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Porous carbon materials, owing to their abundant resources, good electrical conductivity,
tunable structures, and high electrochemical stability, have long been considered as one of
the most promising candidates for supercapacitor electrodes. However, the design of high-
performance porous carbon materials for supercapacitors remains a significant challenge due
to the complexity of precursor variability, the strong coupling of synthesis parameters, and
difficulties in simultaneously optimizing pore structure and surface chemistry. Traditional trial-
and-error approaches are no longer efficient enough to meet the demands of rapid and
effective material design. This review provides a comprehensive overview of the recent
progress in the design of porous carbon materials for supercapacitors, powered by artificial
intelligence (Al). Specifically, the review follows a "data-model-mechanism-optimization"
framework, which emphasizes the synergistic integration of data-driven methods, machine
learning models, and mechanistic understanding. The first section discusses the key factors
that influence the energy storage performance of supercapacitors, including pore structure,
surface chemistry, defects, and electrolyte solvation. It highlights how the specific roles of
nitrogen-, oxygen-, and sulfur-doped sites, as well as defects, can be controlled to enhance
both electric double-layer capacitance (EDLC) and pseudocapacitance, depending on their
chemical states and the interaction with the electrolyte environment. The review then moves
on to summarize the data-driven Al workflows that are transforming the design of porous
carbon materials. It explores data collection techniques, feature engineering approaches,
model selection processes, and the role of interpretable Al. Key applications in performance
prediction, precursor screening, and the optimization of synthesis parameters are discussed,
including how Al models can predict the optimal pore structures, dopant levels, and synthesis
routes for enhanced electrochemical performance. Additionally, the integration of Al with
multiscale simulations—such as machine learning-based atomic potentials, density functional
theory (DFT), and molecular dynamics (MD) —is examined, showing how these hybrid
approaches provide deeper insights into the mechanisms governing ion transport and charge
storage at the atomic scale.Furthermore, the review highlights representative achievements in
Al-assisted inverse design and multi-objective optimization of supercapacitor devices. Al-
driven methods have significantly advanced the understanding of multi-scale correlations
between material properties, device parameters, and operational conditions. The ability to
predict performance across different electrolytes and test conditions is a key milestone in
advancing the generalizability of Al models. Finally, the review discusses the current
challenges faced by the field, including data heterogeneity, inconsistent evaluation metrics,
limited model generalization, and the disconnect between machine learning predictions and
experimental validation. It proposes strategies to address these challenges, such as
constructing minimal information sets, developing hierarchical evaluation benchmarks,
strengthening the Al-simulation-characterization feedback loop, and promoting the
development of automated experimental platforms.This review aims to guide future research
in leveraging Al to transition the design of porous carbon materials for supercapacitors from
empirical optimization to mechanism-driven discovery, ultimately leading to more efficient,
reliable, and scalable energy storage solutions.

Keywords: supercapacitor; porous carbon; artificial intelligence; machine learning; synthesis

optimization; multiscale simulation
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Fig. 3 Al modeling and hierarchical evaluation for carbon-based supercapacitors
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Fig. 4 (a) SHAP value analysis of predicted power density®™. (b) Ragone plot for aqueous supercapacitors
consisting of nitrogen/oxygen-codoped carbon electrodes in 6 mol/L KOH or 1 mol/L H,SO, electrolyte
solution”". The red solid line is predicted by the gARD-PhysGPR, the violet dashed line is the prediction of ANN,
and the blue dashed line corresponds to that for pristine carbon electrodes. The red stars highlight the
maximum energy density and power density, both obtained in the 1mol/L H,SO, electrolyte. (c) Comparison of
predicted and actual values for XGBoost, SVR, and GBR trained on the generated data set for SSA and TPV*?
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Table 2 Representative cases and their main contributions to Al-enabled supercapacitor research
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Table 3 Multi-objective optimization index system for carbon-based supercapacitors: From material level to
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Fig. 5 Feature importance analysis®®. (a) Order of relative contribution among variables, (b) SHAP values of
feature importance of targets (SC) obtained from LGBM model. Two-dimensional partial dependence plots of (c)

(e) N-5% and PSD. SC: specific capacitance; LGBM: light gradient boosting

machine; PSD: pore size distribution
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Table 4 Comparison of major data sources, models, and validation methods for porous carbon supercapacitor
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