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Surrogate-Assisted Modeling
and Robust Optimization of a
Micro Gas Turbine Plant With
Carbon Capture

The growing share of wind and solar power in the total energy mix has caused severe
problems in balancing the electrical power production. Consequently, in the future, all

fossil fuel-based electricity generation will need to be run on a completely flexible basis.

Microgas turbines (mGTs) constitute a mature technology which can offer such flexibility.
Even though their greenhouse gas emissions are already very low, stringent carbon
reduction targets will require them to be completely carbon neutral: this constraint
implies the adoption of postcombustion carbon capture (CC) on these energy systems.
Despite this attractive solution, an in-depth study along with a robust optimization of this
system has not yet been carried out. Hence, in this paper, a typical mGT with exhaust gas
recirculation has been coupled with an amine-based CC plant and simulated using the
software ASPEN PLUS. A rigorous rate-based simulation of the CO, absorption and desorp-
tion in the CC unit offers an accurate prediction; however, its time complexity and con-
vergence difficulty are severe limitations for a stochastic optimization. Therefore, a
surrogate-based optimization approach has been used, which makes use of a Gaussian
process regression (GPR) model, trained using the ASPEN PLUS data, to quickly find operat-
ing points of the plant at a very low computational cost. Using the validated surrogate
model, a stochastic optimization has been carried out. As a general result, the analyzed
power plant proves to be intrinsically very robust, even when the input variables are
affected by strong uncertainties. [DOI: 10.1115/1.4044491]

Introduction

As a distributed energy technology, microgas turbines (mGTs)
offer a great potential for small-scale combined heat and power
production, adding flexibility to the electricity system. However,
due to the climate change, a very low greenhouse gas emission
is a fundamental requirement for our future energy system. On
the basis of these considerations, combining an mGT with a car-
bon capture (CC) plant might offer an effective carbon-clean
energy production, but at the cost of an energy penalty. Exhaust
gas recirculation (EGR) has recently been proposed as a techno-
logical solution which can be applied to the traditional mGT
cycle to reduce this CC penalty [1]. EGR consists in injecting
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back a fraction of the exhaust gas in the compressor inlet to
increase the CO, content of the working fluid and thus also in
the flue gas. Applying this measure, three main advantages can
be achieved: lower NO, emissions, a reduced mass flow rate,
and a higher CO, concentration of the exhaust gas compared to
those of the traditional cycle [2]. However, EGR negatively
affects the combustor performance: even though a premixed
flame can be sustained at O, concentration as low as 14 vol %,
the levels of unburned hydrocarbons and CO become already
excessively high when the O, concentration goes down to 16
vol % [3]. Moreover, EGR has also a slight negative effect on
the plant performance due to the higher inlet air temperature of
the compressor and the auxiliary energy loss linked to the fan
which drives the recirculated gas [4]. Several studies addressing
the impact of EGR on GTs and mGTs are available in the litera-
ture, showing the advantages and disadvantages of the EGR
application [5,6].
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Additional studies focus on the performance of an mGT with
both EGR and CC plant: Mansouri et al. used a validated thermo-
dynamic model to show the impact of EGR on Turbec T100
coupled with an amine-based CC unit [7]. Their results demon-
strated a considerable improvement compared to the traditional
operation. Within this framework, the authors of this paper
applied EGR also to the microhumid air turbine and designed the
optimal CC unit for both dry and wet operations of the Turbec
T100 with EGR [8]. Both the aforementioned studies lean on a
deterministic approach to find the optimal operating condition of
the plant, taking the parameters of the system as perfectly
controllable. Nonetheless, the assumption of deterministic model
parameters proves to be inadequate during real-life operation, as
the model parameters become subject to uncertainties. Therefore,
the considered deterministic design might produce unstable,
unforeseen results during its lifetime. To avoid this phenomenon,
robust design optimization (RDO) considers uncertainties on the
model parameters and provides a design that is less sensitive to
the input variations. RDO is applied in numerous domains, such
as aerospace, automotive, structural mechanics, and energy sys-
tems [9-15]. To find the optimal stochastic design in RDO,
genetic algorithm (GA) and its variants are the most applied meta-
heuristic optimizers due to their widely proven efficiency [16-21].
As in RDO the mean y,, and the standard deviation g,, of the elec-
trical efficiency are objectives, the multi-objective variant of GA
(nondominated sorting genetic algorithm II (NSGA-II)) is used in
this paper.

To acquire these statistical moments for each design sample in
a computationally tractable way, a surrogate model is trained
based on an experimentally validated aspEN pLUS model of the
mGT with EGR and CC. Surrogate models are mathematical mod-
els based on the available data that approximate the underlying
hidden relationship between input and output [22]: they are useful
when this relationship is either not known or comes in the form of
a computationally expensive computer code. Therefore, surrogate
models are very popular in uncertainty quantification studies
[23-26]. Examples are radial basis functions, polynomial chaos
expansion, and Gaussian process regression (GPR). Surrogate
models are constructed starting from a relatively small set of
training observations of the predictive model’s output, which cor-
respond to a set of training locations in the model parameter
space. GPR was chosen over other regression techniques not only
because it provides a distribution for the prediction value, rather
than just one value as the prediction, but especially because it
allows the user to add prior knowledge on the model by selecting
different kernel functions [27].

In this paper, we present a RDO of a typical mGT with EGR
and CC unit. The RDO of the system assumes uncertain input
variables, which have been considered as Gaussian probability
distributions. Using a GPR-based surrogate model, the problem of
a harsh time complexity of the rigorous ASPEN PLUs simulation is
by-passed. Finally, the NSGA-II solver has been adopted to find

Recuperator
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Filter Air NG

the p,~o, Pareto front or single-point optimum which represent
the most robust and most efficient design and operating points of
our plant.

Methodology

In the Microgas Turbine With Exhaust Gas Recirculation and
Carbon Capture Unit in ASPEN PLUS section of the methodology
section, the AsPEN pLUs model of the mGT with EGR and CC is
presented. The Gaussian Process Regression-Based Surrogate
Model section focuses on the description and training of a GPR
surrogate model, based on a restrained dataset of inputs and
outputs calculated with the rigorous ASPEN pLUs model. Once the
surrogate model has been designed, RDO has been performed by
means of a NSGA II optimizer, which is described in the Nondo-
minated Sorting Genetic Algorithm II section.

Microgas Turbine With Exhaust Gas Recirculation and
Carbon Capture Unit in AsPEN pLUS. The mGT cycle analyzed in
this paper is based on the Turbec T100 mGT [28]. The T100 is, as
the majority of mGTs, a recuperated Brayton cycle (Fig. 1). The
incoming air is compressed in a centrifugal compressor (1) and
thereafter preheated in a recuperator (2) by the flue gas coming
from the turbine. The hot air enters the combustion chamber (3),
where combustion takes place, burning natural gas. The hot flue
gas is expanded in a single-stage centripetal turbine (4). The
mechanical power produced by the turbine is partly used to drive
the compressor and the remaining part is converted in electrical
power using a variable speed generator (5). The thermal energy of
the flue gas is first extracted in the recuperator to reduce fuel con-
sumption and, thus, increase the global electrical efficiency.
Finally, the remaining thermal energy is traditionally extracted in
an economizer (6) in the case of external heat demand, providing
hot water at around 70 °C.

The CO, concentration of the exhaust gas (1.5 mol % for a tra-
ditional mGT cycle) can be enhanced by applying EGR (Fig. 1).
EGR is implemented by splitting part of the exhaust gas, cooling
it down (7) to maintain a high compression efficiency, separating
the condensed water (8), including a blower (9) which drives the
requested amount of recirculated gas and, finally, adding a filter
(10) to remove possible damaging impurities from the gas.

Subsequently, the exhaust gas coming from the turbine is
routed toward a monoethanolamine (MEA)-based CC process
(Fig. 1). The exhaust gas enters a cooler (12) to decrease the tem-
perature down to approximately 40°C. In the absorber (13),
cooled flue gas comes into contact with the recycled CO,-lean
MEA aqueous solution and most of the CO, (around 90%) is
absorbed and thus separated from the flue gas. The CO,-rich solu-
tion, discharged from the absorber, is pumped (14) to the lean/rich
heat exchanger (15) where it is preheated by the hot CO,-lean
solution coming from the stripping column (16). In the stripper,
the rich solvent is heated up in the reboiler (17) and regenerated.

Treated Gas CO,

Gas cooler

®

Lean pump

Rich pump

Fig.1 The Turbec T100 has been modified with EGR and coupled with an amine-based CC for gas treatment
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Table 1 List of aspen pLus inputs and outputs with which the GPR surrogate models have been trained

Inputs Outputs
Variable Span Units Variable Units
mGT Preq 70+ 100 kW Hng kg/s
Toir 1040 °C Mflue kg/s
Tecr 1040 °C Flue gas composition mol %
%0, (combustor inlet) 1618 %omol Priower kW
Tmix °C
N Hz
T air kg/ S
EGRralio -
CcC Milue mGT model result kg/s Reboiler duty kW
Flue gas composition mGT model result mol % %MEA of lean solution mol%
LIG 092 — 9%MEA of rich solution mol %
Tive 35+45 °C %CO, of lean solution mol %
TmEA 3545 °C %CO, of rich solution mol %
Mgt boil kg/s

The regeneration process requires a considerable energy input
provided by an external boiler (18), which entails a major energy
penalty for the system (around 4 MJ/kgCO,). The CO, recovered
from the rich solvent leaves from the top of the stripper accompa-
nied by water vapor. That stream is cooled down (19) to condense
the water, which is separated and flows back into the stripper. The
regenerated lean solvent is discharged from the bottom of the
stripper and is pumped (20) first in the lean-rich heat exchanger
and is then further cooled down in an air cooler (21).

The mGT cycle, based on the Turbec T100, has been simulated
in ASPEN pLUS v10 by adapting the model developed and validated
by the authors’ research group in Ref. [4]. The original T100 tur-
bomachinery components are included in the model: the actual
compressor map is replicated in terms of quasi-dimensionless and
corrected parameters (similar compressor maps can be found in
Ref. [29]). Due to the variable content of CO, and H,O, the ther-
modynamic properties of the working fluid will change, which
will affect the performance of the compressor. Since the amount
of CO; in the inlet air remains limited, the compressor map has
not been changed (recirculating 60% of the exhaust gas at nominal
power output entails a heat capacity change which is less than
0.3%). The turbine is assumed to be choked and to have an isen-
tropic efficiency of 85% (referred to standard air composition).
The mechanical efficiency of the turbocomponents is set to 99%.
Due to the application of EGR, the turbine choking constant is
adjusted by considering the actual gas properties. This has been
taken into account by implementing the following equation:

PIT R M

yin/TIT : ( 2 )H

=A — = constant
k+1

Analogously, the isentropic efficiency of the turbine has been cor-

rected according to the formula suggested by Parente et al. [30]

k=1 [k+r11-1/m- k—1
n_ h =
n k1 ri1—1/m TR @

The combustion chamber has been modeled as a Gibbs reactor
with a pressure loss of 5% and a heat loss of 25 kW. The recupera-
tor has been simulated as cross-flow heat exchanger, defining
its surface area (120m?) and its heat exchange coefficient
(40 W/m? K). The property method used to simulate the mGT is
the Soave—Redlich—-Kwong equation of state.

The CC plant has been modeled and validated against the
numerical model of the Pilot-scale advanced capture technology
facilities at the UK Carbon Capture and Storage Research Center
[31] and described in Ref. [32]. The Electrolyte Non-Random
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Two Liquid (ELECNRTL) with Perturbed Chain Statistical Asso-
ciating Fluid Theory (PC-SAFT) equation of state have been used
as thermodynamic models. The RadFrac block was used to model
both absorber and stripper, and the rate-based MEA model is
adopted to provide a rigorous simulation of the two columns.
Absorption and desorption physics have been validated against
the experimental data found in Refs. [33] and [34]. All the simula-
tions have been performed with a CC rate of 90%. A more in-
depth description of the adopted numerical model can be found in
Ref. [8]. The natural gas-fired boiler, which provides the reboiler
duty for the stripping process, has been simulated as a Gibbs reac-
tor which operates in quasi-stoichiometric conditions (10% of
excess air) [35].

Gaussian Process Regression Based Surrogate Model. A rig-
orous rate-based simulation carried out with AsPEN pLUS offers a
very accurate prediction of the physical phenomena which
take place in the CC process, but at the cost of a more difficult
and time-consuming convergence. From a deterministic point of
view, if our objective function is the maximization of the electri-
cal efficiency of the power plant, computational complexity of our
rigorous model is still acceptable and AspeN built-in optimization
tool can be used to perform this analysis. In contrast, if our objec-
tive function is affected by random influences, such as possible
uncertainties related to the input variables, the stochastic behavior
of our system makes the time complexity more demanding and
often prohibitive. Therefore, a low computational time of the
numerical model is a fundamental requirement for this RDO.
With this aim in mind, two GPR surrogate models, one for the
mGT with EGR and one for the CC unit, have been trained based
on a restrained dataset (400 and 1500 operational points, respec-
tively) of inputs and outputs calculated with the rigorous ASPEN
pLUs model. The number of training points has been chosen to
reduce the relative error between the GPR prediction and the rig-
orous simulation to a maximum value of 1%. The list of the inputs
(with their ranges) and outputs of the two surrogates is shown in
Table 1.

For a general output y, every realization y(x) (where x is an
input vector) is expressed in the GPR method as a combination of
a trend function and a residual [36]

() =Y BF(X) +2(x) = BTF(x) +2(x) 3

where the trend function is expressed as a weighted linear combi-
nation of p+ 1 polynomials f(x) = [fo(x), ,f,,(x)]T with the
weights B = [f,, ..., ﬁp]T determined by generalized least squares.
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Fig. 2 The aspen pLus-based GPR surrogate calculates our objectives (mean and standard deviation of the plant efficiency)
starting from an initial set of uncertain input parameters, considered as Gaussian probability distributions. The NSGA Il opti-
mizer infers new input parameters of the GPR model, thus extrapolating a sample evolution toward either an optimal Pareto

front or a single-point optimum.

The subscript p also indicates the degree of the polynomial. The
residuals z(x) are modeled by a Gaussian process with a kernel or
correlation function that depends on a set of hyperparameters to
be evaluated by maximum likelihood estimation [36-38]. The
time complexity improvement of our numerical model is remark-
able, switching from rigorous simulations (order of magnitude of
minutes) to surrogate-based simulations which only require sev-
eral microseconds. Moreover, convergence problems linked to
strong nonlinearities and stiffness of the CC model built in ASPEN
are by-passed, making the surrogate model robust and reliable.

Nondominated Sorting Genetic Algorithm II. Once the two
surrogate models have been trained and validated, they have been
used to replace the ASPEN pLUS numerical model in the stochastic
optimizations. In this analysis, uncertainties associated with the
model input variables are taken into account. Discerning between
aleatoric uncertainty (due to the probabilistic variability of our
parameters) and epistemic uncertainty (due to limited data and
knowledge, thus linked to our numerical model), only the former
has been taken into account in this study, assuming that any epis-
temic uncertainty is subordinate to the aleatoric uncertainty of our
input parameters. This is supported by the repeatability (relative
error < +1%) of our experimental results used to validate the two
numerical models. Therefore, all inputs are assumed as a set of
Gaussian probability distributions with mean value u and standard
deviation 0. We have assumed that the associated uncertainty cor-
responds to a value of 3. To calculate the influence of these input
uncertainties on the mean value g, and standard deviation g, of
the electrical efficiency, a Monte Carlo sampling has been
adopted. To ensure the random sampling independence, the num-
ber of random samples has been gradually increased up to a cer-
tain value for which any further increment does not affect the
value of our objective functions. The optimal sample size has
been defined as 50,000 samples for each evaluation. Thereafter,
the mean value and the standard deviation of our objective are
given to a NSGA II optimization algorithm [17]. The strategy will
look for a converged set of design samples whereof every sample
dominates every other sample in at least one objective (i.e., Pareto

011010-4 / Vol. 142, JANUARY 2020

set of solutions). Another study based on this RDO has already
been carried out by our research group in Ref. [39]. The NSGA-II
algorithm starts from an initial population out of which it creates
an offspring based on crossover and mutation rules. The popula-
tion and offspring samples are sorted based on their dominance in
the objectives, where more isolated samples in the design space
are favored to ensure an optimal diversification of the set of solu-
tions. This process is repeated until convergence, or the maximum
number of generations is reached. In this work, a population count
of 24 samples is evaluated over 250 generations. The optimization
algorithm is configured with the eta-parameter set at 20, and a
crossover and mutation probability of 0.9 and 0.1, respectively. A
schematic overview of the RDO procedure is represented in
Fig. 2.

Results

In this section, numerical results of the RDO are discussed:
first, a comparison between the most robust solution and the most
efficient solution varying the input uncertainties is presented. Sub-
sequently, the o—u optimal operational points with fixed requested
electrical power outputs are shown. Finally, a sensitivity analysis
assuming different fixed T,;, and Tggr is performed which shows
the Pareto front evolution as a function of T;,.

Uncertainty Influence of the Input Parameters. To charac-
terize the robustness of our model, a preliminary analysis varying
the input uncertainties has been carried out. Two different
scenarios have been taken into account: a first case where actual
uncertainties have been considered (realistic uncertainties) and a
second case in which the input uncertainties have been overesti-
mated (precautionary uncertainties). The realistic uncertainties are
based on actual measurement errors of our inputs, while the pre-
cautionary uncertainties are calculated assuming a low-quality
measurement. The two different cases are shown in Table 2.

For both scenarios, no fixed input has been set, namely, all
inputs parameters have been allowed to vary along their whole
span (as defined in Table 1). The result of the robust analysis is
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Table 2 Two scenarios considering different input uncertain-
ties are considered to analyze the robustness of our plant

Inputs Units Realistic uncertainties Precautionary uncertainties

mGT Py Wa +1kW +1kW
Tair °C *+1°C +2°C
TeGr °C *1°C +2°C
%0, mol % *+2% (relative) *+4% (relative)
CcC LIG — 7% +10%
Ttive °C *1°C +2°C
Tvea  °C *1°C +2°C

depicted in Fig. 3. Two different Pareto fronts p,~a, are obtained.
Independently from the envisaged scenario, the standard deviation
0, shows a restrained span of values between the most robust and
the most efficient (but less robust) solution. As expected, the val-
ues of the standard deviation in the precautionary uncertainties
scenario are greater than that of the realistic case. Nevertheless, in
both cases, the fluctuation of the mean value has a very minor
effect: the coefficient of variation defined as a,/u, is always lower
than 0.12% for the low uncertainty case and 0.25% for the high
uncertainty scenario. This means that our system is intrinsically
very robust, even when our input variables are affected by strong
uncertainties. As a result, although a most robust operating point
has been found, it is always more convenient to work close to the
most efficient point. It is important to note that both optimal
points of the two Pareto fronts are coherent to the deterministic
solution. The only difference is due to the presence of input uncer-
tainties which shift the optimal solution to avoid operating points
out of their boundaries, such as the minimum level of oxygen.

Standard Deviation (%)

The final stochastic solutions together with the deterministic one
are represented in Table 3. For the following studies of this paper,
only the realistic uncertainties are considered.

Different Requested Power Scenarios. The first sensitivity
analysis is based on different requested electrical power outputs
Pyeq. For each power output, constant values of Ty;, and Tggr of,
respectively, 15°C and 25 °C have been assumed. Therefore, the
only parameters which can vary are the concentration of oxygen
in combustor inlet (set by the EGR,;,), the L/G ratio, the flue gas
cooling temperature Tg,., and the MEA cooling temperature
Tmea- Nevertheless, each parameter is assumed uncertain (realis-
tic uncertainties in Table 2 are assumed), independently from
being fixed or variable. Four optimization routines have been per-
formed considering operating conditions of 70, 80, 90, and
100 kW.

As shown in Fig. 4(a), the optimal stochastic solutions are not
Pareto fronts but single-point optimums. This is strictly linked to
the fixed requested power output constraint. It is important to note
that the standard deviation range is very similar to the one shown
in figure in the case of low uncertainty case. As previously
described, the small standard deviation associated with each P,.q
demonstrates the robustness of the plant, maintaining an optimal
electrical efficiency close to the one obtained with a deterministic
approach. Analyzing the input parameters which correspond to
these optimal values of y,, it is interesting to notice the increasing
trend of oxygen content, namely, decreasing the EGR,,;, of the
mGT, when operating in part load (Fig. 4(b)). This result goes
against the deterministic idea of keeping the highest EGR,,, to
make the CC process less intensive. This phenomenon can be
explained as follows: decreasing the EGR,,, the energy demand

0.055
High uncertainty
0.039 - e Most efficient design
e Most robust design
Low uncertainty
o —
0023 - o .
L |
20.0 21.9

Mean Electrical Efficiency (%)

Fig. 3 Although the Pareto fronts involve a remarkable variation of the electrical efficiency,
its standard deviation has a negligible influence. Therefore, the most optimal solution, even
though slightly less robust, can be assumed as the most advantageous solution.

Table 3 The most efficient (but least robust) stochastic solutions, extrapolated from the Pareto front, are very similar to the deter-

ministic one
Inputs Units Realistic uncertainties Precautionary uncertainties Deterministic solution
mGT Preqg kWe; 99 99 100
Tair °C 11 12 10
Tecr °C 11 12 10
%0, mol % 16.3 16.7 16.0
CcC LIG — 1.3 1.25 1.35
Thue °C 37 37 35
TmEA °C 44 42 45
Electrical efficiency My % 21.9 21.8 22.1

Note: The slight difference is due to uncertainties which shift the optimal solution to avoid operating points out of their boundaries.

Journal of Engineering for Gas Turbines and Power
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Standard Deviation (%)

70kW
0027 = e 100kW
[ ]
90kW
[ ]
80kW
0.024 - .
| I | |
19.9 20.4 20.7 21.0
(a) Mean Electrical Efficiency (%)

O, (%)
176 [ o
o
o
16.3 *+ o
L | | |
70 80 90 100
(b) Requested Power Output (kW)

Fig. 4 Operating at a requested power output of 80 kW is the most robust operation (a). From a RDO point of
view, the O, concentration is not kept to a minimum value of 16% (limit value for an efficient combustion) but it
increases when working in part load conditions (b). This is beneficial for the robustness of the plant and it does

not influence the maximal electrical efficiency.

of the EGR blower decreases, but the CO, content and the mass
flow rate of flue gas increase, making the CC more inefficient.
However, it must be considered that the CC plant has been
designed for nominal conditions of the mGT, therefore, when the
mGT is working in part load, the flue gas mass flow rate is lower
(at 70kW, its value is around the half of that at 100kW) and the
CC process is more efficient since oversized for this rate. The
EGR 4, can be reduced entailing an electrical efficiency which is
approximately the same as the one of the deterministic solution
(which always sets the %O, content equal to 16%) but with a gain
in robustness.

Sensitivity Analysis Changing Inlet Air Temperature. As a
last step, a sensitivity study varying the air inlet temperature and
the EGR cooling temperature is performed. In this analysis, fixed
values of T, and Tggr have been assumed, with the constraint
Tegr = Tair +10°C (traditional air cooled heat exchanger). All
the other inputs have been allowed to vary along their validity
ranges. In these conditions, a family of Pareto fronts is obtained
as shown in Fig. 5.

The most efficient solutions for each T;, scenario are obtained at
maximal request power output and maximal MEA cooling temper-
ature (respectively, 99kW and 44°C) and at minimal %O,

Standard deviation (%)

30
0.035
Tair (OC)
25
20
»4./v’/}b ,
0.023 -

18.9 195 200 204 209 215
Mean Electrical Efficiency (%)

Fig. 5 Increasing the T,;, (and accordingly Tegg), the electrical
efficiency of the plant diminishes while its standard deviation
increases, making the power plant operation not only less effi-
cient but also less robust

011010-6 / Vol. 142, JANUARY 2020

concentration in the combustor inlet (therefore maximal EGR,,,)
and minimal flue gas cooling temperature (respectively, 16.3% and
36 °C). In these conditions, the optimal L/G ratio of the CC plant is
1.3 for all cases (close to the deterministic optimal L/G ratio of
1.35). These results are coherent with the correspondent determin-
istic solutions of the plant. It can also be noticed how the standard
deviation of the most efficient solution tends to increase when
increasing the T,;, temperature. Hence, increasing the air inlet tem-
perature has a negative impact not only on the efficiency of the
plant but also on its standard deviation, thus its robustness. Finally,
the most robust solution for each T, scenario is achieved when
working with an requested power output of 80 kW (which is coher-
ent with the result obtained in Fig. 4), with an O, content of 16.8%,
L/G ratio of 1.25, and both T, and Ty of around 42 °C.

Conclusions

In this paper, a RDO of a typical mGT with EGR and CC unit
is presented. The analysis has been performed on a GPR-based
surrogate model trained on a rigorous AsPEN pLUS dataset. In this
way, a remarkable improvement on time complexity and numeri-
cal stability of the calculation has been achieved. By means of the
multi-objective solver NSGA-II, optimal operating points and
Pareto fronts of y,~c, have been found and discussed. For each
analysis, the standard deviation g, of the electrical efficiency has
a very limited span and does not have a significant weight on the
electrical efficiency p,. This demonstrates the strong robustness
of our power plant when introducing model input fluctuations.
The RDO allowed us to find more reliable operating conditions of
the plant: in the case of fixed requested power output, the stochas-
tic optimal solution is not achieved for the maximum EGR,,;, (as
in the case of deterministic optimal solution), but its value
decreases when working in part load. Moreover, a sensitivity anal-
ysis varying T,;, and Tggr has been carried out, showing a more
detailed result compared to a deterministic approach: the increas-
ing temperature does not only involve a decreasing mean electri-
cal efficiency of the plant but also involve a less robust condition
when working in the most efficient condition.

Perspectives

In the future work, we will introduce a multi-objective
approach in which different targets are put forward, such as maxi-
mum electrical power output, maximum electrical efficiency, and
maximum global (electrical + thermal) efficiency considering also
energy integration between the CC unit and the mGT to achieve
the optimal and the most robust operating condition of the plant
for each energy scenario.
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Nomenclature

Symbols

A = choking coefficient
/= GPR polynomial function
k = heat capacity ratio
m = mass flow rate

N = shaft speed

P = power output

R = gas constant

T = temperature

x = GPR training sample
y = GPR prediction

z = GPR residual

f = GPR weight

n = electrical efficiency
1t = mean value

7 = pressure ratio

¢ = standard deviation

Subscripts
air = air
blower = external boiler
boil = external boiler
EGR = exhaust gas recirculation stream
flue = flue gas
MEA = monoethanolamine
mix = mixing (mGT and boiler flue gases)
ng = natural gas
ratio = EGR—total flue gas volumetric ratio
req = requested
n = electrical efficiency

Superscript
* = referred to standard air composition

Acronyms

CC = carbon capture
EGR = exhaust gas recirculation
GA = genetic algorithm
GPR = Gaussian process regression
L/G = liquid(monoethanolamine)—gas(flue gas) ratio
MEA = monoethanolamine
mGT = microgas turbine
NSGA II = nondominated Sorting genetic algorithm II
PIT = turbine inlet pressure
RDO = robust design optimization
TIT = turbine inlet temperature
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