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Carbon capture and storage is a vital strategy for mitigating rising atmospheric carbon dioxide, and metal-organic
frameworks (MOFs) have gained attention as promising sorbents. Numerous simulations have examined factors governing
CO, capture in MOFs—such as diffusion in MOF-74 under varying temperatures and process modeling of MOF-5—but
most were limited to specific structures or conditions, hindering a systematic understanding of diffusion across diverse
MOFs. Conventional computational methods also face constraints: density functional theory mainly provides static energy
evaluations, while molecular dynamics relies on fixed force fields with poor transferability and an inability to describe
reactive events. To overcome these limitations, this study employs molecular dynamics simulations driven by neural network
potentials to evaluate CO, diffusivity in 17 types of MOFs. Results reveal significant variation in transport behavior, with
zeolitic-imidazolate framework-3 showing the highest diffusivity and MOF-74 the lowest—an approximately 19-fold
difference. These findings highlight the capability of neural-network-based molecular dynamics to deliver consistent and
quantitative assessments of CO, transport in MOFs, providing a reliable framework for the rational design of next-

generation capture materials.
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CO, Emissions

ZIF-8(Zeolitic Imidazolate Framework-8)
: A type of Metal-Organic Framework
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Fig. 1 Schematic illustration of CO, capture in a metal-organic framework structure.
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Fig. 2 Metal-organic frameworks (MOFs) evaluated in this study
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Fig. 3 Schematic of neural network potential (NNP) molecular
dynamics methodology
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framework (MOF) via mean square displacement (MSD)
analysis
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Fig. 5 Comparison of CO, diffusion coefficients in metal-organic frameworks
DFT 7|3ke] 23 o] A4k 45tAL, 32 918 o] ACKNOWLEDGEMENT
A RES ulI-EASHE HEUS 48T 4 9k oledt 4
T2 EA42 F9l MOF 5474 A48 F=s B7IREe H AR )= 20259 e 0S5 W st A 9] Rl e
B2H, G4 AF 2polo] A S W] 98T o Aok & TZRISEAIE Q] YL o} el x| Q& A1ZA] tjahA]
E3H 5 o2 VIS0 R o oAl It Rax s g A A(RISE) AFe] Axtel(No. 2025-RISE-05-011). & AL
Q15t7] 98l B E=(Radial Distribution Function) £-4]-2 A= 2025WE AR @-SH)0] AYoz AT Tk A
S, 7]5 WAl B} x|, A5 g2 A, 2 A 218 who} 2~ai 5] 7] 2 A7AF A (No. RS-2025-25430676).
g NES AHOE sord 4 9k ofFt BAS WAF
o MOF 27 E43} Sk 54 1ke] A4S A

o AT 5 Y Ao /|vher}.

i
%
2L
it
;N
A
e
Kl

2

A5 mAE] of
Aol A oS FE517] $13] NNP 7|3t MD A
He EQIstela, 175 MOFS] oliisheha Shibll42
ST}, 7 A3k, ZIF3E 7MY 2 S-S, MOF-74
ghe Ueke] = B Aol of 19} Xjol2 2

7]o1ghS Hoju, NNP 7|8k Hg 53 A
A& Yelich E3t TheslE mdloAx 9
s 2l e, B A= MOF 7%t
EAE 8 9%
AUt o5 Higo g

7V} 7V

o

REFERENCES

1. Kabir, M., Habiba, U. E., Khan, W., Shah, A., Rahim, S., De los
Rios-Escalante, P. R., Farooqi, Z.-U.-R., Ali, L., Shafiq, M.,
(2023), Climate change due to increasing concentration of carbon
dioxide and its impacts on environment in 21st century; a mini
review, Journal of King Saud University-Science, 35(5), 102693.

. Mimura, N., (2013), Sea-level rise caused by climate change and
its implications for society, Proceedings of the Japan Academy,
Series B, 89(7), 281-301.

. Solomon, S., Plattner, G-K., Knutti, R., Friedlingstein, P, (2009),
Irreversible climate change due to carbon dioxide emissions,
Proceedings of the National Academy of Sciences, 106(6), 1704-1709.

. Hanson, E., Nwakile, C., Hammed, V. O., (2024), Carbon
capture, utilization, and storage (CCUS) technologies: Evaluating
the effectiveness of advanced CCUS solutions for reducing Co,
emissions, Results in Surfaces and Interfaces, 100381.

. Wilberforce, T., Olabi, A., Sayed, E. T., Elsaid, K., Abdelkareem,
M. A., (2021), Progress in carbon capture technologies, Science
of The Total Environment, 761, 143203.

. Songolzadeh, M., Soleimani, M., Takht Ravanchi, M.,
Songolzadeh, R., (2014), Carbon dioxide separation from flue
gases: A technological review emphasizing reduction in greenhouse
gas emissions, The Scientific World Journal, 2014(1), 828131.



1062 / December 2025

7.

10.

11

12.

13.

14.

15.

16.

17.

18.

19.

20.

. Kitagawa,

Li, J.-R., Kuppler, R. J., Zhou, H.-C., (2009), Selective gas
adsorption and separation in metal-organic frameworks, Chemical
Society Reviews, 38(5), 1477-1504.

S., (2014), Metal-organic frameworks (MOFS),
Chemical Society Reviews, 43(16), 5415-5418.

. Ding, M., Flaig, R. W., Jiang, H.-L., Yaghi, O. M., (2019),

Carbon capture and conversion using metal-organic frameworks
and mof-based materials, Chemical Society Reviews, 48(10),
2783-2828.

Kong, X., Scott, E., Ding, W., Mason, J. A., Long, J. R., Reimer,
J. A, (2012), Co, dynamics in a metal-organic framework with
open metal sites, Journal of the American Chemical Society,
134(35), 14341-14344.

. Pettinari, C., Marchetti, F., Mosca, N., Tosi, G, Drozdov, A.,

(2017), Application of metal— organic frameworks, Polymer
International, 66(6), 731-744.

Queen, W. L., Hudson, M. R., Bloch, E. D., Mason, J. A.,
Gonzalez, M. 1., Lee, J. S., Gygi, D., Howe, J. D., Lee, K.,
Darwish, T. A., (2014), Comprehensive study of carbon dioxide
adsorption in the metal-organic frameworks M, (dobdc)(M= Mg,
Mn, Fe, Co, Ni, Cu, Zn), Chemical Science, 5(12), 4569-4581.

Li, P, Merz Jr, K. M., (2017), Metal ion modeling using classical
mechanics, Chemical Reviews, 117(3), 1564-1686.

Boyd, P. G, Moosavi, S. M., Witman, M., Smit, B., (2017),
Force-field prediction of materials properties in metal-organic
frameworks, The Journal of Physical Chemistry Letters, 8(2),
357-363.

Lin, R.-B., Xiang, S., Zhou, W., Chen, B., (2020), Microporous
metal-organic framework materials for gas separation, Chem,
6(2), 337-363.

Takamoto, S., Shinagawa, C., Motoki, D., Nakago, K., Li, W.,
Kurata, 1., Watanabe, T., Yayama, Y., Iriguchi, H., Asano, Y.,
(2022), Towards universal neural network potential for material
discovery applicable to arbitrary combination of 45 elements,
Nature Communications, 13(1), 2991.

Fiedler, L., Modine, N. A., Schmerler, S., Vogel, D. J., Popoola,
G. A., Thompson, A. P, Rajamanickam, S., Cangi, A., (2023),
Predicting electronic structures at any length scale with machine
learning, npj Computational Materials, 9(1), 115.

Thompson, A. P, Aktulga, H. M., Berger, R., Bolintineanu, D.
S., Brown, W. M., Crozier, P. S., In't Veld, P. J., Kohlmeyer, A.,
Moore, S. G, Nguyen, T. D., (2022), Lammps-a flexible
simulation tool for particle-based materials modeling at the
atomic, meso, and continuum scales,

Communications, 271, 108171.

Computer Physics

Senn, H. M., Thiel, W., (2009), Qm/mm methods for biomolecular
systems, Angewandte Chemie International Edition, 48(7), 1198-1229.

Chmiela, S., Sauceda, H. E., Miiller, K.-R., Tkatchenko, A.,
(2018), Towards exact molecular dynamics simulations with
machine-learned force fields, Nature Communications, 9(1), 3887.

21.

22.

23.

24.

25.

26.

Zhang, Y., Maginn, E. J., (2012), A simple AIMD approach to
derive atomic charges for condensed phase simulation of ionic
liquids, The Journal of Physical Chemistry B, 116(33), 10036-
10048.

Matsumura, N., Yoshimoto, Y., Yamazaki, T., Amano, T., Noda,
T., Ebata, N., Kasano, T., Sakai, Y., (2025), Generator of neural
network potential for molecular dynamics: Constructing robust
and accurate potentials with active learning for nanosecond-scale
simulations, Journal of Chemical Theory and Computation,
21(8), 3832-3846.

Shaidu, Y., Smith, A., Taw, E., Neaton, J. B., (2023), Carbon
capture phenomena in metal-organic frameworks with neural
network potentials, PRX Energy, 2(2), 023005.

Zheng, B., Oliveira, F. L., Neumann Barros Ferreira, R., Steiner,
M., Hamann, H., Gu, G. X., Luan, B., (2023), Quantum informed
machine-learning potentials for molecular dynamics simulations
of Co,’s chemisorption and diffusion in Mg-MOF-74, ACS
Nano, 17(6), 5579-5587.

Pusch, A.-K., Splith, T., Moschkowitz, L., Karmakar, S.,
Biniwale, R., Sant, M., Suffritti, G. B., Demontis, P., Cravillon,
J., Pantatosaki, E., (2012), Nmr studies of carbon dioxide and
methane self-diffusion in zif-8 at elevated gas pressures,
Adsorption, 18(5), 359-366.

Forse, A. C., Colwell, K. A., Gonzalez, M. 1., Benders, S.,
Torres-Gavosto, R. M., Bliimich, B., Reimer, J. A., Long, J. R.,
(2020), Influence of pore size on carbon dioxide diffusion in two
isoreticular metal—organic frameworks, Chemistry of Materials,
32(8), 3570-3576.



ro
Al
0z
ne
oK
Jo
ol
pal
=
N
N
rH
=
o
foi

December 2025/ 1063

JeongMin Shin

B.Sc. candidate in the School of Mechanical
Engineering, Chonnam National University.
Her research interest is multiscale computa-
tional modeling for energy materials.
E-mail: sjm030605@chonnam.ac.kr

Sangbaek Park

Professor in the Department of New Materi-
als Engineering, Chungnam National Uni-
versity. His research interest is advanced
materials and devices for energy storage an
conversion.

E-mail: sb.park@cnu.ac.kr

JinHyeok Cha

Professor in the Scool of Mechanical Engi-
neering, Chonnam National University. His
research interest is machine learning based
multiscale modeling for advanced materials
E-mail: jinhyeok.cha@chonnam.ac.kr



