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H I G H L I G H T S

• Propose a new water lean amine sol-
vent for CO2 capture.

• The low regeneration energy of K2Sol
is demonstrated through pilot plant
operation.

• K2Sol presents superior performances
about cyclic capacity and thermal
stability.

• GPBO is used as a new way to opti-
mize operating conditions in pilot-
scale testing.

• K2Sol requires only 65% of regenera-
tion energy of MEA.
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A B S T R A C T

The development of new amine solvents without the major drawbacks of conventional amines is crucial to
industrial applications of CO2 capture. This paper presents a water-lean CO2 capture solvent having a low re-
generation energy and low degradation. The water-lean solvent, K2Sol, is a sterically hindered diamine; because
of the hindered amine site, K2Sol easily forms bicarbonate, resulting in a high absorption capacity. The minimum
solvent regeneration energy is obtained using Gaussian process Bayesian optimization (GPBO) and bench-scale
pilot plant experiments. GPBO finds the optimal solution using the input and output relationship of experiments;
thus, expensive first-principle model construction can be avoided. According to the pilot plant experiment, the
optimal regeneration energies of monoethanolamine (MEA) and K2Sol are 4.3 and 2.8 GJ/t CO2, respectively,
indicating that K2Sol requires only 65% of the regeneration energy of MEA. Fewer than 30 experiments are
required to find the optimal pilot plant operation for both the MEA and K2Sol experiments. We also describe the
superior properties of K2Sol in terms of the CO2 loading, cyclic capacity, regeneration temperature, and de-
gradation.
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1. Introduction

Aqueous amine-based post-combustion CO2 capture processes are
known to be one of the most feasible technologies and are considered to
be a promising option to meet the Paris Agreement to limit the global
temperature increase to below 2 °C [1]. The amine absorption method
can be applied to large CO2 emitting sources by retrofitting existing
facilities, and its technological maturity has been demonstrated in
many industrial projects. Most of the industrial-applicable CO2 reactive
amine solvents contain a significant amount of water as a cosolvent,
and a copious amount of water is inefficiently boiled and recondensed
during solvent regeneration [2]. Thus, a high solvent regeneration en-
ergy, solvent evaporation, and solvent degradation are inevitable. As a
result, a power decrease of more than 30% is expected when a CO2

capture process is applied, even when state-of-the-art aqueous amine
CO2 capture technology is used [3].

Solvent development and post-combustion CO2 capture process
optimization are the two main strategies for mitigating the drawbacks
of the aqueous amine-based CO2 capture process. Regarding solvent
development for an aqueous amine-based post-combustion CO2 cap-
ture, a number of amine solvents have been investigated, including
blended amines and sterically hindered amines. These amines can have
higher cyclic capacities, faster reaction rates, and/or lower heats of
absorption, and thus lower regeneration energies and solvent eva-
poration. Water-lean solvents have attracted much attention recently
because they improve the efficiency of solvent regeneration dramati-
cally by lowering the specific heat of the solvent while maintaining
chemical reactivity. Several researchers have developed water-lean
solvents by replacing the water in conventional amine solvents [e.g.,
monoethanolamine (MEA), diethanolamine (DEA), and methyl dietha-
nolamine (MDEA)] with organic cosolvents. Song et al. blended MEA
with ethylene glycol (EG) and polyethylene glycol instead of water, and
the addition of the cosolvents increases the CO2 solubility and capacity
[4]. Guo et al. investigated solvent regeneration energy of MEA or DEA
blended with glycol ethers (2-methoxyethanol (2ME) and 2-ethox-
yethanol (2EE)). They reported the mixtures of MEA and 2ME/2EE
have huge potential to reduce reboiler heat duty as they shows 55%
reduction in solvent regeneration energy in lab scale experiments [5].
Similar studies have been performed, for example, on triethanolamine
in alcohol [6], DEA in EG [7], and MDEA in methanol [8]. Im et al. also
developed sterically hindered amine blends in EG or methanol [9].
These solvents form ammonium alkyl carbonate zwitterion, which can
be regenerated at lower temperature than MEA. Note that the organic
cosolvents in these studies can act as better CO2 carriers with a higher
solvation effect. However, the high volatility of the cosolvent is an
obstacle to industrial application. Mixture of ionic liquids with con-
ventional solvents (i.e., MEA and MDEA) have also drawn attention as
CO2 capture solvent as they show high absorption capacity, moderate
viscosity, and low vapor pressure [10]. However, these solvents have
been tested only in lab scale experiment and their high cost can be a
potential obstacle for industrial application. Recently, several biphasic
absorbent solvent developed having low regeneration energy Wang
et al. introduced MEA/1-propanol aqueous absorbent and the total re-
generation energy were reduced by 39.85% [11]. Shen et al. compared
mixture often primary/secondary amines with eight tertiary amines for
biphasic solvent and discovered latent heat increases with the tertiary
amine’s hydrophobicity [12]. A comprehensive review for phase change
solvent is available in Zhang et al. [13].

Blasucci et al. introduced reversible ionic liquids as CO2 binding
organic liquids [14]. These amines bind CO2 through the standard
carbamate formation mechanism, forming ionic liquids. Reversible
ionic liquids have excellent CO2 capture capacity and a low regenera-
tion temperature, but they exhibit high viscosity during regeneration.
Heldebrant et al. developed low-volatility diamines, which can also be
used as reversible ionic liquids [15]. The use of diamines makes it
possible to form zwitterionic carbamate, greatly improving the CO2

uptake capacity compared with ones proposed by Blasucci et al. Hel-
debrant et al. first introduced alkylcarbonate-derived switchable ionic
liquids called CO2-Binding Organic Liquids (CO2BOLs) [16]. Although
CO2BOLs have reasonably low solvent regeneration energies, they are
not practical for industrial application because of the evaporation losses
caused by high vapor pressure. Lail et al. recently introduced and tested
reversible ionic liquids known as nonaqueous solvents (NASs) [17].
NASs are carbamate-forming amines having low vapor pressure, low
foaming, and reduced water accumulation. NASs also have a low re-
generation energy and temperature while maintaining very low visc-
osities (2.5–38 cP) throughout the operating range. The viscosities of
NASs, in fact, are an order of magnitude lower than those of other re-
versible ionic liquid solvents. A comprehensive review of water-lean
amine solvents for CO2 capture is available in Heldebrant et al. [2].

Optimization of post-combustion CO2 capture processes is an ef-
fective strategy for lowering the solvent regeneration energy and also
for finding the optimal operating conditions, solvent concentration, and
process configuration. Because the optimal operating conditions of
different solvents for minimizing the solvent regeneration energy can
differ significantly, it is necessary to compare the solvent performance
under each optimal condition for consistent argument. Mores et al.
developed a detailed mathematical model of a CO2 capture process and
validated the results using published experimental data [18]. They
minimized the capital and operating cost for different CO2 removal
targets and proposed a set of optimal conditions [19]. Rodriguez et al.
studied the optimization of a CO2 capture process using DEA and MDEA
mixtures [20]. They presented the minimum total annual cost ac-
cording to the MDEA concentration in the blended amine. Damartzis
et al. used a superstructure model to evaluate combinations of amine
solvents and alternative process configurations [21]. They presented
the optimal values of process design parameters such as the column
stages, column pressure, amine flow rate, and reboiler temperature
using solvent-configuration combinations. Oh et al. also applied su-
perstructure optimization method to find the optimal process design
and they insist the flue gas splitting shows a significant reduction of
energy consumption [22]. Lee et al. also performed superstructure
optimization to retrofit an existing post-combustion capture pilot plant
[23]. They employed exergy analysis to reduce the number of config-
urations used in the optimization. They proposed the optimal process
configuration by minimizing the thermal energy requirements.

The optimization in these studies requires a process model de-
scribing the chemical and physical behavior of the underlying process.
For consistent comparison across various solvent regeneration energies,
a rigorous process model should be developed for each solvent to obtain
the optimal operating conditions, but model development has en-
ormous energy and cost requirements. Although this type of model
evaluation is generally less costly than experiments, building a process
model can be very expensive because the physicochemical properties
should be included in the process model (e.g., the kinetics of absorp-
tion, phase equilibrium between CO2, CO2 solubility, and mass
transfer). Therefore, numerous experiments are generally conducted a
priori to develop the process model.

To avoid difficulties of the model construction, several studies re-
ported finding the optimal operating condition using a black-box-
model-based (model-free) approach. Process optimization of a pilot
plant can be converted into the mathematical problem of finding the
optimal solution of “black-box function”. When the underlying black-
box function is pilot plant operation, evaluation of the black-box model
is economically very expensive and generally time consuming; thus,
minimal function evaluation is desirable. In a related study,
Mangalapally et al. evaluated four new solvents and compared them to
MEA in a pilot plant [24]. They performed experimental studies with
varying the solvent and flue gas flow rates. The optimal solvent flow
rate for each solvent was obtained using a sensitivity analysis, which
reveals the effect of the operating parameters on the process output
even though the physical and chemical properties are not fully
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specified. They also proposed the most promising solvent. However, the
number of experiments increases exponentially as decision variables are
added, and the minimum point obtained from sensitivity analysis does
not guarantee the optimal solution. Several studies of CO2 capture
process optimization have been conducted using a machine-learning
technique based on the response surface model (RSM) to train the
black-box function [25]. However, the reported methodologies are
considered to be unsuitable for this system, because at least 100–2000
function evaluations are needed to find an optimal point. Sequential
design of experiments (SDOE) and the framework for optimization,
quantification of uncertainty and surrogates (FOQUS), which makes the
test runs maximally informative, were applied recently to the National
Carbon Capture Center (NCCC) pilot plant test campaigns in Wilson-
ville, AL, USA [26]. The output responses were estimated using the
surrogate model, and the model parameters were updated using Baye-
sian inference.

Gaussian process Bayesian optimization (GPBO) can solve black-box
optimization problems by expensive objective function evaluation
through a sequential decision theory [27]. This method extracts in-
formation from given data and infers a posterior distribution to de-
termine the search point for the next function evaluation or experiment.
The criterion for finding the search point can be the greatest informa-
tion generation or the optimal function value. In addition, GPBO can
robustly optimize the black-box function considering the uncertainty,
which usually exists in experiments and/or in functions. GPBO has been
actively applied in areas such as drug design and robotics [27]. Because
of these properties, model-free design of experiments for consistent
solvent comparison with an actual CO2 capture pilot plant within the
minimum number of experiments is possible. By using the proposed
optimization methodology, CO2 capture process developers can avoid
the modeling steps of identifying the solvent properties and overall
process; consequently, rapid demonstration of new solvents under op-
timized operating conditions is now possible.

To advance practical applications, new amine solvent development
and optimization of the CO2 capture process using the new solvents
should proceed simultaneously. Here, we present a new sterically hin-
dered water-lean diamine solvent, K2Sol, and systematically optimize
its operating conditions using a machine-learning-based optimization

technology for the evaluation of its superiority. The proposed amine
solvent has high cyclic capacity, a low regeneration energy, and low
degradation; thus, the CO2 capture cost from flue gas can be sig-
nificantly lowered. Bench-scale pilot experiments are conducted with
both K2Sol and 30wt% MEA in water to quantitatively assess the new
solvent. The optimal operating conditions for each solvent are found
using machine-learning-based black-box optimization (i.e., GPBO).
GPBO builds a probabilistic surrogate model and also optimizes it. The
additional computational effort of optimization minimizes the number
of experiments needed; thus, expensive surrogate model training can be
avoided. The remainder of the paper is organized as follows. In Section
2, the solvent preparation and experimental setup are described. In
Section 3, we present the optimization method and its validation. In
Section 4, the experimental results for the new solvent and optimization
methodology are reported. Subsequently, in Section 5, the conclusion is
presented.

2. Experimental setup

2.1. Solvent preparation

MEA was obtained from Green Chemicals Co. (Korea) and used as
received. Diamine, 1,1’-[(1-methyl-1,2-ethanediyl) bis(oxy)]bis[2-pro-
panamine] (DA) was obtained from Huntsman (USA). K2Sol was pre-
pared by dissolving a mixture of 60 wt% DA and 40wt% water. All
other chemicals used for the synthesis of diamines were purchased from
Aldrich Chemical Co., Ltd. (USA). Carbon dioxide (CO2) (purity, 99.9%)
and nitrogen (purity, 99.9%) were obtained from Shin Yang Gas Co.
(Korea). 13C NMR spectra were recorded on a 400MHz Bruker NMR
spectrometer.

The thermal stability of K2Sol (60 wt% DA) and 30wt% MEA was
investigated using a specially designed tube-type bomb reactor in an
oven maintained at 120 °C. To accelerate the possible decomposition,
the stability test was conducted with fully CO2-saturated K2Sol for
7 days. Decomposition of MEA and K2Sol was analyzed by 1H NMR
spectroscopy and gas chromatography.

Fig. 1. Bench-scale pilot plant for CO2 capture.
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2.2. Process description

We conducted an experimental study to quantitatively compare the
solvent regeneration energy of 30 wt% MEA and K2Sol. A picture of the
pilot plant is shown Fig. 1. Fig. 2 illustrates the experimental setup used
in this study. The pilot plant consists mainly of an absorber (C02),
stripper (C03) column, and amine heat exchanger (H01). The amine
solvent comes into contact with the synthesized flue gas and selectively
absorbs CO2. The CO2-lean gas is vented to the top of the absorber. The
CO2-rich solvent from the absorber is then sent to the stripper through
the residual heat-recovering heat exchanger (HX01) and thermally re-
generated in the stripper. The hot CO2-lean solvent is cooled in HX1 and
sent back to the absorber to complete the cycle. Sulzer structured
packing (Sulzer BX) is deployed in both the absorber and the stripper to
obtain a larger vapor/liquid contact area. Process equipment details are
provided in the supplementary material. Note that the temperature of
the synthesized flue gas, lean amine solvent, and stripper top is adjusted
in C01, CW01, and CW02, respectively, using circulators.

The liquid-to-gas (L/G) ratio and stripper pressure are chosen as
process variables for process optimization. The flue gas flow rate is
fixed at 1.2 m3/h; thus, the L/G ratio can be adjusted by changing the
circulating amine flow rate. The liquid flow rate is controlled using a
Siemens gear pump (P01). The stripper column pressure is adjusted
using a back-pressure regulator (BPR). We measure the temperature of
the columns, vent gas CO2 concentration, and gas volume flow rate of
the absorber and stripper. Thermocouples are located at 200mm in-
tervals starting at the top of the column to check the temperature
profile of the absorber; seven are located in the stripper, and one of
them measures the reboiler temperature. The vent gas concentration is
measured using an Optima 7 CO2 gas probe. The gas volume flow is
measured using a Yokogawa wet gas meter. The amine concentration in
the CO2 absorbent is analyzed by gas chromatography (6890N,
Agilent). The gas chromatograph is equipped with an RTX Amine ca-
pillary column (30m, 0.25mm, 1.0mm, Restek) and a thermal con-
ductivity detector with helium as the carrier gas. Quantitative analysis
is performed using pyrazine as an internal standard, and the mass
fraction is calibrated. The CO2 loading was determined by a total or-
ganic carbon analyzer (TOC, Shimadzu) using an inorganic carbon

detector. For confirmation, the 1H and 13C NMR (Brucker) chemical
shift difference was calibrated and used. To ensure steady-state opera-
tion, we completely circulated the amine solvent at least five times and
checked the change in the temperature profile and CO2 concentration of
the absorber and stripper. Once the system reached the steady state, we
sampled the lean and rich amine solvents and analyzed their con-
centration and CO2 loading. Note that the MEA and K2Sol operations
ran for 130 and 180 h, respectively (see Table 1).

3. Optimization methodology

Optimization of the water-lean solvent process is a complicated
task, not only because the system is highly nonlinear and nonconvex,
but also because the parameters required for building the first-principle
model are missing. Here, we use Bayesian optimization to optimize the
expensive black-box function “pilot plant experiment.” Because our
surrogate model should be in continuous spaces, Gaussian processes are
used to model the unknown function. Bayesian optimization also builds
surrogate models using input and output data, and the additional
computation for constructing the surrogate models minimizes the
number of evaluations needed to find the optimal solution.

Optimization of the water-lean solvent CO2 capture process can be
formulated as a nonlinear programming problem, minf x( ), where x is a
vector consisting of two continuous variables (i.e., the gas-to-liquid
ratio and stripper pressure). For the function f x( ) representing the CO2

Fig. 2. Process flow diagram of the bench-scale pilot plant for CO2 capture.

Table 1
Operating conditions of the bench-scale pilot plant for CO2

capture.

Parameter Data

Feed gas flow rate [Nm3/h] 1.2
Feed gas composition [%]

CO2 15
N2 65
Air 20

L/G ratio [L/Nm3] 2.5–7
Stripper pressure [bar] 1–3
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capture process on a domain χ , the goal is to find the minimizer of f x( ):

=∗

∈ ⊂

x argmin f x( )
x χ 2 (1)

where we assume that the experimental system is a black-box model
that can provide as an output the solvent regeneration energy. Thus, the
optimizer of the problem can be obtained sequentially as we perform
experiments by using information from the previous data. In this study,
the Thompson sampling efficient multiobjective optimization (TSEMO)
algorithm proposed by Bradford et al. is modified for the CO2 capture
experiment [28]. The methodology and validation are described in
detail in Sections 3.1 and 3.2.

3.1. Gaussian process Bayesian optimization

The surrogate model describing the CO2 capture process is built
using a Gaussian process model. The Gaussian process model can pro-
vide the distribution of unknown points using a mean function and a
covariance function. The regeneration energy of the CO2 capture
system, y, is then described by Eq. (2).

∼ ′y GP m x k x x( ( ), ( , )) (2)

The mean function of Eq. (2) is set to zero to simplify the calcula-
tion. The prior is then specified by a positive semidefinite kernel
function, ′k x x( , ). Here, we use the stationary Matérn 3 kernel,

′ = + − + ′=k x x σ r r σ δ x x( , ) (1 3 )exp( 3 ) ( , )v f n3
2 2

(3)

where σf and σn represent the variance of the output and the noise of the
observation, respectively. The Euclidean distance, r, can be calculated
using Eq. (4).

= − ′ − ′r x x λ x x( ) ( )T (4)

�= ∼w σ σ λ w μ σ[ , , ], ( , ).f n i i i
2 (5)

Note that we introduce a scaling variable λ for the input length
scale; thus, the covariance function is calculated on the anisotropic
length scale [28]. Eq. (2) can be fully specified once the parameters
σ σ,f n, and λ are determined. We assume that these parameters have
independent Gaussian distributions. The prior distribution expressed by
Eq. (2) describes the properties of the underlying function (i.e., the CO2

capture process), but it does not reflect observations from the CO2

capture experiment. The inference of the prior on the posterior dis-
tribution over parameter w can be calculated using Bayes rule.

∝ ×p w data p data w p w( | ) ( | ) ( ) (6)

The appropriate value of w is estimated using the MAP estimate. By
taking the log of the right-hand side of Eq. (6), the optimization pro-
blem for finding the parameters can be formulated as follows.

=w argmin log MAP w( )MAP
w (7)

The optimization problem of Eq. (7) is solved using the DIviding
hyper-RECTangles (DIRECT) algorithm [29]. We used 100 evaluations
as the DIRECT algorithm termination criterion. More detailed ex-
planations of the derivation of the MAP estimate and equations are
available in Bradford et al. [28]. The predictive output distribution of
the CO2 capture process is given from a training data set of n points

= …X x x{ , , }n1 and the corresponding observation set = …Y y y{ , , }n1

∼ ′f x GP m x k x x X Y( ) ( ( ), ( , )| , ) (8)

with

∑ ∑=
−

m x X Y x X y( )| , ( , )
1

(9)

∑ ∑ ∑′ = ′ −
−

k x x X Y k x x x X x X( , )| , ( , ) ( , ) ( , )T
1

(10)

where ∑ = ×k x x[ ( , )]i j n n, and ∑ = …x X k x x k x x( , ) [ ( , ), , ( , )]n1 .
The goal of this study is to find an optimal operating condition of

the CO2 capture process ∗x with a posterior distribution of ∗p x X Y( | , ).
The conditional distribution of the optimal operating condition is ap-
proximated using Thompson sampling [30].

= =∗ ∗

∈
p x X Y p f x min f x X Y( | , ) ( ( ) ( )| , )

x χ (11)

The distribution of the optimizer can be approximated using the
spectral sampling method proposed by Bradford et al. [28]. In their
formulation, the covariance function ′k x x( , ) can be approximated by
the following inner product:

′ ≈k x x ξ x ξ x( , ) ( ) ( )T (12)

where = +ξ x α M cos Wx b( ) 2 / ( ). M represents the number of Monte
Carlo samples, and W is sampled from p w( ), which is proportional to
the Fourier dual of the stationary Kernel function, Eq. (3). Similarly, b is
also sampled from � π(0, 2 ). We draw 2000 Monte Carlo samples for
probability matching. The approximated kernel function, Eq. (12), al-
lows us to express the Gaussian process prior using a linear model,
where θ is also a Gaussian distribution.

=f x ξ x θ( ) ( )T (13)

Eq. (13) then approximates the Gaussian posterior distribution with
the following mean function, m, and covariance function, V [31].

= +

= +

−

−

m Z Z σ I Z y
V Z Z σ I σ

( )
( )

T
n

T

T
n n

2 1

2 1 2 (14)

where =Z ξ x[ ] ( )i i is made up of stacked random vectors of ξ evaluated
at the inputs of the data. Therefore, the approximated posterior f x( ) in
Eq. (11) in the ith experiment is given by =f x ξ x θ( ) ( )i i

T
i, where

�∼θ m V( , )i i i . The constructed acquisition function is optimized using
a genetic algorithm [32]. We use a maximum of 100 generations and a
maximum population size of 150. The optimization terminates at either
a function tolerance of −10 6 or 10 consecutive stall generations.

3.2. Performance test of optimization method

Although GPBO has been applied to many science and engineering
problems, it has rarely been used in chemical process optimization. To
validate the performance of the algorithm, we optimize a process model
using GPBO and a genetic algorithm. The performance of the algorithm
is evaluated in terms of model evaluation and the objective function
value. We used Aspen Plus V10 to build a rate-based aqueous MEA CO2

capture process model based on experimental data. The rigorous rate-
based reactive distillation model can precisely describe the mass
transfer and reactions within the absorber and stripper. The phase
equilibrium is calculated using the electrolyte nonrandom two-liquid
(e-NRTL); thus, a rigorous flash calculation is performed for each unit
operation. The process model and Aspen input file are described in
detail in the supplementary material. The objective function of the
process model optimization can be written as

+

< <

< <

g P f γa P f
P

f

minimize ( , ̇ ) ( , ̇ )
1 3

2 ̇ 6

sol sol

sol

2

(15)

where g (·) represents the regeneration energy of the solvent, P is the
operation pressure of the stripper, and fṡol is the absorber bottom pump
flow rate of the solvent. γ and a P f( , ̇ )sol are penalty parameter (107) and
penalty function which checks the convergence of simulation. De-
pending on whether the process simulation converges without error,
objective function assigns zero or a large positive value as a P f( , ̇ )sol .
Because P and fṡol are independent, and g (·) is a nonlinear function
calculated by the process simulator model, the problem is an un-
constrained, bounded, and nonlinear optimization problem. Note that
Eq. (15) has tighter bounds than that of the experiment because the
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optimum operating condition for MEA is well identified in many lit-
eratures.

Table 2 shows that the genetic algorithm and GPBO have similar
objective function values. In fact, the same L/G ratio is obtained from
both optimizations, where the optimal pressure differs by 4%. Note that
the objective function value from GPBO is even lower than that from
the genetic algorithm. The function evaluation of the proposed algo-
rithm is less than 2% of that of the genetic algorithm. The acquisition
function constructed using Eq. (14) reflects the underlying CO2 capture
process well around the optimizer; thus, expensive function evaluation
can be minimized. Further, the genetic algorithm randomly evaluates a
large number of populations to select promising offspring. The solutions
of both optimizations do not guarantee the global optima. However, the
results in Table 2 indicate that the proposed algorithm can obtain a
near-optimal solution with a relatively small amount of evaluation, thus
possibly reducing the number of experiments when it is applied to find
the optimal operating conditions for the real process.

4. Results and discussion

4.1. Comparison of MEA and K2Sol in lab-scale experiments

To avoid the drawbacks arising from the use of aqueous alkanola-
mines, K2Sol was designed by employing a diamine (DA) with two
hindered primary amino groups. We expected that introducing a
moderate hindrance around the primary amino group would facilitate
regeneration while affording a high CO2 absorption rate. Like other
primary amines, including MEA, as shown in Fig. 3, DA would react
rapidly with CO2, forming zwitterionic carbamate species I. Upon fur-
ther absorption of CO2, the carbamate species can be transformed into
bicarbonate species (II) in the presence of water.

The formation of the carbonation species I and II were supported by
13C NMR experiments. As shown in Fig. 4, the carbonyl peak assignable
to the zwitterionic carbamate species, I, appeared at 163.7 ppm almost
exclusively during the early stage of absorption. As absorption pro-
ceeded, the carbonyl peak corresponding to the bicarbonate species, II,
started to grow at 161.4 ppm. Interestingly, the carbonyl peak asso-
ciated with I was shifted slightly upfield compared with that of MEA (δ
= 164.5 ppm), suggesting that desorption of CO2 would be easier from
I than from the carbamate species of MEA. Although desorption of CO2

from II is expected to occur more slowly than that from the bicarbonate

species of 2-amino-2-methyl-1-propanol (AMP), the co-presence of bi-
carbonate species along with carbamate species would be highly ben-
eficial for enhancing the CO2 absorption capacity to 1mol CO2/mol DA
and for reducing the regeneration energy. One interesting feature of
K2Sol is that it contains much smaller amounts of water than conven-
tional alkanolamine-based solvents; thus, the energy consumed by the
latent and specific heats of water could be reduced, at least to some
extent.

To test the recyclability of K2Sol, CO2 (0.1MPa) was introduced into
a closed cell absorber containing K2Sol at 40 °C and then desorbed at
105 °C under N2 flow. As shown in Fig. 5, the recycle experiments with
K2Sol clearly demonstrated that the absorbed CO2 can be almost com-
pletely desorbed, allowing the K2Sol to be recycled without appreciable
loss of the initial performance. A cyclic capacity of 124.4 g CO2/kg
K2Sol (0.9 mol CO2/mol DA) was maintained constantly up to five cy-
cles. For comparison, absorption/desorption experiments were also
conducted with 30wt% MEA under the same experimental conditions.
Unlike the case of K2Sol, desorption of CO2 from the CO2-loaded 30 wt
% MEA was far from completion at 105 °C. The CO2 absorption capacity
was found to decrease by 30.8% after the first cycle and decreased
further by 2.4% after 5 cycles. The cyclic capacity of 30 wt% MEA was
measured as 87.6 g CO2/kg 30wt% MEA (0.4mol CO2/mol MEA),
which is approximately 70% of that achieved using K2Sol. These results
strongly suggest that K2Sol can be more easily regenerated, leading to
reduced energy consumption in the stripper. Moreover, the absorption
rate can be calculated from Fig. 5. The initial absorption rates are 25 g
CO2/kg solvent·min for 30 wt% MEA and 30 g CO2/kg solvent·min for
K2Sol. K2Sol is slightly faster than MEA solvent. For CO2 capture, the
absorption rate is an important factor for choosing the size of the ab-
sorber and flow rate of the absorbents.

Degradation of the solvents is also an obstacle for practical appli-
cation of amine-based solvents. For this reason, we conducted de-
gradation experiments at 120 °C for 2, 7, and 14 days. Before the de-
composition tests, 30 g of K2Sol was fully saturated with CO2 (124 g
CO2/kg K2Sol) at room temperature. The CO2-saturated K2Sol solvent
was divided into three portions, and each portion was charged into a
specially designed tube reactor (see the supplementary material). The
tube reactors were stored in an oven maintained at 120 °C for 2, 7, and
14 days, respectively. As shown in Fig. 6, NMR analysis of the CO2-
saturated K2Sol samples after degradation shows that no noticeable
decomposition occurred, clearly demonstrating that K2Sol is thermally
stable at 120 °C for at least 14 days. In contrast, degradation of MEA
was evident from the 1H NMR spectra taken after 5, 7, and 14 days.
Unknown peaks associated with the degradation of MEA were clearly
observed in the range 3.0–3.2 ppm (see Fig. 7).

4.2. Comparison of MEA and K2Sol under pilot-scale experimental
optimization

Fig. 8 shows the convergence results of optimization during ex-
periments. For both MEA and K2Sol, the optimal conditions were found

Table 2
Optimization result of Aspen Plus MEA CO2 capture model using a genetic al-
gorithm and GPBO proposed in this study.

Genetic algorithm This study

L/G [L/Nm3] 4.3 4.3
Pressure [bar] 1.31 1.26
Regen. energy [GJ/t CO2] 3.96 3.92
# function evaluation 1500 20

Fig. 3. Formation of carbamate and bicarbonate species from the interaction of K2Sol with CO2.
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with relatively few pilot plant evaluations. We terminated the K2Sol
experiment at the end of the 28th experiment and the MEA experiment
after 21 tests. Note that GPBO is terminated when the same points are
consecutively recommended three time by the algorithm. In the case of
MEA, the regeneration energy of optimization result is relatively higher
than that reported in other literature. Because of the relatively small
size of the pilot plant, the regeneration energy is more sensitive to the

heat loss of the entire equipment than other studies. This effect caused
relatively high regeneration energy, but we decided that the results
were close to the near optima in the light of several research case and
operational experience.

We measured the mass balance of the pilot plant using two different
criteria to verify that operation reached the steady state. Once the
temperature profile of the pilot plant reached a steady value, we first

Fig. 4. 13C NMR spectra of 30wt% MEA at 0.5 mol CO2/mol MEA and K2Sol at different CO2 loadings: (a) 0.5 mol CO2/mol MEA, (b) 0.23 mol CO2/mol K2Sol, (c)
0.82 mol CO2/mol K2Sol.

Fig. 5. CO2 absorption/desorption cycles of K2Sol
( ) and 30wt% MEA (■). In each cycle, CO2 is
absorbed at 40 °C and 0.1MPa, and desorbed at
1.05 °C.
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measured the CO2 concentration at the absorber gas outlet and calcu-
lated the CO2 capture rate. Then, we also measured the CO2 flow rate
from the stripper and balanced it with the gas flow rate from the ab-
sorber. Fig. 9 describes the deviation of the regenerated CO2 flow rate
measured by these two methods. As indicated in the figure, most of the
deviation between the two measurements lies within ± 5%. The initial
four tests differed by more than − 5%. However, GPBO can still find the
optimal operation conditions for K2Sol operation because it accounts
for the noise of the observations, which is minimized as the number of

experiments increases.
Table 3 compares the regeneration energies of 30 wt% MEA and

K2Sol under the optimal operating conditions. The heat and material
balance are presented in a table in the supplementary material. The
minimum regeneration energy of K2Sol is 2.8 GJ/t CO2, which is 65% of
that of MEA. The optimal operating condition appears at atmospheric
pressure and an L/G ratio of 5.67 L/Nm3. The measured rich and lean
loadings of K2Sol are 124.69 and 77.64 g CO2/kg K2Sol under the op-
timal operating condition. The higher working capacity of K2Sol can be

Fig. 6. 1H NMR spectra of CO2-saturated K2Sol before and after degradation experiment at 120 °C: (a) CO2-saturated, (b) after 2 days at 120 °C, (c) after 7 days at
120 °C, (d) after 14 days at 120 °C.

Fig. 7. 1H NMR spectra of CO2-saturated MEA before and after degradation experiment at 120 °C: (a) CO2-saturated 30wt% MEA, (b) after 5 days at 120 °C, (c) after
7 days at 120 °C, (d) after 14 days at 120 °C.
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ascribed largely to the unique property of the DA contained in the
solvent. As stated above, DA, the major component of K2Sol, is a dia-
mine with two primary amino groups per molecule. For this reason, DA
can interact with CO2 relatively quickly, forming a 1:1 CO2 adduct, the

zwitterionic carbamate species, as shown in Fig. 3. Moreover, the amino
groups of DA are moderately hindered; thus, the stability of the re-
sulting CO2 adduct of DA is slightly lowered, facilitating regeneration of
DA from its CO2 adduct. The heat of CO2 absorption in an amine-based
solvent generally decreases with increasing CO2 loading in the solvent.
Therefore, it is desirable to use a solvent with higher CO2 absorption
capacity. In this context, K2Sol can be considered a promising alter-
native to conventional alkanolamine-based solvents because it is pre-
pared using a moderately hindered primary diamine with a high ab-
sorption rate and capacity as well as easy regenerability.

Fig. 10 compares the temperature profiles in the 30 wt% MEA and
K2Sol experiments. The absorber temperature profile in Fig. 10a shows
that the CO2 absorption is not maximized for K2Sol within the column,
although K2Sol has quite a low regeneration energy, whereas 30 wt%
MEA exhibits a typical absorption temperature profile. The location of
the bulge indicates the column availability for solvent absorption of
CO2 [33]. The temperature at the bottom of the column should be si-
milar to the gas inlet temperature when the column height is sufficient.
The column bottom temperature for 30 wt% MEA operation is close to
the gas inlet temperature, indicating an adequate absorber size. How-
ever, the bottom temperature for K2Sol operation is 10 °C higher than
that of 30 wt% MEA. In addition, the uniform temperature for each
column height shows that K2Sol uptakes CO2 uniformly along most of
the packing height. The result suggests slower CO2 mass transfer in
K2Sol, thus more CO2 can be absorbed when a sufficiently large ab-
sorber was used in these experiments. If the absorber tower is optimally
designed for K2Sol, the optimum regeneration energy can become lower
than our result because the absorption capacity is maximized.

Fig. 10b shows the temperature profile for 30 wt% MEA and K2Sol
in the stripper. The reboiler temperature of K2Sol is 93 °C, which is 20
°C lower than that of 30 wt% MEA. The lower reboiler temperature
means that the partial pressure of water in the stripper is lower than
that in 30 wt% MEA operation. The regeneration energy is the sum of
the heat of desorption, sensible heat, and heat of vaporization. The heat
of vaporization is expressed as [34,35]

=q H
p
p

Δ ·v v,H O
H O

CO
2

2

2 (16)

where HΔ v,H O2 is the enthalpy of H2O vaporization, and pH O2 and pCO2

Fig. 8. Convergence results of experiments with MEA and K2Sol.

Fig. 9. Difference between CO2 flow rate calculated using the concentration of
the treated gas and the approximate value measured at the stripper.

Table 3
Comparison of optimal results for 30wt% MEA and K2Sol.

30 wt% MEA K2Sol

Regeneration energy 4.3 2.8

(GJ/t g P fCO , ( , ̇ )sol2 )
Pressure 1.29 1
(bar, P)
L/G ratio 4.52 5.67
(L/Nm3, –)
Solvent flow rate 5.42 6.80

(L/h, fṡol)
CO2 regeneration rate 80 80
(%, –)
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are the partial vapor pressures of H2O and CO2, respectively. The low
water partial pressure indicates a lower heat of evaporation and even-
tually leads to a reduction in the regeneration energy. In addition, a
low-grade heat source can be used for solvent regeneration, making the
K2Sol process more economical than that of 30 wt% MEA.

Table 4 compares the regeneration energy obtained in this study
with those in previous studies. Recall, however, that direct comparison
is somewhat difficult because the regeneration energy is known to de-
pend strongly on the plant design. For this reason, the regeneration
energy of K2Sol was compared directly with that of 30 wt% MEA
measured in the same test unit. The relative regeneration energy of
K2Sol with respect to that of MEA is the lowest among the reported
values except for that of NASs by Lail et al. [17], which is 53% of that of
MEA. Although this value is lower than that of our study, their pilot
plant had alternative process configurations, including absorber inter-
cooling and stripper interheating. These process improvements greatly

reduced the regeneration energy [36,37]. The pilot plant used in our
study has no advanced configurations. Applying advanced process
configurations such as stripper interheating can enhance the perfor-
mance of K2Sol. Consequently, K2Sol is expected to be highly compe-
titive commercially for post-combustion CO2 capture.

5. Conclusions

This paper highlighted the evaluation of the novel solvent K2Sol for
post-combustion CO2 capture processes. A bench-scale pilot experiment
was conducted to find the optimal operating conditions with the
minimum regeneration energy. We employed GPBO to avoid the need
for expensive experiments.

The superior performance of K2Sol was analyzed in terms of the
differences in rich amine loading, cyclic capacity, column temperature
profile, and degradation. The results indicate that K2Sol is economical

Fig. 10. Comparison of temperature profiles of MEA (a) and K2Sol (b).

Table 4
Comparison of regeneration energy from different studies.

Source Amine GJ/t CO2 As compared with 30 wt% MEA Remark

Mimura et al. (1997) [38] MEA 30% 3.8
KS-1, KS-2 3.0 79% Hinderd amine

Knudsen et al. (2009) [39] MEA 30% 3.6
Castor 1 3.8 106%
Castor 2 3.5 97%

Ogawa et al. (2009) [40] MEA 30% (sim.) 4.4
AMP (sim.) 3.7 86%
TS-1 2.9 66%

Schneider and Schramm (2011) [41] Siemens AAS 2.7 Amino acid salt
Managalapally and Hasse (2011) [42] MEA 30% 3.8

AMP 28%, PZ 17% 3.0 79%
EDA 32% 3.5 92%

Brúder et al. (2012) [43] DMMEA/MAPA 3M/2M 3.8
Esmaeili and Roozbehani (2014) [44] MEA 30% 3.6 Hindered amine

ACOR100 2.7 75%
Lail et al. (2014) [17] MEA 30% 4.0 Alternative configuration

NASs 2.1 53% (Interheating with absorber intercooling)

This study MEA 30% 4.3
K2Sol 2.8 65% Hindered amine
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more favorable for industrial application. The low regeneration energy,
amine vapor pressure, and reboiler temperature can make the K2Sol
process less costly. In addition, the outstanding resistance to degrada-
tion and low viscosity at each loading indicated that K2Sol has a com-
petitive advantage in industrial application of CO2 capture processes.
The optimal regeneration energy of K2Sol was found to be 2.8 GJ/t CO2

at L/G=5.67 L/Nm3 and operation at atmospheric pressure.
Because the column design and process configuration are not opti-

mized for K2Sol, further efforts are needed to evaluate K2Sol com-
pletely. To design the optimal CO2 capture process for K2Sol, the model
development of the solvent properties is essential. Stochastic techniques
using data from this study or parameter estimations from additional
laboratory-scale experiments will make this possible. An advanced
process design based on a model of the solvent properties will maximize
the performance of K2Sol and further reduce the regeneration energy.
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