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Abstract Controlling and optimizing carbon -capture
processes is vital for improving efficiency, reducing
energy consumption, and enhancing sustainability. Process
analytical technology (PAT) plays a crucial role in
achieving these goals. Establishing the relationship
between physico—chemical properties (PCPs) and solvent
characteristics, such as loading and strength, can facilitate
the practical implementation of PAT. This study develops
empirical models for the PCPs of potassium carbonate
solutions, including density, refractive index, and electrical
conductivity, as well as a mechanistic model for pH across
varying temperatures, solvent concentration, and solvent
loadings. The models showed strong agreement with
experimental data. Density and refractive index increased
with solvent strength and decreased with temperature,
while conductivity correlated with solvent strength and
temperature but decreased with solvent loading. A feed-
forward neural network was trained to predict solvent
strength and loading using eight input scenarios. The
highest accuracy was achieved with PCPs combined with
Fourier transform infrared (FTIR) or ultraviolet-visible
(UV-Vis), using only PCPs, or using PCPs with FTIR and
UV-Vis while excluding pH. The findings provide
essential insights into K,CO; solution behavior,
contributing to advances in carbon capture technologies.
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1 Introduction

CO, emissions from fossil fuels are harmful to the
environment, contributing significantly to global climate
change [1]. The Paris Agreement, established in 2015,
underscores the urgent need to address this issue by
committing to limit global warming to below 2 °C. To
achieve this goal, it is essential to reduce CO, emissions
from fossil fuels, as they are a major driver of climate
change. By cutting these emissions, we can work toward
a more sustainable future and meet the targets set by the
Paris Agreement [2].

To achieve meaningful reductions in CO, emissions,
the integration of carbon capture, utilization, and storage
(CCUS) technologies is becoming increasingly vital [3,4].
CCUS offers a practical solution by capturing CO, at
its source, such as fossil fuel power plants, and either
repurposing it for industrial uses or permanently storing
it underground to prevent it from entering the atmos-
phere [5,6]. This technology plays a key role in mitigating
the environmental impact of continued fossil fuel use,
allowing for a transitional pathway toward a low-carbon
economy while ensuring that emissions targets are
met [7]. In addition to CCUS technologies, bioenergy
with carbon capture and storage (BECCS) presents
another promising approach for reducing CO, emis-
sions [8]. BECCS involves using biomass, a renewable
energy source, to generate energy while capturing and
storing the CO, produced during the process [9]. Since
biomass absorbs CO, during its growth, BECCS can
achieve negative emissions, effectively removing more
CO, from the atmosphere than it emits [10]. When
combined with CCUS, BECCS offers a powerful strategy
to not only curb emissions from fossil fuels but also to
actively reduce atmospheric CO, levels.
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One effective method for implementing CCUS or
BECCS is the absorption process within a post-
combustion strategy [11,12]. In this approach, CO, is
captured from the flue gases produced after the
combustion of fossil fuels or biomass. The absorption
method typically involves the use of chemical solvents
which selectively capture CO, from the gas mixture.
When described in greater detail, this process typically
includes the following steps [13]. Initially, the flue gas,
which consists of CO, along with other gases like
nitrogen and water vapor, is cooled to an optimal
temperature (7) between 40 and 60 °C to enhance the
efficiency of the absorption process [14]. The cooled flue
gas is then directed through an absorption column or
scrubber, where it interacts with a liquid solvent, often an
amine-based solution such as monoethanolamine, or
alternatives like K,CO; or NaOH solutions. The solvent
selectively reacts with the CO, in the flue gas, creating a
CO,-rich solvent mixture. The CO,-rich solvent is then
pumped to a regeneration unit, usually a stripper, where it
is heated to the 7 of between 100 and 140 °C to break the
chemical bond between the CO, and the solvent [15].
This releases the CO, in a concentrated form, which can
then be compressed and transported for storage or
utilization. The regenerated solvent, now free of CO,, is
cooled and recycled back to the absorption column to
capture more CO, from incoming flue gas [16].

The regeneration section in carbon capture and storage
(CCS) plants is a critical component, but it is also the
most energy-intensive and costly part of the carbon
capture process [17,18]. The heating during regeneration
requires significant energy input, often sourced from the
plant’s own power generation, which reduces the overall
efficiency of the facility [19,20]. Additionally, the high
energy demand for solvent regeneration contributes
substantially to the operational costs of CCS plants.
Consequently, improving the energy efficiency of the
regeneration process is a key area of research, as it holds
the potential to lower both the economic and
environmental costs of carbon capture technologies [21].

Managing solvent loading () in the CCS process is an
effective way to control energy consumption in the
regeneration section [22]. 6 refers to the amount of CO,
absorbed by the solvent relative to its capacity [23]. If the
solvent is under-loaded (absorbing less CO, than it can),
more solvent must be circulated to capture the same
amount of CO,, leading to higher energy use in both the
absorption and regeneration stages. On the other hand, if
the solvent is over-loaded (saturated with CO,), it may
require more energy to release the CO, during
regeneration, as the chemical bonds between the CO, and
the solvent become stronger and harder to break.
Therefore, maintaining an effective §, where the solvent
captures an efficient amount of CO, without becoming
overly saturated, can reduce the volume of solvent that
needs to be processed in the regeneration section. This

reduces the energy required for heating the solvent,
leading to lower overall energy consumption and cost in
the CCS process. Adjusting 6 is thus a crucial strategy for
improving the energy efficiency of carbon capture
systems.

One of the common methods for measuring  in carbon
capture processes is liquid titration [24,25]. This
technique involves determining the concentration of CO,
in the solvent by reacting the solution with a titrant and
measuring the amount required to complete the reaction.
While widely wused, liquid titration has several
disadvantages. It is a time-consuming process, often
requiring multiple steps to obtain accurate results.
Additionally, it demands significant manual labor, as the
procedure involves careful handling of chemicals and
equipment. Furthermore, titration can be prone to human
error, leading to potential inaccuracies in the
measurements [26]. Due to these limitations, more
efficient and automated methods for monitoring 6 are
often sought in CCS applications.

Process analytical technology (PAT) is an advanced
approach used to monitor and control the 8 in CCS plants,
ensuring that the process operates efficiently. PAT
involves the use of real-time analytical tools and sensors
to continuously measure key process parameters, such as
the concentration of CO, in both the flue gas and the
solvent, along with the physico—chemical properties
(PCPs) of the CO,-rich solvent exiting the bottom of the
absorber column [27]. This real-time data enables
dynamic adjustments to the process conditions, such as
flow rates and 7 values, to maintain effective 6. For
example, if PAT sensors detect that the solvent is
approaching overloading, the system can be adjusted to
reduce the CO, concentration in the solvent, thus
preventing excessive energy consumption during
regeneration. By providing continuous, accurate insights
into the process, PAT helps to maintain the balance
between effective CO, capture and efficient energy use.
This real-time control ensures that the K,CO, solvent
operates efficiently, thus improving the overall CO,
capture process. This not only enhances the performance
of the CCS plant but also reduces operational costs by
minimizing unnecessary energy expenditure.
Additionally, the use of PAT can improve the overall
reliability and stability of the CCS process, leading to
more consistent and sustainable carbon capture
operations.

K,CO; solution is a commonly used solvent in CCS
processes [28]. When K,CO; absorbs CO, from flue gas,
it transforms into KHCO; [29]. Consequently, the outlet
of the absorber features a mixture of K,CO,, KHCO,, and
H,0 in the rich solvent flow. The varying concentrations
of these salts in the mixture correspond to different values
of solvent strength (X) and 6 [30]. In our previous
research, we measured the PCPs of these solutions,
including density (p), refractive index (RI), electrical
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conductivity (x), and pH, in addition to Fourier transform
infrared (FTIR) and ultraviolet-visible (UV-Vis)
spectroscopy data at various 6, molar concentrations (m),
and 7T [30]. This study introduces a mechanistic model
to predict pH and three empirical models for predicting p,
RI, and x of K,CO, solution. The pH and x are influenced
by X, 6, and T, whereas p and RI depend only on X and T.
Additionally, we propose a feed-forward neural network
(FFNN) model, based on experimental data from our
prior study, to predict X and 6 of the K,CO; solution
using different properties as input data.

According to the literature, some studies have proposed
models for predicting the PCPs of electrolyte solutions.
Li et al. [31] introduced a model for estimating the
density of both single and mixed electrolyte solutions.
Their approach treated the solution as a mixture of ionic
hard spheres and compressible water under the influence
of external pressure. However, their study did not include
K,CO; or KHCOj solutions. Building on their previous
work, Li and Lee [32] further developed their model,
but once again, their results did not include K,CO; or
KHCO, solutions. Laliberté and Cooper [33] developed
an empirical model for calculating the density of 59
aqueous electrolyte solutions, including K,CO,. The
model’s parameters were m and 7. Additionally, they
explored the possibility of applying this model to
systems containing two electrolytes dissolved in water.
Lam et al. [34] proposed a method for calculating the
density of both single and multiple saline solutions. Their
study covered 17 aqueous solutions containing two, three,
or four salts, with the method focusing on the anions and
cations present in these solutions. K,CO; was included as
one of the single salts examined in their research.

Tang and Munkelwitz [35] devised a computational
approach to determine the RI of electrolyte systems,
including (NH,),S0,-H,0, Na,SO, H,0, and
NaNO;'H,0, across a broad range of m values.
Leyendekkers and Hunter [36,37] attempted to develop a
model to predict the RI of various electrolyte solutions
across different 7 values, pressures, and wavelengths.
They evaluated 15 different solvents in their study;
however, K,CO, or KHCO, were not among the solvents
tested. Alavia et al. [38] reported on the modeling of the
RI for binary aqueous solutions of various compounds,
including boric acid, sodium chloride, potassium chloride,
sodium sulfate, lithium sulfate, and potassium sulfate.
Farooque et al. [39] developed a straightforward model to
predict the RI of six different solutions, including three
electrolyte solutions: KCI, NaCl, and CaCl,. Their model
was dependent on both m and 7.

Bernard et al. [40] investigated the conductance of
ionic solutions using equilibrium pair correlation. Their
modeling results showed good agreement with
experimental data for NaCl, KBr, BaCl,, and LaCl,.
de Diego et al. [41] proposed an empirical model for the
electrolytic conductivity of concentrated -electrolyte

solutions, which was dependent on both m and T. Their
model was an extension of the Casteel-Amis equation. In
a subsequent study, they refined their earlier model based
on the Falkenhagen equation to address aqueous
electrolyte solutions at very high m values. To account for
deviations from ideality at elevated m values, they
incorporated the concept of activity into the model [42].
Chandra and Bagchi [43] developed a theoretical model
for the conductance of electrolyte solutions, using a mode
coupling theory approach to account for electrolyte
friction. Wang et al. [44] developed a comprehensive
model for calculating the electrical conductivity of
aqueous or mixed-solvent electrolytes across a wide range
of m wvalues. Their model included a correlation for
determining ionic conductivities at infinite dilution.
Ding [45] utilized the empirical Casteel-Amis equation to
fit experimental data on the conductivity of electrolytes as
a function of salt concentration. Ding et al. [46]
introduced a fitting equation based on the Casteel-Amis
equation to model conductivity as a function of m and
T. This equation was applied to super-concentrated
aqueous electrolytes. Bernard and Aupiais [47] predicted
the electrical conductivity of certain weak electrolytes,
taking into account additional interactions, such as
chemical associations involved in acid-base equilibria,
beyond the typical hard-sphere interactions at short
distances and Coulombic interactions at longer distances.
Zhang et al. [48] proposed a semi-empirical equation
with five parameters, which is based on the number of
free ions and ion mobility as functions of m and T.
This equation is designed for solutions at medium and
high m values. Boroujeni et al. [49] compared the
electrical conductivity of electrolyte solutions using six
different models: the Debye-Hiickel-Onsager limiting
law, the extended law, the smaller ion shell model, as
well as the full mean spherical approximation (MSA) and
the simplified MSA models, and the Quint-Viallard
model.

In this study, we aim to address a critical gap in the
literature by developing a predictive model for the PCPs
of K,CO, and KHCOj solutions, including pH, p, RI, and
x, and how they relate to X, 6, and T. The novelty of our
work lies in the integration of a FFNN model with these
properties and spectral data (FTIR and UV-Vis) to predict
6 and X. This approach allows for real-time monitoring
and control of the CO, capture process, particularly in the
solvent regeneration stage, where energy consumption is
a key challenge. By employing this novel predictive
model, we significantly enhance the process efficiency,
providing an innovative solution that could reduce
operational costs and improve the sustainability of carbon
capture technologies. The application of the FFNN model
in this context offers a more efficient and automated
alternative to traditional methods, highlighting the
practical implications and significance of this study in
advancing CCUS technologies.
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2 Models

This section presents empirical models for predicting the
p, Rl, and « of a solution containing K,CO,, KHCO;, and
H,0, as well as a mechanistic model for calculating the
pH of the solution. Additionally, a FFNN was implement-
ed for prediction of 6 and strength using those PCPs
database. The modeling platform utilized in this study
was MATLAB. The database was established based on
experimental data collected from our previous study [30],
focusing on the properties of solutions containing K,COs,
KHCO;, and H,0 measured at various 7, X, and 6. Here,
0 is defined as the ratio of moles of CO, absorbed to
moles of native K,CO; in the solution (Eq. (1)):

_ Moles CO, absorbed )
~ Moles K,CO; equivalents’
X is defined as the weight percentage (wt%) of K,CO,

equivalents in the primary solution, when no CO, is
absorbed, and it contains only K,CO, and water (Eq. (2)):

X = wt% K,CO; equivalents. 2)

When no CO, absorption occurs, the loading is zero. As
CO, absorption increases, K,CO, reacts with CO,,
forming more KHCO;, which leads to a gradual reduction
of K,CO; and an increase in KHCOj;. This corresponds to
an increase in the 6 value, eventually reaching a loading
of 1 when all K,CO; has been converted to KHCO;. The
experimental data covered a 7 range of 293.2 to 353.2 K,
X from 5 to 30 wt%, and 0 from O to 1. It should be noted
that X ranging from 5 to 30 wt% correspond to m between
0.378 and 2.818 mol-L™'. In the empirical equations
developed for p, RI, and x, as well as in the mechanistic
model for pH, the parameter m is used as an independent
variable instead of X.

The empirical models were developed using nonlinear

‘ Empirical models |

!

RI=/(T, m)

‘ Mechanistic model |

!

Fig. 1

regression analysis techniques. They were derived by
fitting experimental data collected at various 7, m, and 6.
The functional form of the equations includes multiple
terms involving powers, logarithmic, and exponential
functions of the independent variables, 7 and m, to
capture their effects on the p, RI, and x of the solution.
The constants (P, to P,) in the equation of p and «, and P,
to P, for RI were obtained using nonlinear regression
techniques, where MATLAB was employed to minimize
the difference between the predicted and experimental
values through an optimization algorithm. The accuracy
of the model was validated using statistical parameters
such as the coefficient of determination (R?) and the
absolute average relative error percentage (AARD%),
confirming its reliability in predicting the p across the
studied range of conditions.

It should be noted that the terms included in the
empirical formulas have been thoroughly evaluated for
significance and that any redundant or insignificant terms
have been excluded to maintain the integrity of the
model. A summary diagram is provided in Fig. 1 to
enhance understanding of the concepts discussed in the
following sections.

2.1 Empirical equation for density

As the experimental data indicate, p values depend only
on T and m, but not on . Therefore, the proposed empi-
rical equation is solely based on these two parameters:

P = Pro+ exp(Pl + P, xm® x1nm + P; X (Inm)* X P,x

P, InT P,
E+P7XF+E+P9XCXP(—T) .
3)

where p and py,o represent the densities (kg'm>) of the

| FFNN model ‘

¥

Input data

Ps
mO.S +
mOAS

sce. #1: FTIR

sce. #2: p, R1, k, pH

sce. #3: p, RI, k, pH and FTIR @ 20 °C
sce. #4: p,RIL, k, pH and FTIR @ all T
sce. #5: UV-Vis

sce. #6: p, R1, &, pH and UV-Vis @ 20 °C
sce. #7: p, R1, &, pH and UV-Vis @ all T
sce. #8: p, R, x, FTIR, UV-Vis

¥

Output data
X
a

Summary diagram of the models in this study.
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solution and water, respectively; T is the temperature
(°C); m is the molar concentration (mol-L™"); P, to P, are

((((—2.805 x 107" x T +1.055 % 10’7)T—4.617 X IO’S)T —0.00798)T + 16.945)T+999.8352

specific constants to this empirical equation. And pu,0
can be calculated using the Kell Equation [50]:

PH0 =

To assess the precision of the model, the R’ and
AARD% were calculated.

2.2 Empirical equation for RI

For RI, a similar approach to that used for p is applied, as
it depends only on T and m, and not on 8. The empirical
equation proposed for the RI of K,COj; solution, based on
the experimental data, is as follows:

RI =Rl + P, + Pym+ P;InT + P,m* + Ps(InT )’ +
PomInT + P.m® + Py(InT)’ + Pom(InT)* + P,om*InT,
(%)
where Rly,o represents the RI of water, while m is the
molar concentration (mol-L™!). P, to P, are constants
specific to the equation. The accuracy of the model was

evaluated by calculating the R> and AARD%. Rl is
calculated using the Lorentz-Lorentz function of liquid

water [51]:
2 1
Rlyo = /=, (6)
’ 1—xx

where xx 1s calculated as follows:

xx = p*><(a0 FaXp +aXT +a; x (1) xT" + (;4)2 +
as s 2
+ +a; X (0|,
Ay —y? T -y 7“’)
(7
o =Ly =1000ke - m>,
Po
A
=2 2y =0.589 um,
Ao
A
T'= 2. T,=273.15K, )
0

where A is the wavelength and 7 is the absolute
temperature; g, to a,, along with Ay, and Aj, are
coefficients, which are provided in Table 1.

2.3 Empirical equation for electrical conductivity

Unlike p and RI, x depends on all three parameters: 7, m,
and 6. Therefore, the proposed empirical equation
includes 7 and m, with distinct coefficients P, to P,
derived and reported for each 6 value. The proposed

1+0.01687T

“

[

equation for the prediction of « is as follows:
_ Py +Pym+ Psm’ + Pym’ + PsInT ©)
" 1+ Pgn+ Pm? + Psm® + PoInT ’

where «x is the electrical conductivity (mS-cm™!). The

model’s precision was assessed by determining R? and
AARD% parameters.

2.4 Mechanistic model for pH

The pH model, which mathematically relates pH to m and
0, is derived from a system of five reactions and balances.
The first step involves utilizing the reaction rate equations
for the three primary reactions that occur during CO,
absorption in a K,COj; solution:

CO, + H,0 & HCO- + H, &, = LHCOs](HT] (10)
2 SN e

HCO; & CO¥ +H, k, = [0 1

5 3 + , Kb = W ( )

H,0 & H* +O0H, k, = [OH ] [H"] (12)

where k,, k,, and k, are the reaction rate constants for
each reaction. Here, k, refers to the auto-protolysis of
water, and the relations for &, and k, are taken from
Danckwerts [52]. These constants are 7-dependent and
are given by the following equations:

—3404.7

log, k; = +14.843-0.03279T,  (13)

-2902.4

log, ok, = +6.498 —0.0238T. (14)

Additionally, the charge and carbon balances are

Table 1 Coefficients of Eq. (7)

Parameter Value

ay 0.243905091

a 9.53518094 x 1073
o —3.64358110 x 1073
a, 2.65666426 x 107
a, 1.59189325 x 1073
as 2.45733798 x 1073
ag 0.897478251

a, -1.63066183 x 1072
Ay 0.2292020

e 5.432937
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included:

2m+[H]=2 [co_i*] +[HCO;]+[OH],  (15)

m(1+6) = [COY |+ [HCO;] +[CO,]. (16)

By rewriting Eq. (15) to solve for [H*] and substituting
all other concentrations in this equation with Egs.
(10)—~(12), which are expressed as functions of [H*], an
equation for [H*] as a function of m and 6 can be derived.
The pH 1is then calculated using the following
relationship:

pH = -log,,[H']. 17

The final mathematical model for pH is expressed as
follows:

[H T +[HT (k, +2m) + [H ] (k ky + mk, (1 — 0)—

kw) - [H+] (k] kw + ka] kzg) - k]kzkw = 0 (18)

2.5 FFNN model for prediction of solvent loading and
strength

In this study, we employ a FFNN to predict the variables
X and 6 based on initial input data. The FFNN is a type of
artificial neural network where connections between
nodes do not form a cycle, and it operates in a layered
architecture: input layer, one or more hidden layers, and
an output layer. This architecture enables the network to
learn complex patterns and relationships within the data,
making it well-suited for our prediction tasks.

2.5.1 Architecture

The FFNN used in this study consists of the following
components.

2.5.1.1 Input layer

The input layer receives the initial data, which includes
the features required to make predictions about X and 6.
Each feature corresponds to an input node in this layer.
The input data used for training the model comprised six
different properties, including four PCPs (i.e., p, R, «,
and pH), as well as FTIR and UV-Vis spectra all of which
are taken from our previous study [30]. These properties
were measured over a T range of 20-80 °C, with X values
between 5 and 30 wt% and 6 values ranging from 0.0 to
1.0.

Eight different scenarios were considered based on
combinations of these properties. In the first scenario,
only FTIR spectra were used as input data. The second
scenario included only the four PCPs. The third scenario
combined PCPs and FTIR data measured at 20 °C. Since
the FTIR and UV-Vis instruments were only capable of
measuring spectra at 20 °C, data for other T values were
unavailable. Consequently, one of the scenarios involved

using only PCP data at 20 °C along with the FTIR
spectra. In another scenario, to account for PCP data
across all 7 (20-80 °C), the FTIR spectra from 20 °C
were duplicated for samples with the same X and 6
characteristics but at higher T values. Thus, the fourth
scenario included PCPs and FTIR data for all 7 values. In
the fifth scenario, only UV-Vis spectra were used as input
data. In the sixth case, PCPs combined with UV-Vis
spectra measured only at 20 °C were considered. In the
following scenario, the UV-Vis spectra from 20 °C were
duplicated for samples with the same X and 6 at higher 7,
so both PCP and UV-Vis data across all 7 values were
included. Lastly, in the eighth scenario, the input data
consisted of FTIR, UV-Vis spectra, and PCPs excluding
pH. Table 2 provides a summary of these scenarios.

The rationale behind selecting different scenarios was
to evaluate the model’s robustness and accuracy under
various conditions. In real-world applications, sensor
failures may occur, resulting in the unavailability of one
or more data sources. Testing the model with different
inputs allows us to assess its sensitivity and determine
which scenario yields the most precise predictions of X
and 6.

2.5.1.2 Hidden layers

The network includes two hidden layers, each consisting
of a specified number of neurons. These layers are
responsible for learning and extracting features from the
input data through nonlinear transformations. The
activation function used in the hidden layers is the
Rectified Linear Unit, which introduces nonlinearity into
the model and helps in learning complex patterns.

To determine the optimal number of hidden layers and
neurons for the FFNN, we conducted a model complexity
analysis by testing various architectures. The
architectures tested included different combinations of
hidden layer sizes and neuron counts, specifically: a
single hidden layer with 10, 20, and 30 neurons [10],
[20], [30]; two hidden layers with combinations of
neurons: [10,5], [20,10], [30,20].

These configurations were evaluated using 5-fold cross-
validation to assess model performance. The performance
of each architecture was measured by calculating the
mean squared error (MSE) on the validation sets. Based
on the results, the model with the lowest validation MSE

Table 2 Various input data scenarios used for training the model

Scenario number Input data

FTIR
PCP
PCP and FTIR (7= 20 °C)
PCP and FTIR (various T)
UV-Vis
PCP and UV-Vis (T=20 °C)
PCP and UV-Vis (various 7)
FTIR, UV-Vis, and PCP without pH

00 2NN R W~
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was selected as the most optimized architecture for predic-
ting the desired outcomes. Increasing the number of hid-
den layers did not enhance the model’s accuracy, and
therefore, additional layers were not included in the com-
plexity evaluation analysis. This analysis allowed us to
fine-tune the neural network structure and ensure a bala-
nce between model complexity and prediction accuracy.

2.5.1.3 Output layer

The output layer consists of two neurons, one for each
target variable: X and . The final output is computed
using a linear activation function to ensure that the
predictions can take on a wide range of values, as
required for regression tasks. Figure 2 illustrates the
schematic of the FFNN topology.

2.5.2 Training process

The FENN is trained using backpropagation with a MSE
loss function. Training was performed using the Leven-
berg-Marquardt algorithm with specified parameters. The
training process involves the following steps.

2.5.2.1 Normalization and standardization of input data

Normalization and standardization are essential
preprocessing techniques in data analysis and machine
learning. These methods are used to adjust the scales of
features or variables before feeding them into models.
Normalization scales the data to a fixed range, typically
between 0 and 1. This ensures that all features have the
same scale, regardless of their original range.

X - Xmin

Xmax - Xmin
where X, and X, are the minimum and maximum
values of the feature X in the dataset, respectively.

Standardization transforms the data to have a mean of
zero and a standard deviation of one. This technique
assumes that the data follows a Gaussian distribution and
ensures that all features are on the same scale in terms of

their variance.

XnormA = (19)

Hidden layer 1
10 A
9 A
8 N
7! Inputlayer 7 7 ™ N
26 P = = i Aden Taver D
% 5 RI Z S .-Hld.d‘i;l'l layer 2
7“’). 4+ Koot e ..
3r—pH< > ) Output layer |
2| FTIR# =8 - = X
1 UV-Vis/ S S ~ 0
0
0 1 2 3 4 5 6 7 8
Layers
Fig. 2 A schematic of the FFNN topology.

X-p

XsldA = s

(20)

where u and o represent the mean and standard deviation
of the feature, respectively.

2.5.2.2 Training set size

To determine the optimal training size, a model size
analysis was performed. Various training set sizes,
including 50%, 60%, 70%, 80%, and 90% of the total
data points, were tested, with the remaining data serving
as the prediction set for each configuration. The MSE
values for each set were then compared to identify the
most appropriate training set size.

2.5.2.3 Forward propagation

During forward propagation, the input data are passed
through the network, layer by layer, to compute the
predicted values of X and . Each neuron’s output is
calculated based on the weighted sum of inputs and the
activation function applied.

2.5.2.4 Loss calculation

The difference between the predicted values and the
actual values (ground truth) is computed using the MSE
loss function. This loss quantifies the error in the
predictions and guides the optimization process.

2.5.2.5 Backpropagation

Backpropagation involves calculating the gradient of the
loss function with respect to each weight in the network.
The gradients are used to update the weights through
optimization algorithms such as stochastic gradient
descent or Adam, which iteratively adjust the weights to
minimize the loss.

2.5.2.6 Epochs and batch size

The network is trained over 100 epochs, where each
epoch consists of passing the entire training data set
through the network. Additionally, a batch size is used to
determine the number of samples processed before
updating the weights, which helps in stabilizing the
training process. The batch size is implicitly set to the
total number of training examples.

2.5.3 Statistical analysis

2.5.3.1 Predicted values analysis

After training the model and predicting X and 0 values for
each scenario, these predictions were compared to the
experimental values of X and 6. Additionally, these
predicted values were used to calculate the PCPs using
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the empirical models for p, R, and x, along with the
mechanistic model for pH described earlier in sections 2.1
to 2.4. These results were then compared with the
experimental data from our previous study [30]. To
evaluate the accuracy of the trained model and empirical
equations, the R?> was employed in all comparisons. R? is
a straightforward statistical metric that indicates how well
a model fits the observed data. It essentially serves as a
measure of the model’s effectiveness. Typically, the
closer the R? value is to 1, the more accurately the model
reflects the data.

2.5.3.2 Model’s robustness analysis

Robustness analysis is used for FFNN models to ensure
that the model performs consistently well across various
scenarios and conditions. It helps identify how sensitive
the model is to changes in inputs, parameters, or data dis-
tributions. By evaluating robustness, we can assess the mo-
del’s stability, reliability, and generalization capabilities,
ensuring that it maintains accurate predictions even when
faced with slight variations or uncertainties in the data.

In this study, we employed leave-one-out cross
validation (LOOCV) to evaluate the robustness of our
neural network model. LOOCYV is a rigorous method used
to assess the generalizability of a model by systematically
excluding each data point from the training set and then
testing the model’s performance on this excluded data
point. The data set, which includes various input features
and output variables, was divided into training and test
sets in a sequential manner. Each iteration of LOOCV
involves one data point being left out of the training
process while the remaining data points are used to train
the model. For each iteration, a neural network model was
trained on the training set, which comprises all data
points except the one left out. The model’s performance
was then evaluated on the excluded data point. This
process was repeated for each data point in the data set,
resulting in a total of as many models as there are data
points. After training the model on each subset,
predictions were made for the excluded data point. The
predictions for all data points were aggregated to analyze
the overall performance of the model. The average
predictions across all iterations were calculated for both
output variables. Additionally, the standard deviation of
these predictions was computed to quantify the variability
and reliability of the model. Standard errors of the mean
were derived from these standard deviations to create
error bars for visualization. The predicted values from the
LOOCV were compared against experimental data to
assess the model’s accuracy. R? values were computed to
measure the goodness of fit, providing insight into how
well the model predictions match the experimental
observations. To visualize the model’s performance,
parity plots were created. These plots compare the
predicted values against the experimental data, with error

bars representing the standard errors. Additionally,
normalized values were plotted to evaluate the model’s
predictions across different data subsets.

Another method applied to assess the robustness of our
neural network model was a k-fold cross-validation
approach. This technique helps evaluate the model’s
performance and generalizability by partitioning the data
set into multiple subsets or “folds”. 5-fold and 10-fold
cross-validation strategies were chosen. This means that
the data set was divided into 5 and 10 equal-sized folds.
In each iteration of the cross-validation process, 1 fold
was used as the test set, and the remaining 4- and 9-folds
were used as the training set. This procedure was repeated
5 and 10 times, with each fold serving as the test set once.
For each fold, the neural network model was trained
using the training subset. After training, predictions were
made on the entire data set. The average predictions for 8
and X across all folds were calculated. This step involved
normalizing the predictions by subtracting the mean of
predictions from each fold and dividing by the mean. This
normalization process was performed separately for each
column of predictions. To visualize the performance and
variability across different folds, plots were generated
showing normalized values of 6 and X against fold
numbers. The plots display how predictions vary from
fold to fold, providing insights into the model’s
performance consistency. Lines connecting the data
points in the plots highlight trends and fluctuations in
predictions across the folds.

3 Results and discussion

This section presents the results of the constants of
proposed models for four key PCPs, namely p, R, x, and
pH, evaluated at various values of 7, m, and 6. The model
predictions are compared with experimental data to assess
their accuracy. Additionally, a comparison is made
between different scenarios of the FFNN model for
predicting X and 6, and the corresponding calculations of
PCPs based on these predictions, in order to determine
which scenario provides the best predictive performance.
3.1 Density
The constants for the empirical equation for p, as
presented in Eq. (3), are reported in Table 3 along with
the R? and AARD% values for the model’s performance.
Figure 3  illustrates the comparison between
experimental data and the results generated by the
proposed empirical model. As shown in Fig. 3(a), the
experimental and modeled data align closely, indicating
good agreement. The density of a solution is influenced
by both m and T due to their impact on molecular
interactions and spacing. As the X increases, the
concentration of dissolved solutes rises. This increases
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the number of particles in a given volume, leading to
more mass per unit volume, which results in a higher p.
The solvent molecules are more tightly packed because of
increased intermolecular forces, reducing free space and
raising the overall p. When the T rises, the kinetic energy
of the molecules increases. This causes the molecules to
move more rapidly and occupy more space. The increased
thermal motion reduces intermolecular forces, causing the
solution to expand and its p to decrease, as the same mass
now occupies a larger volume. In the parity plot shown in
Fig. 3(b), which compares experimental p data with
model predictions, the data points are closely aligned
along the diagonal line. This alignment indicates a high

Table 3 Constants for the empirical p equation in Eq. (3)

Parameter Value

P —0.6847
P, —0.47228
Py 0.422076
Py 0.668201
P -2.19093
Py 1.671058
P, 1.477266
Py 1.171182
Py -9.00776
R? 0.9997

AARD% 0.0977

p vs. X at different temperatures

r=20°C
&  Experimental data
T=30°C

Experimental data
T=40°C
Experimental dara
T=50°C
Experimenial data
r=60°C
Experimental data
T=T0"C
Experimenial data

pllg-em™)
L ]

r=8<C
® Experimental data
T
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Xiwt%

h - eEan
-

* 1077
(c) 37 :

Residuals

level of agreement between the experimental values and
the model’s predictions, demonstrating that the model
accurately captures the density relationships. Overall, the
plot confirms the model’s reliability in predicting p
values within the tested range. In Fig. 3(c), the residual
plot is presented, which further validates the model’s
reliability. The residual plot displays the differences
between the observed experimental values and the
model’s predicted values. A patternless distribution of
residuals around zero, with no systematic trends, indicates
that the model is accurately capturing the underlying data
without significant biases. This suggests that the model
performs well across the entire range of data, reinforcing
the credibility of its predictions.

32 RI

The empirical equation for the RI is detailed in Eq. (5).
The constants used in this model, along with R*> and
AARD%, are presented in Table 4.

Figures 4(a)—4(c) mirror the validation approach used
in Fig. 3. Specifically, Fig. 4(a) shows the comparison
between experimental RI data and model predictions,
indicating a strong agreement between the two data sets.
Figure 4(b) presents a parity plot, where the experimental
versus modeled RI values closely follow the diagonal
line, reflecting accurate predictions by the model.
Figure 4(c) features the residual plot, which reveals that

(b) Experimental data vs. fitted model

®  Dara points

- — — - Diagonal reference line .

=)
=]

Fitted model
I

110}
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L. o* N L L L ! n
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Residual plot (bar chart)
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Fig.3 Model validation and comparison for p: (a) comparison of experimental p data with predictions from the empirical model,

(b) parity plot, and (c) residual plot.
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the residuals are evenly distributed around zero without
any systematic pattern, further confirming the model’s
reliability. The analysis of the RI reveals distinct trends
with varying conditions. As shown in the results, RI
increases with X at a constant 7, indicating that higher m
lead to a higher RI. This can be attributed to the increased
p of the solvent mixture, which typically enhances the
interaction between light and the medium, resulting in a
higher RI. Conversely, RI decreases with 7 at a constant
X. This behavior is consistent with the general principle
that most substances have a lower RI at higher 7 due to
thermal expansion, which reduces the p and alters the

Table 4 Constants for the empirical RI equation in Eq. (5)

Parameter Value
P 0.034523
P, 0.044959
P, -0.0171
P, -0.00228
Ps 0.000978
P -0.0113
P, 0.000176
Py 0.000294
P, 0.00131
Py 7.89E-06
R? 0.9994
AARD% 0.0189
(a) RI vs. X at different temperatures
1.39
.
1.38 | 1
L]
137} p
. [ |
» . I
E 1.36 } ! . & Ij.xp:::n:mul datn
] #  Dsperimental datn
' | T=40°C
1351 :
2 B =
-
134, ¢ x .
B Txperimental datn
- T B0
1.33 1 . L i | | & Uxperimental datn
5 10 15 20 25 30
Xiwt%
(c) % 10
1.0
0.8
0.6/
04}
=2 02}
< o idhia
£ 02!
0.4
—0.6 |
0.8}

_I_U_ i e -
0 5 10 15

light’s interaction with the medium. Additionally, similar
to p, the RI does not exhibit any significant dependency
on the variable 0, indicating that & does not substantially
influence RI in the context of this empirical model as was
observed in the experimental data.

3.3 Electrical conductivity

The coefficients for the empirical equation of x, as
defined in Eq. (9), are listed in Table 5. These coeffici-
ents, denoted as P, to Py, vary with different values of 0,
ranging from 0 to 1.0, and are accompanied by the
corresponding R? and AARD% values for each case.

Figure 5 illustrates the comparison between experi-
mental and modeled conductivity data for each 6 value. It
includes a series of figures, similar to Fig. 4(a), which
depict the experimental data versus model predictions,
and a series of parity plots, similar to Fig. 4(b), which
validate the model’s accuracy.

As X increases, also increases x when T and 6 are held
constant. This trend can be attributed to the fact that
higher X typically enhances the ionization of the solute,
leading to more charged particles in the solution and,
consequently, higher conductivity. x increases with 7 at
constant X and 6. Elevated T values generally enhance the
mobility of ions in the solution, thereby increasing
conductivity. This is due to the reduced viscosity of the
solvent at higher T values, which facilitates easier

(b) Experimental data vs. fitted model
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Fig. 4 Model validation and comparison for RI: (a) comparison of experimental RI data with predictions from the empirical model,

(b) parity plot, and (c) residual plot.
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Table 5 Constants for the empirical x equation in Eq. (9)
Parameter 6=0.0 60=0.1 6=0.2 6=0.3 6=0.4 6=0.5 6=0.6 6=0.7 6=0.8 60=0.9 6=1.0
P 7.0820 1.7090 7.7810 3.3192 -6.9055  -4.0834  —4.2014 0.5712 1.2466 1.6955 0.3002
P, 45.8551 56.1653 46.6695 51.4198 63.7630 57.4330 61.3491 53.1916 54.9033 55.0664 58.6833
Py 2.3906 -5.8980  -1.0262  -3.6688 —12.9307 -9.6389 —14.6691 —7.4422  -10.2380 -11.2013 —15.6083
P, -2.4724  -0.7325 —-1.5561 —1.2335 0.5329 0.0307 1.2276 -0.5254 0.3958 0.6605 1.9131
Py -0.2501 0.5589 -0.4690 0.4578 2.6177 2.2924 2.0793 1.0770 0.7450 0.5227 0.7110
Py —0.0429 0.0042 -0.0322  -0.0191 0.0050 -0.0196 —0.0122 -0.0173 —0.0096 —0.0098 -0.0139
P, 0.0458 0.0073 0.0319 0.0239 —-0.0016 0.0148 0.0045 0.0193 0.0113 0.0107 0.0079
Py -0.0104  -0.0023 -0.0069  —0.0058 —-0.0002 —-0.0030 -0.0003 -0.0047 -0.0022 —-0.0020 -0.0004
Py —0.1893 -0.1900  -0.1886  —0.1875 —0.1840 —0.1830 —0.1833 —0.1864 —0.1874 —0.1881 -0.1867
R? 0.9999 0.9998 0.9998 0.9998 0.9995 0.9997 0.9997 0.9998 0.9999 0.9998 0.9998
AARD% 0.4786 0.7071 0.8045 0.7879 0.8214 0.7738 0.7950 0.7564 0.6909 0.6845 0.7362
(a) x vs. X at different temperatures at 8= 0 (b) K vs. X at different temperatures at 8 = 0.1
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Experimental data vs. fitted model
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movement of charged particles. An increase in 6 results in
a decrease in conductivity while keeping X and T
constant. This inverse relationship suggests that as 6
increases, the solute’s ability to conduct electricity
diminishes. Increasing 8 from 0 to 1 results in a higher
proportion of KHCO; and a lower proportion of K,CO;.
This shift reduces the concentration of highly mobile
carbonate ions in favor of less mobile bicarbonate ions,
leading to a decrease in conductivity. This effect is due to

the inherent differences in ion mobilities, where
carbonate ions, having a higher mobility, contribute more
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effectively to conductivity compared to bicarbonate ions.

The results show a good match between experimental
data and model predictions, as evidenced by the parity
plots and comparison figures. The empirical model
effectively captures the dependencies of conductivity on
X, T, and 6.

34 pH

Figure 6 consists of six subplots, each representing a
constant X value and showing the variations of pH with
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Fig. 6 The variation of pH with 6 and 7 at six different constant X: (a) X =5 wt%, (b) X = 10 wt%, (c) X =15 wt%, (d) X =20 wt%,

(e) X =25 wt%, and (f) X =30 wt%.



Abolhasan Ameri. Neural network model and equations for calculation of K,CO; solution 15

T and 6. As 6 increases, the pH decreases, and similarly,
an increase in 7T also results in a lower pH. The reasoning
behind this behavior has been comprehensively explained
in our previous study [30]. Regarding the effect of X
on pH, aside from low solvent loadings (8 = 0.0 and
0.1), the pH remains relatively stable across different m
values at constant 7" for intermediate to high 6 values.
However, at low loadings, an increase in X leads to a rise
in pH.

As shown, there are some discrepancies between the
experimental data and the modeling results for pH. Since
the model is mechanistic, it has certain limitations. One
notable issue is the assumption of an ideal solution, which
introduces errors. Additionally, the reaction rate constants
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ki, k,, and k, used for the three primary reactions
occurring in the absorption process, are based on dilute
solutions. To improve the model’s accuracy, it would be
beneficial to update these rate constats by calculating the
reaction kinetics for real, non-ideal solutions.

3.5 FFNN model for prediction of X and 6

The parity plots for X and 6, predicted using the trained
FFNN model based on the eight different scenarios
outlined in Table 2, are displayed in Fig. 7. Generally, the
X predictions are more accurate and closer to the
experimental data compared to the 6 predictions. Using
FTIR or UV-Vis spectra alone as input data, as in
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scenarios 1 and 5, results in poor predictions for both 9
and X. The R? values are 0.96732 for 6 and 0.99482 for X
in scenario 1, and 0.91395 for 8 and 0.98302 for X in
scenario 5, indicating that these properties alone are
insufficient as inputs for the FFNN model.

In scenarios 3 and 6, where PCP data are combined
with FTIR or UV-Vis at T = 20 °C, the model still fails to
predict X and € accurately. Scenario 3 yields R” values of
0.97486 for 0 and 0.98876 for X, while scenario 6 shows
values of 0.99637 for 8 and 0.99908 for X. This is due to
the exclusion of high-T data points, limiting the model’s
accuracy. Scenario 2, which uses only PCP data as input,
provides acceptable predictions for both X and 6, with R?
values exceeding 0.99 for both variables (0.99582 for
and 0.99990 for X).

The most accurate predictions are found in scenarios 4
and 7, where PCP data are combined with FTIR or UV-
Vis at all 7 values. In scenario 4, R? values of 0.99966 for
6 and 1.00000 for X were obtained, while scenario 7

(a) 1.00
0.99
0.98
0.97
< 0.961
£ 0.951
%094
0.931
0.92
091
0.90 .
§ FE DS OO
N ¢ & Q¥ (T
é& 0*-\ Q&\Q- ql\)“"‘ ,\5
R ]t O &
Fo il RO ‘zjs&
Q
&
o
&
Q"
O

resulted in R? values of 0.99940 for 6 and 0.99995 for X.
This highlights that incorporating all PCP data along with
FTIR or UV-Vis at all T range leads to the highest
precision in predicting 6 and X.

In scenario 8, where FTIR, UV-Vis, and PCP (exclud-
ing pH) were used as input, similar high precision was
achieved, with R? values of 0.99966 for 6 and 1.00000 for
X. This indicates that even when one PCP cannot be
measured during the process, FTIR and UV-Vis can
compensate and still provide accurate predictions. For
visual comparison, the R? values for # and X across all
scenarios are presented in Fig. 8, highlighting the varying
prediction accuracy of different input combinations.

3.5.1 Calculation of PCPs from predicted X and 8 (from
FFNN model) using the proposed equations

For these eight scenarios, after predicting X and 6, these
values were then used to calculate the PCPs using the
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Fig. 8 Visual comparison of the R? values for (a) 0 and (b) X across all eight scenarios, illustrating the differences in prediction
accuracy based on various input combinations used in the FFNN model.
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empirical and mechanistic equations proposed in this
study. The parity plots in Fig. 9 display a similar trend to
those in Fig. 7, indicating that when X and 6 are
accurately predicted, the calculated PCPs also exhibit
high precision such as in scenarios 2, 4, 7, and 8.
However, in cases where the predictions of X and 6 were
less accurate such as in scenarios 1, 3, 5, and 6, applying
the empirical equations for p, RI, and x, along with the
mechanistic model for pH, led to lower R? values and
greater discrepancies in the parity plots.

3.5.2 Model’s size analysis

Various training set sizes were tested for the FFNN
model, and the corresponding MSE values were
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compared. The lowest MSE was observed when 80% of
the total data was used for training (MSE = 0.00020251).
Therefore, all scenarios were trained using this 80%
training data configuration. Figure 10(a) illustrates the
MSE values for different training set sizes.

3.5.3 Model’s complexity analysis

Figure 10(b) illustrates the MSE values for various model
architectures, examining the effect of different numbers
of hidden layers and neurons per layer. The architecture
[10, 5], consisting of two hidden layers with 10 and 5
neurons, achieved the lowest MSE value of 0.0004.
Consequently, this architecture was used for training all
models.
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3.5.4 Model’s robustness analysis

The robustness of the model was assessed using two
methods: LOOCV and k-fold cross validation, and the
results are presented here.

3.54.1 LOOCYV method

The results of the robustness analysis using the LOOCV
method indicate that the model demonstrates high
reliability. The R? values obtained for the parity plots are
0.9969 for 6 and 0.9999 for X, which reflect a strong
correlation between the predicted and experimental
values as demonstrated in Figs. 11(a) and 11(b). This
suggests that the model is effectively capturing the
underlying relationships in the data. Moreover, the
normalized values for 6§ and X across different data
subsets remain closely aligned with the zero-point line,
indicating minimal scatter as is shown in Figs. 11(c) and
11(d). This consistency further reinforces the robustness
of the model, as it shows that predictions are stable and

reliable across various data conditions. Overall, these
findings confirm that the model can be confidently
utilized for predicting € and X in diverse scenarios.

3.5.4.2 k-fold cross validation method

The results from the k-fold cross-validation demonstrate
the robustness of the model, as evidenced by the
normalized values for both 8 and X in Figs. 11(e) and
11(f). In the generated plots, most of the normalized
predictions cluster closely around the zero-point line,
indicating that the model consistently produces results
that are in line with the average predictions across all
folds. Although some points exhibit slight discrepancies,
these variations are minimal and do not detract from the
overall accuracy of the model. This consistent
performance across different subsets of the data
highlights the model’s ability to generalize well,
reinforcing its reliability and robustness in predicting 6
and X values across varying conditions as previously
confirmed using the LOOCV method too. The observed



Abolhasan Ameri. Neural network model and equations for calculation of K,CO; solution 23

Parity plot, @

R =0.9969

0.8

Predicted 0
=

=
'S

S
(%]

& Model data
- - --Line of equality

e

0 0.1 02 03 04 05 0.6 07 08 09 1.0
Experimental &

Normalized X values vs. reduced model number

"0 50 100 150 200 250 300 350 400 450
Reduced model number

Normalized X values for each fold vs. fold number
(©) 0.06

Normalized X value

Fold number

Parity plot, X
(b) 35
R*=10.9999
30 e ]
25 p
= "l
g 20 3 =
B e
Bls &
i - -
10 s
s5¢” & Model data
- -~ Line of equality
0 i . z z
5 10 15 20 25 30
Experimental X
@ 18 Normalized @ values vs. reduced model number
=
g
L]
=
s
=
£
=]
z
E 0 50 100 150 200 250 300 350 400 450
Reduced model number
& & Normalized # values for each fold vs. fold number
8
7
26
o
< 5
34
q 3
2 2
1
0
=1

I 2 3 4 5 6 7 8 9 10
Fold number
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normalized (e) @ and (f) X values across different fold numbers for assessment of the model’s robustness using the k-fold cross

validation method.

stability across folds suggests that the model is well-
equipped to handle new, unseen data, further validating
its effectiveness for practical applications.

4 Conclusions

The present study has successfully elucidated the
relationships between key PCPs of K,CO, solutions,

namely p, Rl, x, and pH, as influenced by 7, m, and 6.
Through a systematic investigation, empirical models
have been developed and validated, demonstrating a high
degree of accuracy when compared with experimental
data.

Our findings show that p increases with X and
decreases with rising 7. The model accurately reflects
these variations. The RI increases with higher m and
decreases with rising 7, while 6 has less influence. The
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model reliably captures these trends. x increases with X
and 7, while it decreases with higher 6 due to the shift
from more mobile carbonate ions to less mobile
bicarbonate ions. These trends are captured by the model.
pH decreases with increasing 6 and 7. The model showed
limitations due to its ideal solution assumptions,
suggesting that future improvements should focus on
refining reaction kinetics for real solutions.

The integration of a FFNN enabled highly accurate
predictions of X and loading. Eight input scenarios were
tested, with the best performance achieved using PCPs
combined with FTIR or UV-Vis spectra at all T values.
Acceptable results were also obtained using only PCPs.
High R? values were achieved when substituting pH with
FTIR and UV-Vis data, but predictions were less accurate
using only FTIR or UV-Vis at 20 °C. Overall, combining
physical and chemical property data with spectroscopic
techniques significantly improved prediction accuracy,
validating the model’s effectiveness.

In conclusion, this research not only provides a
comprehensive understanding of the PCPs of K,CO,
solutions but also establishes a framework for future
studies. The findings hold significant implications for
carbon capture technologies and related fields, as
understanding the interactions within these solutions is
crucial for optimizing processes aimed at mitigating CO,
emissions. Continued exploration of these relationships
will be wvital as we strive for advancements in
environmental technologies and sustainable practices.
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