed-cycle gas turbine is presented in this paper. Two processes are investigated - base process and the same process
upgraded with a heat regenerator. Maximum specific useful work is 159.94 kJ/kg for both observed processes. Involving of heat regenerator inside base CO2 closed-cycle
gas turbine process requires attention due to required temperature differences - high pressure ratios cannot be obtained with a high efficiency heat regenerator. Base CO2
closed-cycle gas turbine process did not reach cycle efficiency higher than 25%, while for the upgraded process the cycle efficiency can reach 40% at high pressure ratio
and for high regenerator efficiency. Additionally, multilayer perceptron is trained in order to achieve high quality models for estimating specific useful work and efficiency for
both, base and upgraded process. As a result, MLP with three hidden layers achieved high values of R2 score.
Keywords: closed-cycle gas turbine; CO2; machine learning; multilayer perceptron; thermodynamic analysis; various pressure ratios

1

INTRODUCTION

Nowadays, in the marine propulsion, diesel engine
prevails [1-3]. Steam propulsion plants are rarely used
(while taking into account the entire world fleet), but are
still dominant in the propulsion of the LNG (Liquefied
Natural Gas) carriers due to many specificities of such
ships as well as due to the specificity of transported cargo
[4, 5]. Gas turbines are usually part of complex ship
propulsion systems which consist of many various
elements [6, 7].
Gas turbines are characteristic elements due to the fact
that the amount of heat as well as the temperature of
combustion gases which remains after the expansion inside
a gas turbine (waste heat) is much higher in comparison to
other propulsion elements. This fact is the main reason why
the gas turbines are unavoidable elements of combinedcycle power plants [8, 9]. High temperature and high heat
amount of combustion gases after the gas turbine are the
main elements why the engineers and researchers are
intensively involved in the development of various waste
heat recovery systems which will increase the efficiency
(and simultaneously decrease losses) in power systems
where the gas turbines are the constituent components [10].
In this paper is presented a thermodynamic analysis of
CO2 closed-cycle gas turbine which operates by using a
waste heat (waste heat is delivered from gas turbine
combustion gases). Two processes are investigated - base
process and the same process upgraded with a heat
regenerator. Analysis of various operating parameters for
both observed processes is performed at different pressure
ratios. Obtained cycle efficiency of the analyzed CO2
closed-cycle gas turbine shows that the operation of this
process can be beneficial only by using a heat regenerator.
Moreover, authors use a machine learning technique in
order to estimate output parameters of CO2 closed-cycle
gas turbine. First, the obtained data will be rearranged,
second, the multilayer perceptron (MLP) algorithm will be
trained with prepared data and the performance of each
model will be evaluated using Coefficient of determination
(R2). Afterwards, the obtained result of each model will be
compared.
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DESCRIPTION AND OPERATING CHARACTERISTICS
OF THE ANALYZED CO2 CLOSED-CYCLE GAS
TURBINE (BASE PROCESS AND UPGRADED
PROCESS)

Scheme of the base CO2 closed-cycle gas turbine
process is presented in Fig. 1a [11]. Turbocompressor
increases CO2 pressure and delivers it to the heater. In the
heater, CO2 is heated by combustion gases from gas turbine
and in such way, it is prepared for expansion in a gas
turbine. After the heater, CO2 has the highest temperature
inside the whole CO2 closed-cycle gas turbine process and
expands through the gas turbine, after which it is delivered
to the cooler. The cooler decreases CO2 temperature
(regardless of used cooling medium) and after the cooler,
CO2 with a decreased temperature is delivered to
turbocompressor again. Turbocompressor increases the
CO2 pressure (and simultaneously CO2 temperature) after
which the whole process is continuously repeated.
Fig. 1b presents CO2 closed-cycle gas turbine process
upgraded with a heat regenerator. Heat regenerator is a
CO2-CO2 heat exchanger in which CO2 after expansion
inside the turbine (CO2 of higher temperature) is used for
heating CO2 after turbocompressor (CO2 of lower
temperature). Regenerator operation did not influence
turbocompressor or the turbine, but it notably reduced heat
amount required for the CO2 heating in the heater and
simultaneously, notably reduced the amount of cooling
medium required for a CO2 cooling purposes in the cooler.
Therefore, inside the regenerator is usefully applied one
part of CO2 heat amount which will be released from the
process in the cooler if the gas turbine does not possess
regenerator (base process, Fig. 1a).
For both observed processes (base or upgraded),
instead of combustion gases from the gas turbine, in the
heater can be used any heat from any heat source. Also, in
the cooler can be used any allowable cooling medium for
CO2 temperature decrease (both observed processes).
The most common usage of both observed CO2 closedcycle gas turbine processes (base or upgraded) is in driving
an electrical generator and producing additional electrical
power, as presented in Fig. 1 [12].
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(a)

(b)
Figure 1 Scheme of the CO2 closed-cycle gas turbine with marked operating
points required for the analysis: (a) Base process; (b) Process with the
regenerator

It should be noted for both observed CO2 closed-cycle
gas turbine processes that they operate between two
pressures - lower pressure at the turbocompressor inlet (gas
turbine outlet) and higher pressure at the turbocompressor
outlet (gas turbine inlet), Fig. 2. Pressure ratio
(higher/lower pressure) is an important operating
parameter of both observed CO2 closed-cycle gas turbine
processes.

In Fig. 2, for both observed processes, operating points
are marked in relation to Fig. 1. Due to analysis simplicity,
for both observed processes (base and upgraded), the
pressure drops inside the heater, cooler and regenerator
which occur in the real operation are neglected, Fig. 2.
T-s diagram of the base CO2 closed-cycle gas turbine
process is presented in Fig. 2a. In Fig. 2a are also presented
ideal
and
real
thermodynamic
processes
of
turbocompressor and gas turbine. A comparison of real and
ideal thermodynamic processes defines the isentropic
efficiency of turbocompressor and gas turbine. Ideal
(isentropic) process assumes always the same CO2 specific
entropy.
T-s diagram of the CO2 closed-cycle gas turbine
process upgraded with a heat regenerator is presented in
Fig. 2b. One part of heat from the CO2 after the expansion
process (operating points 4-5) is transferred to CO2 after
the turbocompressor (operating points 2-x). In such way,
the amount of heat delivered in the heater is notably
reduced (operating points x-3) in comparison to the base
process where heat delivery in the heater occurs between
operating points 2-3. Simultaneously, such heat transfer
will decrease the amount of heat released from the process
in the cooler. Also, Fig. 2b clearly shows that heat
regenerator did not have any influence on the
turbocompressor and gas turbine operation.
3

EQUATIONS FOR THE CO2 CLOSED-CYCLE GAS
TURBINE THERMODYNAMIC ANALYSIS

All the equations for the CO2 closed-cycle gas turbine
analysis (both base and upgraded processes) are defined
according to operating points presented in Fig. 1 and Fig.
2.
3.1 Equations for the Base CO2 Closed-Cycle Gas Turbine
Process
In the base CO2 closed-cycle gas turbine process, CO2
specific enthalpy after compression in the turbocompressor
is calculated by using equation for turbocompressor
isentropic efficiency:

TC,is 
(a)

h2is  h1
h2  h1

(1)

where h is operating medium (CO2) specific enthalpy in
kJ/kg. Specific work of turbocompressor (in kJ/kg) is:

wTC  h2  h1

(2)

Specific heat (in kJ/kg) transferred to operating
medium (CO2) in the heater is calculated as:

qHeater  h3  h2

(b)
Figure 2 T-s diagrams of the CO2 closed-cycle gas turbine with marked
operating points required for the analysis: (a) Base process; (b) Process with the
regenerator
52

(3)

CO2 specific enthalpy after expansion in the turbine is
calculated by using the equation for turbine isentropic
efficiency:
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TU,is 

h3  h4
h3  h4is

(4)

Specific work of the turbine (in kJ/kg) is:

wTU  h3  h4

(5)

The specific useful work of the whole process (in
kJ/kg) is:

wUseful  wTU  wTC

(6)

The efficiency of the whole cycle is:

Cycle 

wUseful wUseful

qHeater h3  h2

p2 p3

p1 p4

qCO2,TU,R  h4  h5

(15)

Heat regenerator efficiency (Reff in the Figures) is a
ratio of heat amount transferred to colder CO2 (after the
turbocompressor) and heat amount which can be
transferred to colder CO2 in an ideal situation:

R 

hx  h2
h4  h2

(16)

(7)

Pressure ratio, for both observed processes (based and
upgraded) is defined as:



process (Eq. (4) and Eq. (5)), because heat regenerator did
not have any influence on the turbine operation.
Specific heat (in kJ/kg) transferred from hotter CO2
(after the turbine) in the heat regenerator, for the upgraded
process, is:

(8)

The specific useful work of the whole upgraded
process is calculated with an identical equation as in the
base process (Eq. (6)).
The efficiency of the whole cycle upgraded with a heat
regenerator is:

Cycle,R 

wUseful
w
 Useful
qHeater,R h3  hx

(17)

with a note that for the base process is valid:

p2  p2is  p3

(9)

p1  p4is  p4

(10)

while for the process upgraded with a heat regenerator is
valid:

p2  p2is  px  p3

(11)

p1  p5  p4is  p4

(12)

3.2 Equations for the CO2 Closed-Cycle Gas Turbine
Process Upgraded with the Regenerator
As mentioned before, heat regenerator involved in the
CO2 closed-cycle gas turbine process did not have any
influence on turbocompressor operation.
Specific heat (in kJ/kg) transferred to colder CO2 (after
the turbocompressor) in the heat regenerator, for the
upgraded process (R is the mark for the process with the
heat regenerator), is:
qCO2,TC,R  hx  h2

(13)

Specific heat (in kJ/kg) transferred to operating
medium (CO2) in the heater for the upgraded process is:
qHeater,R  h3  hx

(14)

For the upgraded process, CO2 specific enthalpy after
expansion in the turbine and specific work of the turbine
are calculated by using the same equations as in base
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CO2 PROPERTIES REQUIRED FOR THE ANALYSIS
(BASE AND UPGRADED PROCESS)

Main input data for both CO2 closed-cycle gas turbine
processes are derived from the recommendations of
Dragunov [13]. CO2 properties in each operating point
presented in Fig. 1 and Fig. 2 are calculated by using NIST
REFPROP 9.0 software [14].
4.1 Main Input Data and Procedure of Properties
Calculation for Both Processes (Base and Upgraded)
The input data for the base process (starting with
turbocompressor inlet) are:
- CO2 pressure and temperature at the turbocompressor
inlet are 7.7 MPa and 32 °C,
- pressure ratio is varied in this analysis from 1.3 up to
20 for a base process and from 1.3 up to 6 for the
upgraded process,
- CO2 in operating point 2 (Fig. 2) has the same specific
entropy as in the operating point 1,
- for all the calculations performed in this paper,
turbocompressor isentropic efficiency (Eq. (1)) and
turbine isentropic efficiency (Eq. (4)) are the same and
equal to 90% (as recommended in [13]),
- CO2 specific enthalpy after real (polytropic)
compression process (operating point 2) is calculated
by using the equation for turbocompressor isentropic
efficiency (as the pressure in operating point 2 is
known, from CO2 pressure and specific enthalpy are
calculated all the other properties in operating point 2),
- in operating point 3, CO2 temperature is 505 °C as
recommended in [13],
- operating point 4 (Fig. 2) has the same CO2 specific
entropy as operating point 3,
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-

specific enthalpy in operating point 4 is calculated
from the equation of turbine isentropic efficiency (Eq.
4).
The input data for the process upgraded with a heat
regenerator are:
- temperature and pressure at the turbocompressor inlet
as well as the temperature at the turbine inlet are
identical as in the base process,
- CO2 properties in operating points 2, 2, 4 and 4 are
calculated by following the same principles as in the
base process (turbocompressor and turbine isentropic
efficiencies are also 90%),
- CO2 specific enthalpy in operating point x (Fig. 1b)
and Fig. 2b) is calculated by using the equation for heat
regenerator efficiency (Eq. (16)). Heat regenerator
efficiencies are varied in this analysis from 40% up to
60% (selected range of heat regenerator efficiencies is
further explained during the obtained results
presentation),
- CO2 specific enthalpy in operating point 5 (Fig. 1b and
Fig. 2b) is calculated by equalizing Eq. (13) and Eq.
(15).
4.2 Example of CO2 Properties in the Base and Upgraded
Processes
For the base CO2 closed-cycle gas turbine process,
CO2 properties in each operating point from Fig. 1a and
Fig. 2a are presented in Tab. 1 for the pressure ratio equal
to 3.
Table 1 CO2 properties in each operating point of the base process
Specific
Specific
Temperature / Pressure /
enthalpy /
entropy /
°C
MPa
kJ/kg
kJ/kg∙K
1
32.00
7.7
306.23
1.3463
2is
64.71
23.1
328.73
1.3463
2
65.79
23.1
331.23
1.3537
3
505.00
23.1
976.94
2.6402
4is
366.28
7.7
828.94
2.6402
4
379.15
7.7
843.74
2.6631
* Operating point numeration refers to Fig. 1a and Fig. 2a
Operating
Point*

For the CO2 closed-cycle gas turbine process upgraded
with a heat regenerator, CO2 properties in each operating
point from Fig. 1b and Fig. 2b are presented in Tab. 2 for
the pressure ratio equal to 4 and for the heat regenerator
efficiency equal to 50%.
Table 2 CO2 properties in each operating point of the process upgraded with a
heat regenerator
Specific
Specific
Operating Temperature / Pressure
enthalpy /
entropy /
Point*
°C
/ MPa
kJ/kg
kJ/kg∙K
1
32.00
7.7
306.23
1.3463
2is
74.76
30.8
338.88
1.3463
2
76.53
30.8
342.51
1.3567
3
505.00
30.8
971.40
2.5763
4is
331.51
7.7
789.20
2.5763
4
347.48
7.7
807.42
2.6060
x
204.31
30.8
574.96
1.9281
5
142.79
7.7
574.96
2.1512
* Operating point numeration refers to Fig. 1b and Fig. 2b

is a fluid at a temperature and pressure above its critical
point, where distinct liquid and gas phases do not exist. In
the literature can be found that the thermal efficiency of
such processes is higher in comparison to other similar
processes for the heat source temperatures range from
450 °C to 700 °C [12, 13]. That was the main reason why
supercritical processes are selected for the analysis.
MACHINE LEARNING APPROACH FOR CO2 CLOSEDCYCLE GAS TURBINE OUTPUT PARAMETER
ESTIMATION

5

In order to create models capable of estimating specific
useful work and efficiency of the CO2 closed-cycle gas
turbine process, machine learning algorithm, precisely
MLP can be used. This section provides a brief overview
of MLP and evaluation criteria as well as description of the
grid search algorithm.
5.1 Dataset Description
Data described in section 4. are used to create the
dataset appropriate for MLP regressor. As input data for
the base and upgraded processes, CO2 properties in each
operating point are used. In the case of the upgraded
process, data are obtained for the various efficiency of heat
regenerator. For each combination of input data, belonging
specific useful work and efficiency of the whole process
are added. Finally, the dataset for base process consists of
660 data-points while the dataset for upgraded process
consists of 1364 data-points. Each of datasets is divided
into two parts with the train-test distribution of 70% : 30%.
5.2 Multilayer Perceptron
Multilayer perceptron (MLP) is a class of deep,
artificial neural network (ANN) which consists of multiple
layers of interconnected neurons [15]. Each layer of
neurons is connected by weights to the neurons of the
subsequent layer. Furthermore, between the input and the
output layer can exist one or more hidden layers which
allows capturing very complex relationships between input
and output variables. Training process can be considered
as adjusting the parameters of the model i.e. weights and
biases with the goal of minimizing a cost function. Since
the MLP without activation function can perform linear
mappings only, applying activation function to the layers
can add non-linear property allowing the model to
approximate highly non-linear functions [15]. Commonly
used activation functions are ReLU, Sigmoid, Tanh and
Identity.
In order to evaluate the performance of the obtained
model, coefficient of determination (R2) is utilized. It can
be described as a statistical measure which is defined in the
range between 0.0 and 1.0, where a value of 1.0 represents
a perfect fit of the model and vice-versa [16]. R2 can be
calculated as follows:

S
  yi  yˆi 
R  1  res  1  i
2
S tot
 i  yi  y 

2

2

According to data presented in Tab. 1 and Tab. 2, it
should be highlighted that both of the observed processes
are supercritical ones. Supercritical fluid (in this case CO2)
54
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where Sres represents the residual sum of squares and Stot
represents the total sum of squares. Furthermore, yi is the
true data, yˆi is predicted data and y represents the mean
of all observed true data.

are number of hidden layers, number of neurons per hidden
layer, type of activation function, optimizer, learning rate,
learning rate decay, and regularization parameter L2. The
possible values of hyperparameters used in training process
are shown in Tab. 3.

5.3 Hyperparameter Optimization

6

MLP architecture is described with numerous
hyperparameters that can be optimized in order to achieve
high regression performance. Utilizing the grid search
algorithm, optimal combination of MLP hyperparameters
can be determined [17].

The change of turbocompressor, turbine and specific
useful work for the analyzed CO2 closed-cycle gas turbine
process during the change in pressure ratio is presented in
Fig. 3. The change of all parameters presented in Fig. 3 is
valid for both analyzed CO2 closed-cycle gas turbine
processes (base and upgraded) because a heat regenerator
addition into the process did not have any influence on the
turbocompressor or turbine operation.
An increase in pressure ratio continuously increases
both turbocompressor and turbine specific work and vice
versa. However, the difference between specific work of
turbine and turbocompressor (specific useful work) during
the pressure ratio increase, continuously increases (for the
selected CO2 operating parameters, Tab. 1 and Tab. 2) only
till the pressure ratio reaches value of 12. At pressure ratio
equal to 12 both CO2 closed-cycle gas turbine processes
will develop the highest specific useful work equal to
159.94 kJ/kg. A further increase in pressure ratio (higher
than 12) will result with a decrease in specific useful work.
In [13] it can be found that the pressure ratios
recommended for observed processes operation (according
to selected CO2 operating parameters, Tab. 1 and Tab. 2)
are between 2 and 4, which is also marked in Fig. 3.

Table 3 Possible combinations of hyperparameter values used to train MLP
models
Hyperparameter
Parameter value
Number of hidden layers
1, 2, 3, 4
Number of neurons per layer
8, 16, 32
Activation function
ReLU, Sigmoid, Tanh, Identity
Optimizer
SGD, Adam, RMSprop
Learning rate
1e‒2, 1e‒3
Learning rate decay
1e‒5, 1e‒6, 1e‒7
Regularization parameter - L2
1e‒3, 1e‒4, 1e‒5

The first step is to manually define a search space i.e.
to define all possible parameter combinations which can,
theoretically, give the best model performance. Second
step is to build the model for each hyperparameter
combination possible and store the performance value. In
the last step, hyperparameters of the MLP model that
achieves the highest regression performance are used for
further testing. In this research adjusted hyperparameters

RESULTS AND DISCUSSION

Figure 3 Specific work of turbocompressor, turbine and useful work of the CO2 closed-cycle gas turbine at various pressure ratios (valid for both analyzed processes)

Figure 4 The relation between temperatures T2 and T5 - definition of observed regenerator efficiency range
Tehnički vjesnik 29, 1(2022), 51-59
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Heat regenerator efficiency (Reff in the Figures) is
defined by Eq. (16). As the heat regenerator is a CO2-CO2
heat exchanger [18], during its operation should be ensured
sufficient heat amount (from hotter CO2 after the turbine to
colder CO2 after the turbocompressor) as well as sufficient
temperature differences. Considering Fig. 2b, for the
proper heat exchange inside the heat regenerator, it should
be ensured that CO2 after the turbine (operating point 4)
has always higher temperature than CO2 at the heater inlet
(operating point x), while at the same time it should be
ensured that the CO2 temperature at the cooler inlet
(operating point 5) is always higher than the CO2
temperature at the turbocompressor outlet.

According to selected CO2 operating parameters (Tab.
2), one interesting fact occurs for the process upgraded
with a heat regenerator, which is presented in Fig. 4. The
CO2 temperature at the turbocompressor outlet (T2)
continuously increases with an increase in pressure ratio.
At the same time, the CO2 temperature at the cooler inlet
(T5) continuously decreases with a pressure ratio increase.
Heat regenerator with higher efficiency will have lower
CO2 temperatures at the cooler inlet, Fig. 4. The problem
with heat regenerator of high efficiency is that the CO2
temperature at the cooler inlet (T5) will reach CO2
temperature after the turbocompressor (T2) for low
pressure ratios - further increase in pressure ratio will
disable proper heat regenerator operation, Fig. 4.

Figure 5 Specific heat transferred to operating medium (CO2) in the heater for the base process and for the process with regenerator at various pressure ratios

Figure 6 Cycle efficiency for the base process and for the process with regenerator at various pressure ratios

From described problem for the upgraded CO2 closedcycle gas turbine process it is clear why the selected heat
regenerator efficiency range, taken into account in this
analysis, is from 40% up to 60%.
Specific heat transferred to CO2 in the heater for the base
and upgraded CO2 closed-cycle gas turbine processes is
shown in Fig. 5
For the CO2 closed-cycle gas turbine process upgraded
with a heat regenerator, in Fig. 5 is shown that higher
regenerator efficiency resulted with a lower specific heat
transferred to CO2 in the heater. Unlike base process, CO2
closed-cycle gas turbine process upgraded with a heat
56

regenerator shows increase in specific heat transferred to
CO2 in the heater during the increase in pressure ratio,
regardless of observed regenerator efficiency.
From Fig. 6 it should be noted that the increase in
pressure ratio, regardless if observing base or upgraded
process, continuously increases cycle efficiency.
Base CO2 closed-cycle gas turbine process did not
reach cycle efficiency higher than 25%, even for the
highest observed pressure ratio equal to 6. Such cycle
efficiencies for a base process are too low for practical
implementation.
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CO2 closed-cycle gas turbine process upgraded with a
heat regenerator shows much higher cycle efficiencies in
comparison to base process. The maximum cycle
efficiency of around 40% is obtained for the pressure ratio
equal to 6 and for the regenerator efficiency equal to 60%.
In order to obtain high quality regression, four MLP
models are trained, two for the base process and two for the
process upgraded with a heat generator. For each of these
processes, specific useful work and efficiency are
estimated with high values of R2 score. Best results are
achieved with the same MLP architecture for all four
models which consists of three hidden layers. In the first
two layers, the number of hidden neurons is 8 while in the
third layer the number of hidden neurons is 32.
Furthermore, tanh activation function is applied to hidden
layers while the output layer which contains one neuron,
uses the Identity activation function. Adam is used as an
optimization algorithm with a learning rate of 0.01,
learning rate decay of 1e‒6 and L2 regularization parameter
of 1e‒5. The values of performance measure are shown in
Tab. 4.
Table 4 Results of simulations for the base process and the process upgraded
with a heat generator. Performance of each model is evaluated with the
coefficient of determination (R2)
CO2 closed-cycle gas turbine process
R2 score
Base (specific useful work)
0.99707
Upgraded with a heat regenerator (specific useful work)
0.99986
Base (efficiency)
0.99993
Upgraded with a heat regenerator (efficiency)
0.99548

According to the results presented in Tab. 4, the
highest R2 score of 0.99993 is achieved for the model used
to estimate efficiency for the base process. Moreover, it can
be seen that all MLP models achieved R2 score of 0.99548
or higher, therefore, the aforementioned machine learning
approach is capable for high-quality estimations in terms
of thermodynamic analysis of CO2 closed-cycle gas
turbine. Similarly, Liu and Karimi (2020) demonstrate that
a machine learning-based method can achieve high quality
results in terms of predicting gas turbine performance for
power generation [19]. In their research, Lorencin et al.
(2019) use MLP for combined cycle power plant output
estimation. Results show that the MLP achieves
satisfactory results with RMSE value of 4.305 [9]. Fentaye
et al. (2020) propose a new combined technique of ANN
and Support Vector Machine for diagnostic of two-shaft
industrial gas turbine engine. Results indicate that the
proposed method outperforms other methods in terms of
multiple fault diagnosis [20]. Park et al. (2020)
demonstrate the optimized ANN for prediction of the
combustor operation characteristic. Input parameters such
as turbine exhaust temperature (TET) and major gas
turbine design parameters are used. Based on the results,
optimized architecture achieves RMSE value of 0.02296 or
smaller [21].
Further research and analysis of the observed CO2
closed-cycle gas turbine process will be performed in
several directions.
Firstly, influences will be investigated of several losses
on the CO2 closed-cycle gas turbine process as for example
losses through the gland seals [22], mechanical losses and
additional losses related to compression or expansion
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processes [23], as well as other losses which can be
detected inside the observed CO2 closed-cycle gas turbine.
The other researchers also detected that CO2 closedcycle gas turbines can have a wide application in marine
systems, especially in a waste heat recovery systems [24,
25]. From this viewpoint, it will be also of importance to
perform various complex analyses of such processes by
using several artificial intelligence methods [26-29].
7

CONCLUSION

This paper presents a thermodynamic analysis of CO2
closed-cycle gas turbine which operates by using a waste
heat. Two processes of such closed-cycle gas turbine are
investigated - base process and the same process upgraded
with a heat regenerator. The most important conclusions of
the presented analysis are:
- Specific useful work is identical for both observed
processes (base and upgraded). An increase in pressure
ratio increases specific useful work, but only till the
pressure ratio reaches the value equal to 12 (for the
selected CO2 operating parameters).
- Involving of heat regenerator inside base CO2 closedcycle gas turbine process requires attention due to
required temperature differences necessary for the
regenerator operation. It is important to note that for
selected CO2 operating parameters, high pressure
ratios cannot be obtained with heat regenerator of high
efficiency.
- In comparison to base CO2 closed-cycle gas turbine
process, heat regenerator operation significantly
reduces specific heat transferred to CO2 in the heater the reduction will be as higher as regenerator has
higher efficiency.
- Base CO2 closed-cycle gas turbine process did not
reach cycle efficiency higher than 25%, while for the
upgraded process cycle efficiency can reach 40%.
- This analysis proves that the proposed CO2 closedcycle gas turbine process in practical implementation
should have at least one upgrade - base process has too
low cycle efficiencies for any practical
implementation.
- Achieved machine learning models show high quality
estimations for specific useful work and efficiency of
the CO2 closed-cycle gas turbine process. According
to the obtained R2 scores for the base and upgraded
processes, such an approach is capable of estimating
various CO2 closed-cycle gas turbine output
parameters.
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