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equilibria and changes in surface coverage; and (4) efficiently calcu-
lating adsorption energy distributions, providing insights into the con-
tributions of different adsorption sites to the overall performance of the
material.

Despite these advantages, both methods have limitations when used
independently. MD simulations face challenges such as (1) requiring
substantial computational resources and being limited by their time
scale, which restricts their ability to capture long-term phenomena like
extended Lit ion diffusion, slow surface interactions, and structural
changes; (2) failing to reach true adsorption equilibrium due to short
simulation durations, reducing the accuracy of adsorption kinetics and
equilibrium property predictions; and (3) heavily relying on the accu-
racy of force field models, where inaccuracies in parameterization can
lead to significant deviations from real-world behavior. MC simulations
also have limitations, including (1) a focus on equilibrium properties,
without capturing dynamic information, making them unsuitable for
studying time-dependent processes; (2) reliance on the quality and
extent of random sampling, which can limit their reliability for complex
system geometries, porous materials, or dynamic surface changes; and
(3) lack of detailed insights into atomic-level interactions and interfacial
microstructures.

Among the limitations of MC simulations, the lack of dynamic in-
formation is particularly critical, as it significantly impacts the under-
standing of lithium adsorption kinetics. First, MC simulations cannot
directly provide insights into the adsorption or diffusion rates of Lit
ions, making it difficult to quantify the time dependence of the
adsorption process and thereby limiting the understanding of kinetically
controlled mechanisms. Second, due to the absence of a time dimension,
MC simulations are unable to capture the migration paths of Li* ions as
they move from the solution to the adsorbent surface or into the pores,
restricting the exploration of detailed kinetic processes. Furthermore,
MC simulations fail to observe transient phenomena that may occur
during adsorption, such as changes in ion distribution during the initial
phase of rapid adsorption. These short-term kinetic behaviors are
essential for understanding adsorption dynamics but remain inacces-
sible through MC simulations. In complex systems, kinetic processes can
also influence the final equilibrium distribution, such as the dynamic
formation of surface-active sites or the redistribution of solute mole-
cules. However, MC simulations, lacking time resolution, are unable to
address these coupled kinetic-equilibrium effects. These limitations
underscore the importance of integrating methods like MD simulations
to complement the equilibrium-focused nature of MC simulations,
enabling a more comprehensive understanding of lithium adsorption
processes. The choice of simulation method should align with specific
research objectives, considering the strengths and weaknesses of each
approach. In many cases, combining MD and MC simulations can pro-
vide complementary advantages, offering a more comprehensive un-
derstanding of lithium adsorption processes by addressing both
equilibrium and dynamic aspects.

DFT simulations were systematically examined as well, covering not
only widely used software tools such as VASP and CASTEP but also
methodologies like GGA, PEE, and DFT—D. The applications of DFT in
lithium adsorption research were highlighted, particularly its role in
revealing microscopic mechanisms, predicting material properties,
analyzing phase transitions and thermodynamic properties, and inves-
tigating interfacial reaction dynamics. DFT simulations offer significant
advantages, including the ability to quantitatively analyze lithium
adsorption energies, assess diffusion barriers, and provide high-
precision predictions with relatively efficient computation. However,
these benefits come with certain limitations. They are computationally
intensive, heavily dependent on the choice of exchange-correlation
functionals and are subject to approximations that may limit accuracy.
Additionally, DFT is not well-suited for simulating dynamic processes
such as Li* diffusion. Given these strengths and limitations, it is advis-
able for researchers to select appropriate methods based on their specific
research objectives. Often, a combination of DFT with other simulation
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techniques, such as MD or MC simulations, can provide a more
comprehensive understanding of lithium adsorption processes.

The principles and methodologies of numerical simulations,
including COMSOL Multiphysics, CFD, and network simulations, were
discussed in detail, focusing on their common modeling parameters,
governing equations, and specific characteristics. Their applications in
studying flux migration trajectories and flux transfer near electrodes
were also highlighted. COMSOL Multiphysics offers significant advan-
tages in Multiphysics coupling and is highly flexible, making it suitable
not only for Li* adsorption but also for comprehensive performance
analysis of lithium batteries. However, its high computational resource
demands and steep technical learning curve present challenges. CFD
simulations excel in providing detailed analyses of Li* flow behavior
within adsorption materials and related heat transfer processes. Despite
their strengths, the complexity of the models and the extended compu-
tation times required are notable drawbacks. Network simulations, on
the other hand, are effective in analyzing transport phenomena within
systems using discrete models, offering insights into the microscopic
transport mechanisms within lithium batteries. However, their inability
to capture certain detailed phenomena in continuous media limits their
accuracy. Therefore, when selecting numerical simulation methods,
researchers should consider the specific research objectives and system
characteristics, potentially combining these approaches to achieve the
best research outcomes.

Finally, ML was categorized into three types, with methodologies
such as Random Forest and Support Vector Regression systematically
outlined. While its application in lithium adsorption is still relatively
limited, we discussed its potential in optimizing experimental design
and predicting material properties. ML offers significant advantages,
such as the ability to build databases for predicting adsorption energies,
diffusion coefficients, and other material properties with high efficiency.
It holds great promise in discovering new adsorption and electrode
materials. However, the generalization capability of ML models is often
limited, and they are heavily dependent on large, high-quality datasets.
Therefore, researchers must carefully manage data quality and consider
integrating traditional physical and chemical methods to address the
limitations in interpretability and generalization. By effectively
combining ML with experimental and theoretical simulations, we can
enhance the tools available for lithium adsorption research.

Future research on applying these computational strategies to
lithium adsorption should focus on:

1) Develop Multiscale Modeling Approaches: Create methods that
effectively capture Li" adsorption phenomena across different scales by
integrating quantum mechanical techniques with mesoscale and
macroscale simulations.

2) Increase Computational Efficiency: Enhance computational ef-
ficiency to support real-time or near-real-time simulations and pre-
dictions, which are crucial for studying dynamic processes such as Li"
diffusion and interfacial reactions.

3) Strengthen Simulation-Experiment Collaboration: Foster closer
collaboration between computational simulations and experimental
validation to ensure that theoretical predictions align with actual
behavior, thereby enhancing the reliability and applicability of
computational research.

4) Improve Machine Learning Models: Boost the generalization
capability and interpretability of machine learning models by incorpo-
rating domain-specific knowledge, refining feature engineering, and
developing hybrid models that combine data-driven methods with
traditional physical modeling.
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