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ABSTRACT

Under the background of deep peak-shaving in coal-
fired power plants, the flexible control of the CO, capture
process is of great significance for achieving efficiency
decarbonization under wide-load range conditions. In
this paper, an intelligent control method based on
machine learning is proposed to maintain the flue gas
capture rate requirements while keeping the energy
consumption at a low level across a wide-load range.
First, a thermodynamic model for the typical CO; capture
process with 30 wt.% monoethanolamine (MEA) solution
is established. Second, considering the key operating
parameters of the CO, capture process, a machine
learning model is trained to achieve accurate predictions
of the capture rate and specific regeneration energy.
Finally, an intelligent control method is proposed to
minimize energy consumption while maintaining the
required CO;, capture rate across wide-load range. The
results show that the energy consumption of CO, capture
can be maintained near the minimum range using the
intelligent control method, while maintaining a CO;
capture rate with a relative error of less than 5%,
achieving the flexibility, high efficiency and low carbon of
the coal-fired power plant.

Keywords: CO, capture process, coal-fired power plant,
machine learning, intelligent control, wide-load
optimization

NONMENCLATURE
Abbreviations

ads Absorber
CCR CO; capture rate
CFPP Coal-fired power plant
des Desorber
diff Temperature differences
MEA Monoethanolamine

MLP Multi-layer perceptron
MSE Mean squared error
Symbols
Cc Coefficients
Co Specific heat capacity / J-kg-K?
L/G Liquid gas ratio / kg-kg*
M Molar mass / kg-mol?
m Mass flow rate / kg-s*
P Pressure / Pa
Q Thermal power / W
q Specific thermal power / W-kg™*
R Gas constant / J-mol*-K?
T Temperature / K
y Volume concentration

1. INTRODUCTION

Climate change stands as one of the challenges
confronting the global community at present. Reducing
CO, emissions has become a global consensus [1].
Among various industrial sectors, the power industry
accounts for nearly 40% of total carbon emissions [2]. As
the proportion of the renewable energy sources
increases, the power industry is grappling with the
urgent need for an efficient, resilient, and low-carbon
transition [3].

Currently, the chemical absorption-based CO;
capture technology has the potential for large-scale
decarbonization in power industry, especially in the coal-
fired power plant (CFPP) [4]. The integration of CO,
capture process requires steam extraction from the
turbine, which causes a decrease in the power
generation of the CFPP. Under the aims of efficient
decarbonization and flexible load-following [5], scholars
have conducted many researches on reducing the energy
consumption of CO; capture and variable load operation
method.
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In terms of energy saving within the CO, capture
process, the development of novel solvents and the
optimized processes has been a primary focus in the past
few years. As for the solvents, amine-based solvents,
particularly alkanolamines like MEA, are widely used for
CO, capture. In typical CFPP flue gas conditions (CO:
concentration of 10-15%), the 30% MEA solution is used
to capture about 90% CO, from the flue gas. And the
corresponding specific regeneration heat is about 3.6 to
4.0 GJt1. In additions, significant research has been
directed towards improving absorbent formulations.
This includes the exploration of mixed amine solvents,
multiphase solvents [6], ionic liquids [7], anhydrous
solvents [8] and so on. These advanced solvents have
demonstrated the potential to reduce the specific
regeneration heat, reaching as low as 30 to 40% of that
needed by MEA. As for the optimized processes,
enhancing the absorption process, heat integration and
the use of heat pump are the main improving methods.
Inter cooling in absorber, rich solution split, reheat in
desorber, flash, and steam compression are the typical
optimized processes. These methods have the potential
to reduce the specific regeneration heat of about 20%.

Despite the significant energy saving effects, all the
above-mentioned optimization methods have been
investigated mainly under the conditions of rated flue
gas parameters and a CO, capture rate of 90%. Since the
CFPPs need to perform load-following operations [9], the
CO, capture process is passively involved in load-
following regulation. When the CFPP operates at a
reduced load, the concentration of CO, in the flue gas
decreases, along with the total volume of flue gas and
the amount of steam extracted from the turbine. These
changes affect the vapor-liquid equilibrium in the
absorber and desorber, which in turn impacts the heat
exchange characteristics in the lean-rich heat exchanger.
To optimize the process under variable load,
improvement methods form the literature can be
classified into three main categories. The first one is that
optimize the process parameters like liquid-gas ratio,
reboiler heat to maintain a rate CO, capture rate and
minimize the specific regeneration heat by process
simulation [10]. The second one is that reducing the
integration loss between capture process and power
plant. Such as adjusting the extraction location [11],
increasing the absorber pressure and lowing the
desorber pressure. Third, developing the advanced
control algorithms to make the process respond rapidly
to set points [12]. These methods provide effective
references for the process optimization of CO; capture.

In a word, it can be observed that the chemical
absorption-based CO, capture process involves multi-
physics processes, including chemical reactions, heat and
mass transfer, and fluid flow. Further, under variable
load conditions. The process parameter regulation
methods mainly focus on the design conditions of the
CO, capture rate (90%). Further, under complex variable
operating conditions, there is a severe shortage of
effective methods for rapidly regulating process
parameters [13]. And there is a lack of control method
optimizing multi-parameter simultaneously, especially
under the requirements of variable CO, capture rates in
CFPP.

To solve the above problems, in this paper, first, a
thermodynamic model for the typical CO, capture
process is established. Second, considering the key
operating parameters of the CO, capture process, a
machine learning model is trained to achieve accurate
predictions of the capture rate and specific regeneration
energy. Finally, an intelligent control method is proposed
to minimize energy consumption while maintaining the
required CO, capture rate across fluctuating loads.
Achieve the flexibility, high efficiency and low carbon of
the coal-fired power plant, and provide references for
the flexible regulation of natural gas units, biomass units
and different types of absorption processes.

2. MATERIAL AND METHODS
2.1 Modeling of typical CO, capture process

Our study focuses on a typical CO, capture process
which employs a 30 wt.% MEA solution. And the system
diagram is shown in Fig. 1. Due to the load-following
operations carried out in CFPP, changes in the flues gas
and extracted steam conditions affect the vapor-liquid
equilibrium states in both the absorber and desorber.
Therefore, considering the vapor-liquid equilibrium
variations of the CO,-MEA solution, a thermodynamic
model is developed to predict the varying load
performance.
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Fig. 1 System diagram of the CO; capture process
For the absorption process, it is assumed that only
CO; and H,0 are involved in the vapor-liquid mass



transfer. The process complies with the vapor-liquid
equilibrium, mass conservation, energy conservation,
Clapeyron equation, and the ideal gas equation, where
the sum of the partial pressures of vapor is equal to the
total pressure of the absorber. The control equations
describing the absorption process of a single packing are
shown in Eq.(1) to Eq.(6).
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The vapor-liquid equilibrium coefficients are shown
in Table 1.
Table 1 Coefficients of vapor-liquid equilibrium
C1 Cz C3 C4 C5 C6
Pco2 38.6 -12379 0 -16 3556 8702
Puo 73.6 -7258.2 -7.3 4.2x10° 0 0
During the desorption process, it follows the same
physical principles as the absorption process. But there
are differences in composition. In the vapor phase, there
is no N,. While in the reboiler, the solution is heated by
external steam, it can be treated as an external heat
source. As shown in Eq.(7).
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As for the heat exchange process, the temperature
of the solution is calculated based on the energy
conservation equation while the components remain the

same during this process. As shown in Eq.(8).
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In addition, the CO; capture rate (CCR) and the
specific regeneration heat (g) are the key index to
evaluate the performance of the CO; capture process.
Where is shown in Eq.(9) and Eq.(10).
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The mathematical model is written and solved based
on the OpenModelica simulation environment.

2.2 Training of machine learning model

The CO, capture process involves multi-physics
processes, including chemical reactions, heat and mass
transfer, and fluid flow. And it involves the coupled
regulation of multiple parameters under variable load
conditions. The machine learning model has the
potential to establish the complex relationship between
the process parameters and the capture performance,
facilitating the real-time regulation of the process. The
overall process is shown in Fig. 2. The machine learning
model serves as a predictive model for process control,
laying the foundation for real-time and accurate
regulation of the capture process.
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Fig. 2 Pipeline of the machine learning model training
First, the key process parameters affecting the CCR
and g are selected. Based on previous research, the
selected parameters are shown in Table 2. While the yco,
represents the CO, volume concentration in flue gas, L/G
represents the mass flow rate ratio between solution and
flue gas, P4es represents the desorber pressure, Tis
represents the hot side temperature differences in the
heat exchanger. And Q/ms.e represents the thermal
power of reboiler divide the mass flow rate of flues gas,
which are independent of the process scale.
Table 2 Input and output of machine learning model

Input Range Output Range
Yco2 [1, 20] % CCR [0, 1]
L/G [1,10]% q [0, 10] GJ-t?
Pdes [1, 2] atm

Taitt [5,30] °C

Q/maee [0, 1000] ki-kg*




Second, based on the latin hypercube sampling
method, a total of 7000 working conditions are selected,
representing a combination of the input parameters
listed in Table 2. Subsequently, the mathematical model
is used to conduct process simulations and compute the
CCR and g, constructing the datasets for machine
learning model.

Finally, the datasets are used to train the machine
learning model of the multi-layer perceptron (MLP)
regression model, whose strong nonlinear fitting
capability makes it well-suited for capturing the intricate
performance relationships in the CO, capture process.
The hyperparameters (including hidden layer sizes,
regularization strength, and learning rates) are optimized
using GridSearchCV. This method exhaustively evaluates
all possible parameter combinations to identify the
optimal hyperparameters that minimizes prediction
errors for CCR and g, ensuring the robustness and
prediction accuracies of the machine learning model.

2.3 The intelligent control method regulating electricity
and CO; flexibly

Based on the trained machine learning model, an
intelligent control method is proposed to minimize the
energy consumption while maintaining the required CCR
across fluctuating loads. The schematic diagram of the
control method is shown Fig. 3.
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Fig. 3 An intelligent control method regulating electricity
and CO; flexibly

The sensors collect the temperature difference of
the solution heat exchanger, the CO, concentration and
mass flow rate of the flue gas, and the desorber pressure,
then transmit these values to the control unit. Based on
the trained machine learning model, the CCR and q are
predicted under different combinations of the L/G ratio
and the reboiler load. By capitalizing on the rapid
computational efficiency of the machine learning model,

an exploration of the feasible solution space is enabled.
This process facilitates the identification of the optimal
combination of operating parameters, which not only
guarantees CO, capture rate requirements but also
minimizes the regeneration heat consumption.

3. RESULTS AND DISCUSSION

In this section, to demonstrate the effectiveness of
the proposed method, several validation steps were
systematically conducted.

3.1 Model validation of CO; capture process

First, the results of the developed CO, capture
process model are compared with experimental results
reported in the open literature. The experimental
research in reference examines the performance of the
CO, capture process across different load. This dataset
provides an ideal basis for validating the predictive
accuracy of the mathematical model. Under various
operating conditions, the calculation error of the specific
regeneration heat is found to be 1.92%, as shown in Fig.

4, which validates the reliability of the process model.
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Mean relative error = 1.92%
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Fig. 4 Model validation of the thermodynamic model of
CO; capture process

3.2 Prediction of the machine learning method

Subsequently, hyperparameters of the machine
learning model are optimized. GridSearchCV is employed
for hyperparameter optimization of the MLP regressor
model, including the hidden layer sizes, regularization
strength and learning rates. Specifically, different
combinations of hidden layer sizes are considered,
including (90, 90, 90), (80, 80, 80), (70, 70, 70), (60, 60,
60), (50, 50, 50), and (40, 40, 40). Additionally, values for
the regularization strength such as 0.0001, 0.001, and
0.01, along with learning rates of 0.001, 0.01,and 0.1, are
included in the grid. GridSearchCV exhaustively tested all
combinations in this grid using cross-validation, with the
objective of optimizing for the mean squared error (MSE)



of CCR and g. After the exhaustive search, the best
hyperparameters are successfully identified. The best
parameters obtained from the grid search are as follow:
the regularization parameter is set to 0.0001; the hidden
layer structure of the MLP consists of three layers, each
containing 70 neurons, and the learning rate is set as
0.01. The average calculation error of CCR and g between
the data-based machine learning model and the physics-
based process model is determined to be 2.9% and 3.4%,
indicating the accuracy of the machine learning model.
The relative error of predicted performance is shown in
Fig. 5.

0.25
£o.20f A
=
m
=]
20.15
a
c
2
< 0.10
2
]
5005
0'0920 -10 0 10 20
Relative error of predicted CCR
a) CCR
0.15
2
o AT
S0.10f §
S
a
c
L
20.05}
g
o
0.00
=20 -10 0 10 20

Relative error of predicted g
b) Specific regeneration heat
Fig. 5 Prediction accuracy of CCR and q using machine
learning model

3.3 Optimization of the process parameters

Finally, the effectiveness of the control method is
discussed across different scenarios. The boundary
conditions of these scenarios are shown in Table 3. These
conditions include different heat exchanger effects,
different flue gas concentrations and different capture
rates, basically covering the possible scenarios of
variable load operation in the capture process.

Table 3 The discussed scenarios of the control method
Case Yco2 Paes Taiff CCR target
1 12.7% 1.5 atm 10K 0.9

2 12.7% 1.5 atm 20K 0.9
3 9% 1.5 atm 10K 0.7
4 12.7% 1.5 atm 10K 0.6

Based on the control method, the result of the 4
scenarios have been presented in Table 4. All the studied
cases achieved accurate control of the CCR, with the
maximum error being less than 5%. At the same time, the
energy consumption for CO, capture is maintained at a
relatively low level.

Table 4 The results of the intelligent control method

Case Q/Me L/G CCR Qe

1 577.6 ki/kg 2.73 0.85 3.54 GJ/t
2 651.0 ki/kg 2.63 0.88 3.88 GJ/t
3 320.4 ki/kg l1.61 0.67 3.46 GJ/t
4 375.5 ki/kg 1.71 0.58 3.39 GJ/t

To verify that the obtained operating parameters
achieve the minimum specific regeneration heat
consumption, the physical-based process model is
adopted. The response surface of the CCR and the g of
the process under different combinations of operating
parameters are calculated, as shown in Fig. 6.
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Fig. 6 Optimization results of liquid-gas ratio and
reboiler heat power
As shown by the response surface in Fig. 6, the
interactions between the L/G, and reboiler heat Q, CCR,
and g exhibit complex nonlinear dependencies. The



operational parameters must simultaneously satisfy
both functional (setting to target CCR) and performance
(g minimization) criteria, resulting in an extremely
narrow optimal parameter window. This tight constraint
poses significant challenges for precise control under
flexible load-following operations in CFPP. Combining
the results from Table 4, Fig. 6 shows the control result
of Case 1 and Case 4. The results show that under diverse
operating conditions, this control method can not only
ensure that the CCR meets the requirement, but also
minimizes the regeneration heat consumption in a
suitable range.

4. CONCLUSIONS

In this paper, an intelligent control method is
proposed to minimize energy consumption while
maintaining the required CO, capture rate across
fluctuating loads. The main conclusions are as follows.

(1) A variable load thermodynamic model for the
CO2 capture process is developed based on the
OpenModelica platform. And the calculation error of the
specific regeneration heat is found to be 1.92%.

(2) A physical law driving machine learning model
for CO, capture process is established. The average
calculation error of CCR and g is determined to be 2.9%
and 3.4%, realizing the accuracy prediction of process
performance.

(3) An intelligent control method is proposed to
minimize energy consumption while maintaining the
required CO; capture rate across fluctuating loads. The
maximum error of CCR is less than 5%, and the specific
regeneration heat is controlled in an optimized range.

This research achieves the flexibility, high efficiency
and low carbon of the CFPP, and provide references for
the flexible regulation of natural gas units, biomass units
and different types of absorption processes.
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