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ABSTRACT 
Enhanced weathering (EW) of alkaline minerals in chemical reactors with a controlled environment 
is recognized as a promising approach for gigaton-level carbon dioxide removal. However, reactor 
configuration and operating conditions must be optimized to balance the interfacial areas between 
gas, liquid and solid phases prior to industrial application. We developed a physics-based and 
data-driven hybrid modelling approach, coupled with multi-objective optimization, to study and 
compare three typical chemical reactors, i.e., trickle bed, packed bubbling columns, and stirred 
slurry reactors, and the optimal design to improve CO2 capture rate and reduce energy and water 
consumptions. Then an adaptive optimization is proposed to dynamically adjust the operating of 
the reactors in response to intermittent CO2 emission and renewable energy supply. Results indi-
cated that forced stirring enhances CO2 capture rates by accelerating mass transport but in-
creases energy consumption. Trickle bed reactor achieves the highest capture rate and lowest 
energy and water consumption. The AI-enabled, multi-objective, and adaptive optimization devel-
oped in response to intermittent CO2 and energy supplies shows considerable potential for indus-
trial applications, advancing progress towards achieving SDG #13. 
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1. INTRODUCTION 
Enhanced weathering (EW) of minerals is consid-

ered as a promising method for large-scale sequestering 
atmospheric CO2, with the potential to absorb approxi-
mately a billion tonnes annually [1]. This process primarily 
occurs in specific natural environments where CO2 inter-
acts with water and minerals and converts to bicarbonate 
[2]. Despite its potential, the inherently slow rate of nat-
ural weathering raises critical questions about its capac-
ity to scale up effectively to meet the ambitious goal of 
limiting global warming to 1.5℃ by the end of the century 
[3]. Recent studies have shown that deploying crushed 
minerals in controlled engineering reactors rather than 
natural settings can significantly enhance CO2 capture 
efficiencies [4]. EW has undergone validation through 
various scales of testing, including laboratory experi-
ments, small-scale field trials, and idealized land ecosys-
tem simulations [5]. However, the transition to larger 

operational scales presents substantial challenges, pri-
marily due to the significant resources and energy con-
sumption involved. This includes substantial quantities of 
water, energy for crushing minerals, and the transport 
and circulation of liquid and gas reactants during EW-
based CO2 capture reactions. 

Trickle bed reactors (TBR), packed bubble columns 
(PBC), and stirred slurry reactors (SSR) are three com-
mon types of multi-phase reactors utilized in the chemi-
cal industry. To investigate their potential in EW-based 
CO2 capture, we developed detailed mechanistic models 
that describe the unique mass transport characteristics 
of each reactor type. These models were rigorously vali-
dated using experimental data. Following validation, we 
developed data-driven models employing machine learn-
ing algorithms, which were further enhanced with multi-
variable and multi-objective optimization approaches. 
This methodology allows for the identification of trade-
off solutions between CO2 capture rate, and water and 
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energy consumption. Ultimately, these reactors were in-
tegrated into renewable energy systems with intermit-
tent energy and CO2 supplies. Dynamic adaptive optimi-
zation was conducted, enabling the autonomy of the sys-
tem to respond effectively to fluctuations in energy and 
CO2 availability. This integration facilitates the effective 
model predictive control of CO2 capture systems and of-
fers significant performance enhancement, cost reduc-
tion and environmental benefits. 

2. PHYSICS-BASED MODELLING AND 
MODEL VALIDATION 

Physics-based mechanistic models for the three re-
actor types were developed by integrating reaction ki-
netics with mass transport processes. For CO2(g), the fol-
lowing equation is used to describe the mass balance: 

𝜀𝜀𝐺𝐺
𝜕𝜕
𝜕𝜕𝜕𝜕
𝑐𝑐𝐶𝐶𝑂𝑂2(𝑔𝑔) + 𝛻𝛻 ⋅ (𝑢𝑢𝐺𝐺𝑐𝑐𝐶𝐶𝑂𝑂2(𝑔𝑔)) = −𝑟𝑟𝐺𝐺−𝐿𝐿             (1) 

The mass balance for aqueous species i is described by: 

𝜀𝜀𝐿𝐿
𝜕𝜕
𝜕𝜕𝜕𝜕
𝑐𝑐𝑖𝑖 − 𝜀𝜀𝐿𝐿𝐸𝐸𝐿𝐿𝛻𝛻2𝑐𝑐𝑖𝑖 + 𝑢𝑢𝐿𝐿∇ ⋅ 𝑐𝑐𝑖𝑖 = 𝑟𝑟𝑖𝑖                  (2) 

where 𝜀𝜀𝐺𝐺  and 𝜀𝜀𝐿𝐿  are the gas holdup, 𝑟𝑟𝐺𝐺−𝐿𝐿  and 𝑟𝑟𝑖𝑖   are the 
source terms for gas and aqueous species, 𝑢𝑢𝐺𝐺 and 𝑢𝑢𝐿𝐿 are 
the gas and liquid superficial velocities, 𝑐𝑐 is the concen-
tration, 𝐸𝐸𝐿𝐿 is the dispersion coefficient.  

More details for model development can be found 
elsewhere [4,6-9]. The following assumptions are used: 

 Mineral particles are loaded at the start of the 
operation without further replenishment. 

 Isothermal operations at 20 °C without considering 
the reaction heat. 

 Radial gradients of concentration or velocity are 
omitted. 

 An average particle-shrinking rate was applied to 
all calcite particles, independent of the location 
inside the packed bed. 

 No gas impurities influencing reaction kinetics.  

In each model, a counter-current flow of gas and liq-
uid is applied, allowing the rising CO2-rich gas to make 
thorough contact with the mineral particles and the liquid 
phase within the reactor. At the gas-liquid interface, CO2 
dissolves into the aqueous environment, and at the solid-
liquid interface, chemical reactions occur as mineral par-
ticles dissolve. Consequently, CO2 in the gas phase is 
converted and sequestered as bicarbonates and car-
bonates in the liquid phase, enabling long-term storage. 
As shown in Figure 1, the solid particles in the TBR are 
only partially wetted by the liquid, necessitating a packed 
bed of several meters to ensure sufficiently long resi-
dence times for the reactants to reach equilibrium [4]. 
The PBC contactor provides the three-phase environ-
ment necessary for EW-based CO2 capture, benefiting 

from the stagnant packed bed and controllable volume 
ratios between solid, liquid, and gas, which are expected 
to reduce energy consumption. However, due to the lack 
of agitation, the random kinetics of bubble coalescence 
and breakup could lead to the formation of large bubbles. 
These larger bubbles have a lower surface area-to-vol-
ume ratio, subsequently reducing the gas-liquid interfa-
cial area essential for effective CO2 dissolution into the 
liquid [6]. The SSR also facilitates a three-phase solid-
liquid-gas environment essential for EW reaction. The 
SSR benefits from stirring, which permits the use of 
smaller packing particle sizes and generates smaller bub-
bles, thereby increasing the solid-liquid contact area and 
enhancing mass transfer through improved gas-liquid in-
terfacial area. However, the agitation required in this 
setup consumes more energy [10].  

 
Figure 1. Sketch of (a) TBR, (b) PBC, (c) SSR. 

In summary, there are notable differences in com-
ponent representation across three reactor types. In the 
TBR, the gas phase is continuous, eliminating the need to 
consider bubbles. The liquid forms a thin, discontinuous 
film on the solid particles, resulting in partial wetting and 
a relatively high gas-liquid interface area, with mass 
transfer occurring across this liquid film. In contrast, the 
PBC and SSR feature solid particles fully immersed in the 
liquid phase, with bubbles forming the discontinuous 
phase. The interfacial area in these reactors depends on 
the sizes of the bubbles and particles. Additionally, the 
TBR experiences a lower pressure drop due to less liquid 
filling the void spaces, unlike the PBC and SSR. In the 
PBC, where the volume of liquid typically exceeds that of 
the solid, a two-layer bed usually forms, in which one 
layer at the bottom is a three-phase packed bed, while 
the other layer at the top consists only of gas and liquid 
without solid. Conversely, in the SSR, agitation creates a 
well-mixed three-phase mixture. 

Although the chemical reactions remain consistent 
across the models, the governing equations for mass 
transport vary slightly to accommodate differences in 
fluid dynamics and mass transfer behaviors among the 
different reactors. These variations include the interfacial 
areas of gas-liquid and solid-liquid as well as the mass 
transport coefficients. The specific expressions used for 
calculating these areas and coefficients are summarized 
in Table 1. Other expressions could be found elsewhere 
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[4, 6-9]. 

 
Figure 2. Results of model validation (a) PBC (b) SSR. 

We developed laboratory-scale setups specifically 
designed to meet the unique requirements of various re-
actor types, e.g., a volume of 18 L and an internal diame-
ter of 12 cm. CO2 concentrations ranging from 4% to 20% 
were applied to simulate typical flue gas emissions from 
power plants. We conducted experiments under a range 
of conditions including varying CO2 concentrations, gas 
and liquid flow rates, liquid-to-gas volume ratios, particle 
sizes, and temperatures. Figure 2 illustrates the progres-
sion of CO2 pressure above the liquid phase within the 
PBC and SSR over time. This pattern indicates that equi-
librium was reached when the reaction time was suffi-
ciently long. In most cases, the predicted results closely 
aligned with the experimental data, demonstrating the 
acceptable accuracy of the developed mechanistic mod-
els. The discrepancies between the experimental and 
modeling results are likely attributable to imperfect seal-
ing of the reactor. It is worth noting that no experiments 
were conducted on the TBR because all the governing 

equations are from well-validated previous work [18, 19]. 
However, we developed a set of equations to determine 
the maximum allowable operating superficial gas and liq-
uid flow rates as functions of particle size, which are de-
signed to prevent flooding when gas flows counter cur-
rently upward from the bottom. 

 
Figure 3. Gas-liquid mass transfer coefficient (a) and 
interfacial area (b) in reactors. xCO2 = 10%, Hbed0 = 5 m. 

The mass transfer coefficients and gas-liquid inter-
facial areas were compared between TBC, PBC and SSR. 
As illustrated in Figure 3, the SSR achieves the highest 
mass transfer coefficient, attributed to its smaller particle 
size and the enhanced agitation effect. Additionally, the 
TBR maintains a slightly higher gas-liquid contact area 
than PBC due to continuous airflow. Under agitation con-
ditions, the SSR produces smaller gas bubbles, resulting 
in a greater gas-liquid contact area compared to both 
PBC and TBR. Our research further reveals that in both 
the PBC and SSR systems, CO₂ capture rates can be 

(a) (b)
For TBR:
Flv = 0.2, OP = 40%
For PBC and SSR:
uL = 5 × 10−3 m/s
uG = 5 × 10−4 m/s

For TBR and PBC:
dp0 = 5 mm
For SSR:
dp0 = 0.4 mm

Table 1: Specific expressions for the areas and coefficients of different reactors. 

Reactors Gas-liquid mass transfer interface area, aG-L (m-1) Reference 

TBR 𝑎𝑎𝐺𝐺−𝐿𝐿 = �6(1 − 𝜀𝜀)/𝑑𝑑𝑝𝑝� �1 − 𝑒𝑒𝑒𝑒𝑒𝑒 �−1.45 �
𝜎𝜎𝐶𝐶
𝜎𝜎𝐿𝐿
�
0.75

𝑅𝑅𝑅𝑅𝐿𝐿0.1 𝐹𝐹 𝑟𝑟𝐿𝐿−0.05𝑊𝑊𝑒𝑒𝐿𝐿0.2�� [11, 12] 

PBC 𝑎𝑎𝐺𝐺−𝐿𝐿 = 6𝜀𝜀𝐺𝐺/𝑑𝑑𝑏𝑏 Calculated 
SSR 𝑎𝑎𝐺𝐺−𝐿𝐿 = 6𝜀𝜀𝐺𝐺/𝑑𝑑𝑏𝑏 Calculated 
 Solid-liquid mass transfer interface area, aS-L (m-1)  
TBR 𝑎𝑎𝑆𝑆−𝐿𝐿 = �6(1 − 𝜀𝜀)/𝑑𝑑𝑝𝑝��1 − 𝑒𝑒𝑒𝑒𝑒𝑒�−1.986𝐹𝐹𝑟𝑟𝐿𝐿0.139𝑀𝑀𝑜𝑜𝐿𝐿0.0195𝜀𝜀𝑀𝑀−1.55�� [13] 
PBC 𝑎𝑎𝑆𝑆−𝐿𝐿 = 6(1 − 𝜀𝜀)/𝑑𝑑𝑝𝑝 [14] 
SSR 𝑎𝑎𝑆𝑆−𝐿𝐿 = 6(1 − 𝜀𝜀)/𝑑𝑑𝑝𝑝 [14] 
 Mass-transfer coefficients on the liquid side, kL (m s-1)  

TBR 𝑘𝑘𝐿𝐿 = 0.0051(
𝜌𝜌𝐿𝐿𝑢𝑢𝐿𝐿
𝑎𝑎𝐺𝐺−𝐿𝐿𝜇𝜇𝐿𝐿

)2/3(
𝜇𝜇𝐿𝐿

𝜌𝜌𝐿𝐿𝐷𝐷𝐿𝐿𝐿𝐿
)−0.5�𝑎𝑎𝑡𝑡𝑑𝑑𝑝𝑝�

0.4 �
𝜌𝜌𝐿𝐿
𝜇𝜇𝐿𝐿𝑔𝑔

�
−1/3

 [12] 

PBC 𝑘𝑘𝐿𝐿 = �𝐷𝐷𝐿𝐿𝑢𝑢𝑆𝑆/𝑑𝑑𝑏𝑏 [15] 
SSR 𝑘𝑘𝐿𝐿 = 0.5𝑔𝑔5/8(𝑑𝑑𝑏𝑏𝐸𝐸𝐿𝐿)1/2(𝜎𝜎/𝜌𝜌𝑐𝑐)−3/8 [16] 
 Bubble diameter, db (m)  
TBR - - 
PBC 𝑑𝑑𝑏𝑏 = 26𝑑𝑑𝑅𝑅𝐵𝐵𝑜𝑜𝐿𝐿−0.50𝐺𝐺𝑎𝑎𝐿𝐿−0.12𝐹𝐹𝑟𝑟𝐺𝐺−0.12 [16] 
SSR 𝑑𝑑𝑏𝑏 = 0.72(𝜇𝜇𝐵𝐵/𝜌𝜌𝐵𝐵)0.22𝑈𝑈𝑔𝑔0.33 [17] 
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significantly enhanced by increasing the CO₂ concentra-
tion in the feed air. Even modest enrichment of CO₂ in the 
inlet air can lead to substantial enhancement of capture 
rate and savings in energy and water. 

3. DATA-DRIVEN SURROGATE 
MODELLING AND MULTI-VARIABLE 
OPTIMIZATION 

After validating our models on a laboratory scale, we 
scaled them up to explore the impact of design variables 
on key performance indicators, including CO2 capture 
rate (CR), operational energy consumption (EC), and wa-
ter consumption (WC). Identifying optimal solutions 
through exhaustive enumeration and search is often 
cumbersome. While complex Multiphysics simulations 
can reduce time and resource demands, more efficient 
methods are still required for analyzing the Pareto fronts 
across different reactor types for optimization purposes. 
To address this, leveraging physics-based simulation 
data to develop data-driven surrogate models presents a 
viable approach for tackling multivariable optimization 
challenges effectively. In our work, machine learning al-
gorithms, e.g., RSM, RBF, SVR and E-AHF, and optimiza-
tion approaches, e.g., GA and NSGA-II, were employed 
[11]. The established data-driven surrogate models sig-
nificantly reduce simulation computation time and enable 
rapid prediction of reactor performance metrics. The R2 
values for RSM and E-AHF predictions of CR and WC ex-
ceed 0.84. Notably, for the TBR, the calculated R2 value 
surpasses 0.96. Using the RSM model to predict SSR per-
formance yields R2 values for WC and CR above 0.99, 
while the R2 for EC is 0.87, exceeding the prediction ac-
curacy for EC in both TBR and PBC systems (approxi-
mately 0.79). Further improvements in prediction accu-
racy are observed when outliers are excluded or the E-
AHF model is applied, with R2 increasing to 0.89. Figure 4 
presents the optimal outcomes of the three reactors un-
der different objectives. In terms of energy consumption, 
SSR requires higher energy due to continuous stirring. 
However, when aiming for minimal water consumption 
(WC) or maximal carbon capture rate (CR), SSR exhibits 
comparable or even lower energy usage. Notably, PBC 
achieves substantial energy savings while minimizing 
water consumption. 

Figure 4 shows the optimal performance of three 
different reactors under various objectives. SSR requires 
higher energy for continuous stirring, yet it shows com-
parable or lower energy consumption when optimizing for 
minimal WC or maximum CR. Notably, PBC achieves sig-
nificant energy savings, particularly when reducing WC is 
prioritized. Meanwhile, TBR excels in scenarios that focus 
on water reduction due to its discrete liquid flow. SSR, 
operating in batch mode, utilizes the least water overall. 
Optimization with surrogate models significantly 

enhanced performance metrics for continuous systems: 
CR increased by 37.8% for TBR and 13.1% for the PBC. EC 
decreased by 37.4% in TBR and 23.8% in PBC, while WC 
dropped by 12.5% and 40.7%, respectively. Compara-
tively, SSR reduced water requirements to 0.9045 m3, 
which is about 60% of that required by TBR (1.4928 m3) 
and PBC (1.4966 m3), achieving a CR of 1.11 kg h-1, com-
parable to TBR's 0.73 kg h-1 and lower than PBC's 1.91 kg 
h-1. The CR of SSR reached 2.93 kg h-1, surpassing PBC's 
2.01 kg h-1. Although SSR's EC (1.2567 MJ) and WC 
(3.6675 m3) per kg of CO2 captured were lower than 
PBC's (1.7331 MJ and 14.142 m3), they were slightly 
higher than that of TBR due to increased energy for stir-
ring and higher material processing energy from the 
smaller packing material. Despite the higher energy input, 
SSR's efficient mixing and the buoyant forces from up-
ward flow reduced operational energy, leading to a CR of 
2.44 kg h-1 with an EC of 0.9853 MJ and a WC of 2.9167 
m3 per kg CO2 captured. 

 

Figure 4. Comparison of optimization results for EC, WC 
and CR across different systems with minimum energy 
consumption, water consumption (a) and maximum CO2 
capture rate (b). 

4. RESPONSIVE CO2 CAPTURE FOR 
MANAGING VARIABLE FLUE GAS 

Due to the intermittent nature of CO2 emissions and 
renewable energy sources such as wind and solar, the 
availability of CO2 and energy dynamically changes over 
time. To enhance the efficiency of EW-based CO2 cap-
ture systems, developing an adaptive optimization strat-
egy is crucial. This strategy could predict the availability 
of CO2 and energy for the upcoming hour, enabling the 
determination of optimal operating conditions. Adaptive 
multi-objective optimization integrates process modeling 
with optimization algorithms to enable dynamic system 
optimization [20]. By leveraging adaptive optimization, 
optimal solutions can be forecasted before optimization 
actions are executed. By developing machine learning 
surrogate models from existing physics-based models, 
we can achieve more accurate chemical system model-
ing. This approach is particularly effective for handling 
time-dependent data and evolving patterns, enabling the 
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model to learn from historical process data, adapt to real-
time changes, and predict reactor behavior. Such ad-
vancements will significantly enhance the flexibility and 
robustness of the EW-based CO2 capture systems in re-
sponse to fluctuations in external environments. 

 
Figure 5. Improvement of EW-based CO2 capture system 
after adaptive optimization. 

In our study, we initially developed two deep learn-
ing models, a two-stage multilayer perceptron (2-stage 
MLP), and a long short-term memory (LSTM) network, for 
the prediction of the dynamic performance of the reactor 
and CO2 emissions and wind energy forecasts. We then 
trained these models using data on CO2 emissions from a 
coal-based power plant in China and wind energy data 
from the UK, collected over a period of 500 hours. We 
assessed the predictive accuracy of our data-driven sur-
rogate models by comparing their predictions with those 
from mechanistic models. The surrogate models demon-
strated superior accuracy over traditional LSTM tech-
niques, achieving R2 values of 0.99 for CO2 capture rate 
and 0.98 for energy consumption predictions, compared 
to 0.99 and 0.92, respectively, for the LSTM models. Ad-
ditionally, the adaptive optimization framework, en-
hanced by these machine learning models, aids in pre-
dicting external system variables, thereby improving sys-
tem performance. The LSTM-based model for the predic-
tion of wind energy and CO2 concentration achieved R2 
values of 0.908 and 0.981, respectively. By using the 
NSGA-II algorithm to adaptively optimize the reactor in 
response to fluctuations in CO2 concentrations and wind 
energy, and by equally weighting both objectives, we 
achieved a 16.7% increase in the capture rate and a 
36.3% reduction in non-renewable energy consumption 
over a month of continuous operation, as shown in Fig. 5. 

5. CONCLUSION 
EW-based CO2 capture accelerates natural pro-

cesses to potentially achieve Gt atmospheric carbon se-
questration in ocean. To reveal the potential of various 
chemical reactors for EW-based CO2 capture, we 

developed physics-based mechanistic models of these 
reactors by coupling reaction kinetics and mass transport 
processes. The models were experimentally validated 
under laboratory conditions before scaling up to indus-
trial scales. Then data-driven surrogate modeling and 
multivariable optimization were employed to significantly 
save computational resources, enabling efficient identifi-
cation of optimal operating conditions with respect to 
various scenarios. Our finding revealed the importance of 
gas-to-liquid mass transport that could be considered as 
the main rate-limiting process in most cases. Operated at 
4%-20% CO2, after optimization, the EC, WC and CR are: 
SSR-0.9853 MJ per kg CO2, 0.9045 m3, and a CO2 cap-
ture rate of 2.93 kg CO2 h-1, TBR-0.04368 MJ per kg CO2, 
1.4928 m3, and 5.8568 kg CO₂ h-1, PBC-0.07115 MJ per 
kg CO2, 1.4966 m3, and 2.0013 kg CO2 h-1.  

The minimum WC is about 1.5 m3 per CO2 captured 
for all reactors. Compared to packed bubble column 
(PBC), the stirred slurry reactor (SSR) improves the cap-
ture rate, but at the cost of a significant increase in en-
ergy consumption. Additionally, under batch operation 
conditions, the water consumption of the SSR is nearly 
half that of the PBC. In summary, TBR holds the greatest 
potential for EW-based CO2 capture.  

Our findings also underscore the importance of en-
hancing CO2 capture efficiency while reducing energy 
and water consumption. This can be achieved by using 
CO2-rich feedstocks, such as flue gas from power plants 
(which is more effective than atmospheric capture), and 
by generating smaller bubbles to further accelerate gas-
to-liquid mass transfer. Leveraging the advancements in 
AI and model predictive control, the adaptive optimiza-
tion of the EW-based CO2 capture system could be fur-
ther optimized to mitigate the fluctuation of intermittent 
CO2 supply and renewable energy. The models and 
methodologies developed in our work are poised to con-
tribute to the broader adoption of EW-based CO2 capture 
technology across the industry, serving as a reference 
for sustainable and large-scale CO2 capture at an indus-
trial level. 
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