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ARTICLE INFO ABSTRACT
Keywords: Porous carbon materials have demonstrated significant potential in areas such as carbon capture, gas separation,
Porous carbon material energy storage, and catalysis, improving energy efficiency and aiding in reducing carbon emissions. With the

Material design
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advancement of global environmental policies, developing efficient and sustainable materials is critical to
addressing energy and environmental challenges. However, traditional trial-and-error approaches are often
costly and inefficient. Recently, the rapid development of artificial intelligence and machine learning (ML) has
introduced data-driven methods to materials science, significantly improving the efficiency of new material
development. This review summarizes the application of ML in porous carbon materials, outlining key learning
processes and commonly used algorithms, and highlights the latest advancements of ML in porous carbon syn-
thesis and applications, such as carbon capture, energy storage, and supercapacitors. Specifically, it discusses the
impact of essential features, such as pore shape, surface area, and pore volume, on different applications,
identifies research gaps for non-biomass precursors like coal and tar pitch, and proposes future research di-
rections. This review aims to serve as a resource for ML applications in the field of porous carbon materials,
promoting the efficient development and broad application of novel porous materials.
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1. Introduction

Over the past several decades, with growing global emphasis on
environmental protection and energy demands, the development of
efficient, sustainable materials has become a core focus of scientific
research [1]. As shown in Fig. 1, carbon materials, encompassing a wide
range of types such as activated carbon, activated semicoke, carbon
nanotubes, carbon aerogels, fullerenes, graphene, and carbon fibers,
exhibit diverse structures and exceptional properties for adsorption,
energy storage, and catalysis, making them valuable in chemical engi-
neering, healthcare, environmental protection, and other fields [2,3]. As
a research area with a rich history of continuous innovation, carbon
materials have attracted increasing attention for their outstanding per-
formance in applications such as energy storage in batteries [4], catalyst
supports for hydrogen production via water electrolysis [5], and
high-capacity adsorbents for hydrogen and CO: storage [6,7].

Industrial production of carbon materials typically requires testing
specific raw materials and process parameters to establish a complete
process system. Whenever raw materials or product requirements
change, parameters must be adjusted and re-evaluated [8]. Due to the
varying process pathways and site-specific parameters, there is currently
no standardized parameter system available, with most relying on en-
gineering expertise and limited qualitative principles. The structural and
compositional diversity of porous carbon materials is vast, making
exhaustive experimental exploration nearly impossible [9]. Addition-
ally, the characteristics of porous carbon materials often have complex,
nonlinear relationships with desired performance attributes, making
structural tuning highly dependent on accumulated experimentation
and experience. This iterative trial-and-error process represents a sig-
nificant technological barrier and growth bottleneck in the industry [10,
11]. Consequently, developing more efficient approaches to circumvent
redundant and inefficient experimental processes for porous carbon
materials is of critical importance.

In any field, data serves as a potential source for knowledge dis-
covery. In recent years, the development of artificial intelligence and ML
has bolstered expectations that data-driven materials science could
fundamentally transform scientific discovery [12]. For ML, data is evi-
dence of facts, that is, instances or examples of variables or parameters
[13]. In the field of carbon materials, decades of experimental accu-
mulation have generated a wealth of multi-dimensional, comprehensive
data that create favorable conditions for the application of ML
algorithms.
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The advancements in ML have introduced a paradigm revolution in
materials science research. ML techniques offer a data-driven approach
that identifies critical features in the design and application of porous
carbon materials by learning from vast amounts of existing data,
enabling predictive modeling [14]. ML leverages extensive training data
and suitable algorithms to simulate and deduce patterns in physical or
chemical processes, making it an ideal alternative to complex theoretical
and empirical computations [15]. As illustrated in Fig. 2, with the rapid
advancement of computational power, the application of ML in porous
carbon material research has evolved from basic performance prediction
to more complex tasks such as design optimization, generative
modeling, and structural feature recognition [16,17]. ML models have
progressed from traditional approaches that handle small datasets to
deep learning models that can explore the intricate relationships be-
tween material structure and performance [18,19]. In the future, models
are expected to evolve towards adaptive, interpretable Al and rein-
forcement learning, further enhancing the intelligent design, optimiza-
tion, and application efficiency of porous carbon materials [20].
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Fig. 2. Keywords for the application of ML in porous carbon materials in
recent years.
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Fig. 1. Wide application of porous carbon-based materials.
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In this review, we discuss recent progress in ML-assisted synthesis
and application of porous carbon materials. We outline the steps and
considerations for applying ML in porous carbon materials and intro-
duce ML methods specific to this field. Finally, we examine the current
state and potential opportunities for ML-assisted carbon synthesis and
applications, offering insights for future research directions. As illus-
trated in Fig. 3, this study provides a systematic overview of the research
content.

2. Data acquisition

ML algorithms reveal patterns in data through statistical models and
optimization techniques. Depending on the chosen algorithm, ML can
provide insights through prediction or classification. ML relies on data to
train models, enabling the discovery of patterns and making predictions
or decisions. Therefore, the quality, quantity, and characteristics of the
data directly affect the performance and accuracy of the models [21].
Acquiring high-quality and sufficient materials data has become a core
challenge in applying ML in carbon materials science. ML in carbon
materials science has somewhat shifted toward addressing the chal-
lenges of data acquisition in this field [22].

2.1. Acquisition from literature

Literature data primarily includes experimental and simulation data,
typically provided in various formats, with significant differences in
quality and consistency [23]. Before transforming this data into a
training set, it needs to be filtered and processed, condensing the data
into low-dimensional feature descriptors.

2.1.1. Experimental data

The experimental data reported in the literature on porous carbon
materials primarily includes pore structure characteristics (e.g., SSA,
PV, pore size distribution), physicochemical properties (e.g., carbon
content, density, electrical conductivity), adsorption performance (e.g.,
gas adsorption capacity, adsorption heat), electrochemical performance
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(e.g., specific capacitance, energy density), structural characterization
data (e.g., XRD, Raman spectra, SEM/TEM image features), preparation
conditions (e.g., carbon source type, carbonization temperature, type of
activating agent), and application performance (e.g., catalytic and en-
ergy storage properties) [24]. These datasets can be utilized to meet
various machine learning requirements, while image data can also be
leveraged through deep learning to extract morphological features of
pores, providing valuable support for performance prediction and ma-
terial optimization.

Models usually perform best when trained on data with a wide range
of attributes, necessitating the inclusion of both favorable and less
favorable attribute data [25]. In the case of porous carbon materials,
literature often presents a larger amount of high-quality data, making it
particularly important to supplement comparative data within the ma-
terials. ML literature in the same research direction is also an important
way to obtain the required data because they have already summarized
some literature data. Moreover, when the data contains many missing or
low-quality entries, additional experiments may be required to enhance
the dataset.

In the literature on the design of porous carbon materials, each study
typically contains an average of 3-6 data points, and the number of
relevant papers on porous carbon design in the Web of Science has
reached thousands, resulting in a substantial data volume. As shown in
Table 1, some of the carbon material design data in the literature in-
cludes textual data, ratio data, Boolean data, and numerical data of
varying magnitudes. The correlation between each feature and the
predicted outcome varies, and optimizing the selection of input features
(for example, by creating new features from the ratios of two low-
correlation features) can significantly impact the overall performance
of the model. Some authors may overlook experimental conditions they
deem unimportant when writing their papers, leading to missing data. In
such cases, missing data can be handled by either discarding incomplete
datasets or imputing missing values using default or average values.
Similarly, the literature data regarding the applications of porous carbon
materials exhibits similar characteristics. Data collection can be done
manually or through web crawler techniques [26]. Additionally, models

___________________ ~ e e e PP — i
4 Material ML Y 4 Design and Appllcatwn v ! @ New perspectives
1
Manpower Crawler Databate Experiment ML Control system ; ~ Raw material New application
1
Get data 1, Pore shape 1, Predictive model New research 1, Carbon source

2, Material properties
lBuild BN

4, Performance parameter

Experimental setup

Database
i New database

Routine Processes

+ +

Preprocessing Outlier detection Split method

Dy(x) =Y (x-S (x -

I
I
|
|
I
|
|
I
|
|
I
|
1=
I
|
|
I
|
|
I
|
I_
I
:
|

Feature
engineering LS
argmin ) > 1f(6.y) =~ ll
k=1 (x,y)ECy
i Attention mechanism
Model Conv,
ode ﬁi E
\ Channel ~ Pool

Development database

Spatial attention /
-

2, Feedback mechanism

Operating experiment

1

1

1

3. Improvement strategy :
Material Design 4, 1
1

1

l Automated material design

Raw material

—

M A[V|FC K CaSi Fe
Relevance(v/) ['0O0H| C-0-K -OH C=0 -O-
Application Preparation lab m [ssa]pv v mes

Prediction >
m Ratio  Heating rate

@ o ( ) W Time Pre-oxide
Appllcatlon lab |Pressure| Temperature

\

~

T Life

SR

I
L}
1
1
1
L}
1
1
1
[}
1
1
1=
1
1
1
1
1
1
1
1
1
1
1
1
1
1
i Adsorption Capacitance

e Y ey RSy E VT

Rinewability Selectivity

Support

Performance database

Fig. 3. Overview of the contents of the full paper.

2, MOF carbonisation

New preparation 3,

\

|

I

|

|

directions 1
|

Performance parameter :
|

|

|

I

|

|

|

|

|

|

|

1 thod.

1 methods 4, Other new directions

|

1 Redevelopment of ML

el (SR N i S |
|

: Hybrid model I
I

! New ML Multimodal model |

! Model ) . I

: Attention mechanism |

: Embedding physical laws :

S s _:

1 Depth and number of bumps |

1

| New ML Irregularly ~ The trap effect |

1 features S— - !
|

1

I Pore shape :

| I

\

~

Support

Pore structure database



C. Wang et al.

Materials Science & Engineering R 165 (2025) 101010

Table 1
Data presentation for carbon material design.
Raw Material Pre- Acid Additives Quality Heating Rate Heat Treatment SSAm?/ PV PV (Mic:Mes: Refer
oxidation Treatment Ratio °C/min °C-h g cm?/, g Mac)
Coke 0 0 KOH 3:1 10 750-2 807.7 0.370 0.17:0.62:0.21 [27]
Coke 0 0 KOH 3:1 10 850-2 69.1 0.049 0.18:0.41:0.41
Coke 0 0 KOH 3:1 10 950-2 113.9 0.155 0.26:0.49:0.25
Zhundong Coal 0 0 H3PO4 2:1 - 950-1 2308 1.510 0.52:0.48:0.00 [28]
Zhundong Coal 0 0 H3PO4 2:1 - 500-2 975 0.530 0.95:0.05:0.00
Zhundong Coal 0 0 H3PO4 2:1 - 950-1 1157 0.620 0.90:0.10:0.00
Liquefied Asphalt 0 0 KOH 2:1 5 600-2 1528 0.660 0.88:0.12:0.00 [29]
Liquefied Asphalt 0 0 KOH 2:3 5 700-2 1937 0.840 0.89:0.11:0.00
Liquefied Asphalt 0 0 KOH 2:5 5 800-2 2294 1.070 0.85:0.15:0.00
Liquefied Asphalt 0 0 KOH 2:7 5 900-2 2188 1.170 0.58:0.42:0.00
Coal Tar Pitch 1 0 H3PO4 1:5 4 900-2 1606.6 0.810 0.28:0.60:0.12 [30]
Zhundong Coal 0 1 Fey(C204)3 1:7 8 850-1 449.7 0.354 0.61:0.39:0.00 [31]
Zhundong Coal 0 1 Cy3H;;,CIFeO 1:10 8 850-1 131 0.333 0.45:0.55:0.00
Zhundong Coal 0 1 Fe,03 2:5 8 850-1 413.7 0.347 0.58:0.42:0.00
Zhundong Coal 0 1 Fe(NO3)3 3:50 8 850-1 436.1 0.327 0.65:0.35:0.00
Zhundong Coal 0 1 FeCl3 1:10 8 850-1 595.3 0.504 0.56:0.44:0.00
Subbituminous 1 0 KOH 1:1 8 800-1 939 0.480 0.77:0.23:0.00 [32]
Coal
Subbituminous 1 0 KOH 2:1 9 800-1 1021 0.520 0.77:0.23:0.00
Coal
Subbituminous 1 0 KOH 2:1 10 900-1 738 0.350 0.63:0.37:0.00
Coal
Lignite 0 0 CO(NH3), 1:1 700-2 459 0.171 0.97:0.02:0.01 [33]
Lignite 0 0 CO(NH3), 2:1 700-2 525 0.193 0.97:0.03:0.00
Lignite 0 0 CO(NH3), 3:1 700-2 616 0.228 0.95:0.03:0.02
Lignite 0 0 CO(NH3), 5:1 700-2 460 0.168 0.96:0.04:0.00
High Sulfur Coal 0 1 KOH 2:1 5 800-2 1864 0.821 0.94:0.04:0.02 [34]
High Sulfur Coal 1 1 KOH 3:1 5 800-2 3345 1.715 0.84:0.13:0.03
Anthracite 0 0 KOH 3:1 2 700-2 2845.4 1.163 0.94:0.05:0.01 [35]
Anthracite 0 0 KOH 4:1 2 700-2 3550.7 2.168 0.64:0.35:0.01
Anthracite 0 0 KOH 5:1 2 700-2 3359.7 2.053 0.47:0.53:0.00
Anthracite 0 0 KOH 6:1 2 700-2 3170.7 1.753 0.39:0.60:0.01
Bituminous Coal 0 1 KOH 6:1 5 750-1 3160 2.010 0.59:0.28:0.13 [36]
Bituminous Coal 0 1 KOH 6:7 5 750-1 3647 2.570 0.44:0.32:0.24
Vaporized Slag 0 0 KOH 3:2 10 700-1 747 0.510 0.47:0.53:0.00 [37]
Vaporized Slag 0 0 KOH 2:1 10 700-1 963 0.540 0.59:0.41:0.00
Vaporized Slag 0 0 KOH 5:2 10 700-1 1231 0.710 0.56:0.44:0.00
Vaporized Slag 0 0 KOH 31 10 700-1 1600 0.900 0.57:0.43:0.00
Waste Coal 0 0 KOH 1:1 10 400-2 143.8 0.220 0.29:0.66:0.05 [38]
Waste Coal 0 0 KOH 5:2 10 400-2 161.5 0.280 0.27:0.68:0.05
Waste Coal 0 0 KOH 5:1 10 400-2 258 0.440 0.18:0.76:0.06
Waste Coal 0 0 KOH 1:1 10 600-2 275.2 0.360 0.66:0.33:0.01
Graphene 1 1 KOH 2:1 - 800-1 1597.6 0.790 0.75:0.25:0.00 [39]
Graphene 1 1 KOH 4:1 - 800-1 1847.2 0.800 0.69:0.31:0.00
Graphene 1 1 KOH 6:1 - 800-1 2144.6 1.750 0.47:0.53:0.00
Graphene 1 1 KOH 8:1 - 800-1 2428.6 1.820 0.37:0.63:0.00
Graphene 1 1 KOH 10:1 - 800-1 2352.9 1.800 0.41:0.59:0.00
Industrial Peat 0 0 KHCO3 2:1 10 700-1 745 0.438 0.48:0.44:0.08 [40]
Industrial Peat 0 0 KHCO3 2:3 10 800-1 1135 0.504 0.79:0.20:0.01
Industrial Peat 0 0 KHCO3 2:5 10 850-1 1325 0.608 0.77:0.22:0.01
Blue Focus 0 0 K2COs3 1:4 10 600-3 238 0.264 0.78:0.22:0.00 [41]
Blue Focus 0 0 K2CO3 1:2 10 600-3 302 0.331 0.82:0.18:0.00
Blue Focus 0 0 K»CO3 3:4 10 600-3 587 0.322 0.70:0.30:0.00
Blue Focus 0 0 K>CO3 1:1 10 600-3 812 0.473 0.55:0.40:0.05
Charcoal Residue 0 1 KOH 1:1 8 800-1 1114 0.366 0.36:0.64:0.00 [42]
Charcoal Residue 0 1 KOH 2:1 9 800-1 1246 0.369 0.42:0.58:0.00
Charcoal Residue 0 1 KOH 31 10 800-1 1377 0.402 0.43:0.57:0.00
Charcoal Residue 0 1 KOH 3:4 11 800-1.5 1596 1.297 0.35:0.65:0.00

can employ automated learning and self-updating algorithms, allowing
them to continually accumulate data during use, thus achieving an
optimized model with learning capabilities.

2.1.2. Simulated data

The simulation data in the literature on porous carbon materials
typically includes a variety of aspects, such as pore structure simulations
(e.g., pore size distribution, SSA, and PV), adsorption performance
simulations (e.g., gas adsorption isotherms, adsorption energy, and
adsorption site distribution), electrochemical performance simulations
(e.g., charge distribution in electrode materials, ion diffusion behavior,
and specific capacitance), thermodynamic and kinetic simulations (e.g.,

pyrolysis pathways, reaction energy barriers, and kinetic constants
during carbonization and activation processes), optoelectronic perfor-
mance simulations (e.g., light absorption efficiency, electronic bandgap,
and carrier mobility), and mechanical performance simulations (e.g.,
the impact of porosity on structural strength and compression behavior)
[43]. These simulation data provide theoretical guidance for structural
design, performance prediction, and process optimization of materials.
When combined with experimental data, they can be used to construct
machine learning models, thereby further improving the efficiency of
material design.
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2.1.3. Crawler technology

Using web crawling techniques to acquire experimental or simula-
tion data from literature on porous carbon materials enables the rapid
collection of data such as specific surface area, pore volume, adsorption
performance, electrochemical performance, preparation conditions, and
simulation parameters. These data can then be utilized for constructing
machine learning models or material databases, as illustrated in Fig. 4.
The primary advantage of this approach lies in its ability to efficiently
extract large-scale literature data, uncover potential correlations, reduce
manual data processing time, and enhance the scope and depth of
research through data integration. However, this method also has
drawbacks. Crawled data may exhibit inconsistencies or noise, such as
difficulties in data standardization due to varying experimental condi-
tions, or the complexity of literature content leading to the omission or
misinterpretation of key data [44]. Certain data presented in graphical
formats within the literature, such as pore size distribution from BET
analyses, specific values from adsorption isotherms, detailed features of
electrochemical cyclic voltammetry curves, or Raman spectral parame-
ters (e.g., peak width and intensity ratios), are often challenging to
extract directly through crawling. These data typically require further
processing using image analysis techniques. Additionally, critical
experimental details (e.g., specific instrument parameters and environ-
mental conditions), key simulation parameters (e.g., computational
settings and choice of potential functions), and manually derived ana-
lyses (e.g., microscopic structural descriptions based on image obser-
vations) are difficult to retrieve directly through web crawling. The
absence of such data can lead to incomplete datasets, thereby impacting
the performance of machine learning models. To address this, supple-
mentary methods such as optical character recognition (OCR) [45] and
image analysis tools [46] can be used to extract data from charts and
graphs. Furthermore, manual screening and in-depth reading of litera-
ture are essential for capturing critical experimental details, thereby
improving data completeness and accuracy. It is important to note that
web crawling activities may involve copyright issues. Unauthorized
crawling could violate legal regulations or the terms of use of journals.
To fully leverage the advantages of web crawling while ensuring
compliance, a standardized workflow should be established, including
data cleaning, normalization, and validation processes. Operations must
remain within the bounds of legal frameworks, and expert knowledge
should be incorporated to interpret the data appropriately. This
approach ensures data quality and enhances the reliability of research
outcomes.

Filtering features
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2.2. Acquisition from databases

Data in the database undergoes rigorous screening, ensuring high
quality and consistency. Data sharing between different research groups
is crucial for predicting the structure and performance of porous carbon-
based materials [47]. Table 2 lists some permanent storage databases
and data collection plans related to carbon materials, providing valuable
support for the application of ML in the synthesis and performance
prediction of carbon materials. The data in these databases primarily
originates from experiments and DFT simulations, while
high-throughput computing or experimental techniques are also key
methods for generating and expanding datasets [48].

Experimental databases typically include structural information
about materials, such as pore size distribution, SSA, adsorption iso-
therms, and PV, derived from experimental measurements and charac-
terizations. In contrast, simulation databases generate data using
methods such as MD and DFT, supplementing data that is difficult to
obtain through experiments [49]. Crystal structure databases can also
provide detailed information at the molecular and subatomic levels.
These databases generally utilize structured data formats, such as CSV
and SQL, but require preprocessing before use, including normalization
of feature formats and cleaning of invalid data.

Currently, most carbon material databases focus on crystal structures
and simulation-related data, such as crystal structures, adsorption en-
ergies, and electronic properties [50,51]. However, there is a significant
lack of databases dedicated to the design processes of carbon materials
(e.g., preparation methods, choice of activation agents, carbonization
conditions) and their practical application performances (e.g., specific
capacitance, adsorption capacity, catalytic efficiency). For instance,
databases like NIST and CoRE include data on pore structures and
adsorption isotherms, but these are predominantly centered on MOFs
and zeolite materials. This gap limits the potential of data-driven
research in advancing the design and performance optimization of
porous carbon materials. In the future, it is imperative to develop da-
tabases specifically tailored to carbon material design processes and
application performance. By integrating experimental data, simulation
results, and process parameters, such databases could support the
training of machine learning models and improve the efficiency of ma-
terial design. Additionally, they would foster deeper research and
broader applications of carbon materials in fields such as energy storage,
catalysis, and adsorption.
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Table 2 3. Carbon material data processing
Database information for related materials.

Database Website Material Data Types Quantity In recent years, ML has achieved significant success in establishing
structure-property relationships for porous materials, -effectively

peop l;;gzgsmd' g;fjg;c chfj:i ;t:;l;:rltr;s 22000 exploring vast materials spaces. Although ML models show great po-
materials specific surface area tential for predicting the performance of porous materials, their prac-
Materials https://legacy.  Inorganic Crystal structure - tical application is still limited by data availability [52]. A well-designed
Projects materialspro compounds data processing workflow can significantly reduce noise in the data,
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distorted or incomplete structures [64]. Data diversity and feature fi-
delity are critical for ensuring model validity. To prevent model bias and
enhance its ability to capture structural features, sufficient sample
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diversity must be ensured during preprocessing. In cases of limited data,
data augmentation techniques can expand the sample size. A rational
division of training, testing, and validation datasets provides a solid
foundation for model development.

Different studies require tailored preprocessing strategies, but their
common goal is to highlight the desired features while suppressing
irrelevant or noisy features. For instance, Chan et al. [65] proposed a
rapid microstructural characterization method combining topological
classification with granularity distribution analysis. This method em-
ploys topological classifiers to identify local structures, voxelization for
efficiency enhancement, and thresholding to improve feature distinc-
tion. Clustering and subdivision further refine microstructural feature
extraction, enabling reverse mapping to atomic representations
(Fig. 5b). Han et al. [66] applied preprocessing techniques such as la-
beling, color normalization, and data augmentation to optical micro-
scopy (OM) images to identify material types and thicknesses in their
study of 2D materials (Fig. 5c). For SEM images of porous carbon ma-
terials, pore shape feature extraction can involve steps like histogram
equalization, edge enhancement, binarization, median filtering, and
feature selection to ensure data clarity and consistency (Fig. 5a).

In the analysis of porous carbon material images, ML algorithms are
increasingly applied. Classical models like ResNet [67], UNet [68],
PixelNet [69], and AlexNet [70] excel in feature extraction and seg-
mentation tasks. Models such as DefectSegNet [71] and DenseNet [72]
are well-suited for microstructural feature extraction, while variational
autoencoders (VAE) [73] and GANs [74] demonstrate outstanding per-
formance in image generation tasks. Emerging approaches such as Swin
Transformer [75] and Vision Transformer (ViT) [76] offer advantages in
efficiently handling complex imaging tasks, particularly for pore feature
extraction and microstructural recognition.
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Supporting these algorithms are mainstream frameworks like Ten-
sorFlow, Keras, and PyTorch, alongside optimized platforms such as
JAX, MindSpore, and PaddlePaddle [77]. These tools provide compre-
hensive development environments, pre-trained models, and support for
large-scale distributed training, significantly improving the efficiency
and quality of porous carbon material image analysis. In summary,
scientific preprocessing methods, appropriate machine learning algo-
rithms, and efficient framework selection are key to successful feature
extraction and analysis of porous carbon material images. These
methods enable researchers to delve deeper into the microstructural
features of materials, uncover their structure-performance relationships,
and provide theoretical and technical support for material design.

3.2. Feature engineering

After data preprocessing, it is essential to construct features (such as
descriptors or fingerprints) that describe various characteristics of the
materials, such as molecular structure, performance properties, or
morphology. The construction of these features is closely related to the
objectives of ML and relies on expertise and experience in the field of
carbon materials [78]. The feature selection process includes feature
extraction, feature analysis, and correlation and importance analysis.
Features may exhibit correlations, and typically, the strength of these
correlations determines whether to retain specific features [79]. For
features with strong multicollinearity, generally only one is kept.
However, when nonlinear correlations, significant interactions, or
domain knowledge indicate their importance, multiple features are
often retained to ensure data completeness [80]. For example, while BET
surface area and pore volume are correlated, they cannot fully substitute
for each other, so using micropore, mesopore, and macropore volumes
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Fig. 5. (a) Schematic diagram of the SEM image preprocessing process of porous carbon materials. (b) Schematic diagram of the particle size distribution image
preprocessing process. Reproduced with permission [65]. copyright 2020, Springer Nature. (c) Schematic diagram of the OM image preprocessing process.

Reproduced with permission [66]. copyright 2020, John Wiley & Sons.
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instead of total pore volume provides a more comprehensive represen-
tation of material characteristics. Additionally, an excessive number of
features may lead to model bias or overfitting. For instance, the overlap
between SSA and PV can introduce redundant information, affecting
model performance.

To effectively select data features, three methods are typically
employed:

1. Domain Knowledge-Based Feature Selection: Exclude features that
do not affect the outcome based on experimental experience.

2. Correlation Analysis: Remove features with low correlation to the
predicted outcome or those that are redundant, assessed using statistical
methods such as Pearson correlation coefficient, Spearman correlation
coefficient, mutual information, and chi-squared tests.

3. Automated Feature Extraction: Automatically extract complex
features from raw data using hierarchical algorithms from deep
learning, such as CNNs, autoencoders, DBNs, RNNs, GANs, and VAEs.

In practical modeling, the number of fitting variables should typi-
cally be less than half of the data points, and often even fewer. There-
fore, downward selection of features and dimensionality reduction
techniques are commonly used [81]. The effectiveness of feature selec-
tion may be influenced by hyperparameters, while dimensionality
reduction reduces the number of features by projecting data from a
high-dimensional space to a low-dimensional space. Sparse models
generally have better generalization and interpretability, and can retain
features that are highly relevant to the target [82]. During the dimen-
sionality reduction process, removing redundant information and
recombining features can effectively enhance the model’s predictive
capability, with model evaluation serving as a measure of the effec-
tiveness of the reduction [83].

3.3. Data partitioning

The training process of ML involves iteratively training the model to
bring its predictions closer to the true values. A proper division of
available data is crucial for ensuring the reliability of the algorithm,
typically splitting the data into training, testing, and validation sets.
Table 3 lists some common data partitioning methods. In ML research
related to carbon materials, cross-validation is one of the most
commonly used methods, as it effectively enhances the model’s gener-
alization and robustness [84].

4. Models

ML, by utilizing training data and appropriate algorithms, deduces
relationships within physical or chemical systems, serving as an
empirical alternative to complex static and dynamic DFT and MD cal-
culations. This approach provides deep insights into the relationships
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between nonlinear, multidimensional features [85]. It is particularly
useful when the relationship between experimental variables and out-
comes is unknown. In such cases, where the physical mechanisms are
unclear or there is a highly complex dependence between variables and
results, prediction methods based on physical laws may be difficult to
implement or ineffective [86].

4.1. Algorithms

The selection of model algorithms must consider multiple factors,
including objectives, data, and features, while integrating theories from
fields such as quantum mechanics, phase-field theory, effective medium
theory, and density functional theory. Table 4 summarizes algorithms
commonly used for the synthesis and performance prediction of porous
carbon materials. Different algorithms vary in how they define data
relationships. In recent years, these algorithms have gradually been
applied in the field of porous carbon material science. In Fig. 6, it is only
in the past 5-6 years that ML has started to be used progressively in
carbon material synthesis and application research. Over time, the ac-
curacy of these models has steadily improved, accompanied by an
increasing demand for larger datasets and greater computational power.
Notably, 2016 marked the first instance of research involving robotic
automation in controlling the design process of carbon materials [237].
In this study, an AI planner was connected to an automated growth
reactor to feed back in situ characterization results to influence experi-
mental procedures and achieve automated material design [130].
However, this area of research remains in its infancy, with significant
room for development. Many models and methodologies are yet to be
explored or optimized, presenting ample opportunities for future ad-
vancements in the automated and intelligent design of porous carbon
materials.

4.1.1. Kernel model

Among kernel-based algorithms, Gaussian processes (GP) not only
predict outcomes but also provide confidence intervals. However, their
computational cost increases cubically with dataset size, making them
suitable for small datasets with fewer than 1000 samples [87]. Another
kernel-based algorithm is SVM, which has a significantly lower
computational cost than Gaussian processes but does not provide con-
fidence estimates for predictions [88]. These algorithms offer unique
advantages in the design and synthesis of porous carbon materials. For
example, Gaussian processes are particularly suitable for scenarios
where data is scarce, as they deliver precise predictions while quanti-
fying uncertainty through confidence intervals. This capability makes
GP highly valuable for guiding experimental designs in material
research, especially in cases where high costs or practical challenges
limit the acquisition of large-scale experimental data [89]. On the other

Table 3
Data partitioning methods.
Method Implementation process Application
Scenario

Advantage Disadvantage Extension Method

Cross-Validation The dataset is divided into multiple subsets, one
subset is the validation set, and the rest are the

training sets, and this is repeated K times.

Small datasets,
model selection

Leave-one-out
cross-validation

Less data waste, more
stable model

High computational cost

evaluation

Hold-Out Randomly split into the training set and test set. Large datasets, fast
Method model evaluation
Bootstrapping A new training set is generated by sampling with Small dataset,

Leave-One-Out

Temporal
Segmentation

Validation Set

replacement, and the remaining data is used as the
test set.

Use one sample as the test set and the remaining
samples as the training set, and repeat n times.
The data is divided according to the time sequence
to ensure that the time in the training set is earlier
than that in the validation set.

Divide the data into training, validation, and test
sets.

model stability
evaluation

Accurate evaluation
on small datasets
Time-dependent
data

Used in model
tuning

Simple and direct

Providing evaluation
for small datasets

High accuracy

Considering time
dependencies

Avoiding overfitting

Model evaluation may be
unstable and data is wasted.
The test set may not be
representative enough, and there
is a risk of overfitting.

High computational cost

More complex and prone to
information leakage

Validation set data waste

Take the average
of multiple
Boosting

Leave-one-out
cross-validation
Expanding or
rolling window
method

K-fold cross-
validation
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Table 4

Materials Science & Engineering R 165 (2025) 101010

Common algorithms for synthesizing porous carbon and predicting performance.

Classification Algorithm Advantage Disadvantage Applicable Scenarios
Small Data Linear Regression Easy to understand Sensitive to outliers and unable to handle There is a linear relationship between the
Methods nonlinear data features and the target variable.
Logistic Output probability, easy to interpret Poor performance for nonlinear data and When the relationship between features is
Regression prone to underfitting linear and interpretable
Decision Tree Easy to interpret, no need for much data Deeper trees are prone to overfitting The data has an obvious hierarchical
preprocessing structure, or does not require feature
scaling
k-Nearest Simple and intuitive, no training phase Not suitable for large amounts of data and Scenarios that require nonparametric
Neighbor required high-dimensional data, and has a high models
computational cost
Gaussian Simple structure and few parameters High computational complexity When uncertainty estimates are needed,
Regression especially in time series and spatial data
modeling
Big Data Neural Networks Can learn complex nonlinear relationships Requires a lot of computing resources and The amount of data is huge and has high-
Methods data, and the parameter adjustment is dimensional characteristics
complex
Support Vector Performs well in high-dimensional spaces Poor scalability for big data and multi-class Handling high-dimensional datasets where
Machine and is suitable for linear and nonlinear classification problems the data is not linearly separable
classification
Random Forest Strong resistance to overfitting, suitable for =~ The model is complex and difficult to When dealing with high-dimensional data
high-dimensional data, and easy to interpret and the risk of overfitting is high
parallelize
Naive Bayes High computational efficiency, suitable for ~ Assuming that features are conditionally Features are relatively independent
large-scale data, and easy to implement independent may lead to inaccuracy
Principal Reduce data dimensions, help remove The physical meaning of the features is not Dimensionality reduction and noise
component noise, and improve computing efficiency easy to interpret, and important information removal of high-dimensional data
analysis may be lost
-
Traditional [ Neural Network Tree Model Learning Deep Learning Ensemble
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Fig. 6. Comparison of major milestones and algorithms in the application of ML in porous carbon materials [130,277-281].

hand, SVMs excel in rapid classification and regression tasks related to
the synthesis conditions and performance metrics of porous carbon
materials, owing to their lower computational requirements and robust
generalization performance [90]. Leveraging the properties of kernel
functions, both GP and SVM are adept at capturing complex nonlinear
relationships between structure and performance in porous carbon
materials. This ability provides deeper physical and chemical insights
for material optimization. Consequently, these kernel-based methods
hold significant value in addressing high-dimensional, small-sample
problems in the study of carbon materials, offering efficient and inter-
pretable tools for advancing material design and understanding.

4.1.2. Tree models

Tree-based algorithms (such as RF, GBDT, and DT) perform classi-
fication and regression tasks by constructing multiple decision trees and
offer strong interpretability. DT recursively splits data features to form a
tree structure, with nodes representing features and leaf nodes

representing prediction outcomes. RF combines several independent
decision trees to improve prediction performance and reduce overfitting
through voting or averaging. GBDT is a gradient boosting algorithm
based on decision trees, suitable for complex nonlinear problems, pro-
gressively reducing prediction error [91]. In the design and synthesis of
porous carbon materials, these algorithms demonstrate unique advan-
tages, especially when compared to kernel-based methods. One key
strength of tree-based algorithms is their insensitivity to data distribu-
tion and feature scaling, eliminating the need for complex normalization
processes. This makes them particularly well-suited for handling the
heterogeneity and variability commonly observed in experimental data
on porous carbon materials [92]. Moreover, tree-based models are good
at dealing with mixed data types, such as the coexistence of numerical
and categorical features, excelling in analyzing the multifaceted factors
that influence material properties, such as synthesis temperature, raw
material characteristics, and pore distribution. Another critical advan-
tage is their interpretability. The hierarchical structure of decision trees
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allows researchers to intuitively analyze the contribution of each feature
to the performance of porous carbon materials. This transparency is
invaluable for identifying key design parameters, optimizing synthesis
processes, and exploring strategies to enhance material performance
[93]. Additionally, the computational efficiency of RF and GBDT enables
their application to larger datasets while maintaining high predictive
accuracy in solving complex nonlinear problems. This capability is
particularly advantageous in porous carbon materials research, where
both experimental and simulation data often need to be integrated and
analyzed. Through their robustness and interpretability, tree-based al-
gorithms provide essential tools for advancing material design and
achieving performance improvements.

4.1.3. Deep learning model

Deep learning algorithms rely on combinations of multiple nonlinear
functions, and the multilayer stacking of neurons enables the model to
learn data relationships ranging from simple features to complex pat-
terns [94]. CNNs excel at processing image data, primarily extracting
spatial features (such as edges, textures, and shapes of porous carbon)
through convolutional layers, layer by layer, to obtain more complex
abstract features, making them widely applicable in computer vision
tasks [95]. CNN achieves feature extraction through sparse interactions,
parameter sharing, and learning of local receptive fields. The architec-
ture of a CNN is composed of alternating convolutional layers and
subsampling layers. However, determining the specific CNN architec-
ture for a particular application is a complex task, with various archi-
tectures reported in the literature to solve specific problems [96]. RNNs
are suited for sequential data (such as text and time series), with their
cyclic structure in the hidden layers allowing them to retain information
from previous time steps, making them suitable for processing
context-dependent data. Data from pyrolysis processes, adsorption
curves, and the life cycle and capacitance variations of supercapacitors
in carbon materials research align well with the characteristics of RNN,
although their application in porous carbon materials is still relatively
limited [97].

In the design and synthesis of porous carbon materials, deep learning
algorithms exhibit unique advantages, creating a stark contrast with
kernel-based and tree-based algorithms. Firstly, deep learning algo-
rithms automatically extract complex, high-dimensional features from
data without the need for manual feature engineering. This makes them
particularly suitable for tasks such as analyzing fine textures, pore dis-
tribution patterns, and 3D reconstruction in porous carbon material
imaging [98]. Compared to kernel-based algorithms and tree-based al-
gorithms, deep learning models demonstrate superior performance in
handling high-dimensional, nonlinear, and multimodal data [99].
Moreover, deep learning algorithms offer a unified framework for
integrating diverse data types, such as images, time series, and textual
information, in an end-to-end manner. For instance, CNN can predict the
influence of pore size distribution on adsorption performance, while
RNN can capture dynamic changes during pyrolysis processes. By
combining these approaches, deep learning facilitates a holistic analysis
of material performance. Additionally, deep learning’s scalability makes
it well-suited for leveraging large and growing materials databases and
high-throughput experimental data. This capability allows for more
efficient exploration of design spaces and the discovery of potential
underlying patterns [100]. However, the high complexity of deep
learning models poses challenges, such as significant computational
resource requirements and reduced interpretability. Despite these limi-
tations, their powerful learning capabilities provide unparalleled value
in the intricate systems of porous carbon materials. Deep learning en-
ables researchers to uncover nuanced structure-property relationships,
optimize synthesis processes, and predict material performance,
contributing to groundbreaking advancements in material design and
development.
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4.1.4. Reinforcement learning model

Reinforcement learning provides a general framework for creating
artificial intelligence systems with reward and punishment feedback
mechanisms, learning optimal strategies to achieve user-defined goals,
such as experimental improvements [101]. Both Bayesian optimization
and active learning can be viewed as special cases of reinforcement
learning. Active learning aims to collect datasets that can train accurate
ML models, while Bayesian optimization focuses on gathering data to
identify optimal conditions for optimizing desired attributes [102]. The
goal of Bayesian optimization is to optimize specific attributes (such as
nanoparticle size), while active learning concentrates on building pre-
cise predictive models [103].

In the design and synthesis of porous carbon materials, RL demon-
strates unique advantages and complements kernel-based, tree-based,
and deep learning algorithms. By introducing dynamic decision-making
processes and reward mechanisms, RL provides an innovative approach
to material optimization. For instance, RL can guide experimental design
by iteratively adjusting key parameters (e.g., pyrolysis temperature,
precursor concentration, and activator ratio), learning optimal experi-
mental conditions in real-time to enhance material performance (e.g.,
specific surface area or electrochemical stability) [104]. This stepwise
optimization process is particularly suited for scenarios with high
experimental costs or vast search spaces.

Additionally, Bayesian optimization has played a significant role in
porous carbon material research. It can quickly identify optimal exper-
imental conditions in complex design spaces. For example, in optimizing
pore size distribution to improve adsorption performance, Bayesian
optimization can quickly converge to an optimal solution with minimal
experiments, significantly reducing the consumption of experimental
resources [105]. In comparison, active learning focuses on building
efficient predictive models. For instance, when studying the adsorption
performance or conductivity of porous carbon materials, active learning
selectively labels experimental data to progressively enhance model
prediction capabilities. This method is especially effective when mate-
rial databases are limited or experimental data acquisition is costly
[106].

Overall, reinforcement learning and its derivative methods, with
their dynamic adaptability and efficient utilization of experimental data,
exhibit distinct advantages in the optimization and design of porous
carbon materials. Particularly in scenarios requiring a balance between
exploration and exploitation, RL’s dynamic learning strategies stand in
stark contrast to static algorithms such as kernel-based and tree-based
methods. At the same time, RL addresses some limitations of deep
learning when handling complex high-dimensional data. This multidi-
mensional approach offers a robust solution for material optimization,
enabling researchers to achieve breakthroughs in designing high-
performance porous carbon materials.

4.2. Evaluation metrics

When building predictive ML models, a balance is typically needed
between predictive capability, interpretability, and computational cost
[107]. If the goal is to gain scientific insights, linear regression and
tree-based models are more suitable due to their greater interpretability.
Each model’s computational cost varies based on implementation de-
tails and grows differently with dataset size, making dataset size a key
factor in algorithm selection [108]. For instance, for a dataset of size A,
the computational cost of a GP grows as A® , that of an SVM grows as A%,
that of a regression tree grows as Alog(A), and that of a neural network
grows linearly with A. Therefore, deep learning models are particularly
effective for large datasets, as they excel at capturing complex and
nuanced relationships between experimental conditions and results
[109]. In practical applications, it is common to test multiple algorithms
and use the evaluation metrics shown in Table 5 to select the
best-performing model. Selecting appropriate evaluation metrics is
essential for assessing the performance of ML models accurately.
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Table 5
Common evaluation metrics for synthesizing porous carbon and predicting
performance.

A

Model Type Evaluation Indicators =Y

Regression Model Mean Squared Error
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Precision Precision — TP
TP + FP
Recall TP
Recall = TP FN
F1 Score Precision-Recall
Fl1=2——————
Precision + Recall
Confusion Matrix TN FP
{FN TP}
ROC Curve
AUC Curve

4.3. Model interpretation

ML models can deliver accurate predictions, but how they reach
these predictions is often unclear. This lack of interpretability makes
extracting scientific insights from ML models challenging and may limit
trust in these algorithms [110]. In predicting properties of porous car-
bon materials, black-box models are frequently used. To interpret these
black-box models (such as DNNs, RFs, etc.), various methods are
employed to reveal the models’ inner mechanisms and help understand
their decision-making processes.

In Fig. 7, common model interpretation methods were summarized
and visually explained. The Shapley value is a significant approach
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based on game theory, which fairly distributes each feature’s influence
on the prediction. However, its high computational complexity makes it
challenging to scale, particularly with high-dimensional data [111].
Local Interpretable Model-agnostic Explanations (LIME) perturb input
features locally and use simple interpretable models (such as linear
models) to approximate the behavior of complex models, providing
localized explanations. In contrast, SHAP combines the advantages of
Shapley values to offer a unified explanation framework, quantifying
each feature’s contribution to the prediction outcome. For example,
Gradient-weighted Class Activation Mapping (Grad-CAM) visualizes the
image areas that neural networks focus on, computing the regions of
focus in the input image, revealing the basis for the model’s
decision-making. This is particularly useful for nonlinear neural net-
works [112]. Partial Dependence Plots (PDP) can show the average ef-
fect of a specific feature on the prediction result. However, they assume
feature independence, which may introduce errors when features are
correlated. Additionally, Counterfactual Explanations (CE) attempt to
interpret model decisions by generating inputs similar to the current
input but altered to change the prediction [113]. However, for complex
models, this approach is computationally intensive, and generating
logically consistent counterfactuals can be challenging [114]. These
methods enhance our understanding of black-box model behavior, but
high computational complexity and instability in local estimates remain
major challenges when handling high-dimensional data or complex
models.

5. Applications of ML models in porous carbon

In Fig. 8, machine learning optimizes the synthesis and application
processes of carbon materials by learning patterns from data cases,
providing precise guidance in selecting experimental conditions. It can
analyze complex multivariable data, identify optimal parameter com-
binations, enhance material performance, reduce costs, and accelerate
the development of new materials. Additionally, ML predicts synthesis
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outcomes, minimizes the number of experiments needed, and fosters
innovative applications of carbon materials in fields such as energy
storage, catalysis, and adsorption (Table 6).

5.1. Design process of porous carbon based on ML

5.1.1. Design and optimization of experimental conditions

In the synthesis of porous carbon materials, various conditions (such
as different temperatures) each exhibit unique characteristics. ML
models can learn these features and ultimately integrate them across
diverse experimental conditions to predict the structure or performance
of porous carbon materials [115,116]. By summarizing patterns from
past experimental data, ML models provide valuable guidance for the
design and application of porous carbon materials. Theoretically, the
SSA of defect-free, monolayer graphene carbon materials can reach
2630 m2/g. By maximizing the exposure of sp>-hybridized graphene
ring surfaces and edges, this could theoretically increase to 7745 m?/g
[117]. However, as shown by the data collected in Table 2, the
maximum specific surface area achieved in the laboratory so far is
around 3500 m?/g, which remains significantly lower than the theo-
retical value. This indicates that there is still considerable room for
innovation and further exploration in this field.

The wide variety of raw materials for producing porous carbon, each
with distinct compositional differences, adds complexity to predicting
their formation processes. Although ML research on the formation of
porous carbon is relatively limited, recent studies have started to focus
on predicting the formation of porous carbon from biomass sources.
Structural characteristics of porous carbon, such as porosity and SSA,
have complex nonlinear relationships with pyrolysis conditions [118].
In addition, the noise and outliers in the prediction data due to experi-
mental conditions and human factors further complicate the prediction
model. However, the GBDT and GBDT show good robustness in this
prediction task. These models use weak learners, with each learner
focused on correcting the errors of the previous model, which effectively
reduces overfitting. Using GBDT, inputs such as industrial and elemental
analysis, biochemical composition, and pyrolysis conditions of biomass
raw materials were used to predict the pore characteristics of porous
carbon. Studies have shown that activation temperature and impreg-
nation ratio are the main influencing factors, with nitrogen doping
playing a significant role in micropore structure since NHs produced by
the nitrogen source at high temperatures can enter micropores and
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expand pore sizes [119,120]. Similarly, the GBDT model also verified
the criticality of the impregnation process and activation temperature to
the performance of the final product [121]. As shown in Fig. 9, the
feature importance rankings obtained from the GBDT and GBDT models
indicate that the importance of features remains largely consistent be-
tween single and dual activation processes. Regarding experimental
conditions, the impregnation ratio and activation temperature are the
most influential factors affecting the SSA and PV of porous carbon ma-
terials. In terms of raw material characteristics, ash content and
hydrogen content were identified as the most critical features. In
another study, a tri-objective optimization GBDT model was used to
predict the SSA and PV of biomass-based porous carbon materials. The
study found that the impregnation process and pyrolysis conditions
contributed approximately 44-57 % to the final structural performance,
while the mixture of biomass components accounted for around
31-42 % of the influence. In contrast, the impact of elemental compo-
sition was less significant, contributing less than 20 %. This demon-
strates that, in addition to the impregnation process and pyrolysis
conditions, biomass composition mixing also significantly influences
final performance [122,123]. It was found that Biomass mixed pyrolysis
is more effective in producing products with excellent structural prop-
erties than single biomass pyrolysis. With their strong nonlinear
handling capability and stability with unseen data, GBDT models have
become ideal choices for predicting the pyrolysis process of porous
carbon materials and are widely used in high-throughput calculations in
fields such as force field charge distribution [124]. In the future, GBDT
models can be combined with deep learning models to form integrated
models. For example, GBDT could be used for feature engineering or an
initial learning phase to generate features, which could then be input
into deep learning models for higher-level abstraction modeling. Cur-
rent studies on predicting the textural characteristics of porous carbon
using material properties and pyrolysis conditions primarily focus on
biomass raw materials. However, there is a wide range of raw materials
for carbon materials, including coal, tar pitch, gasification slag, coke, fly
ash, and residual carbon, which remain largely unexplored in ML pre-
diction research.

The structural performance of porous carbon materials can be pre-
dicted not only based on raw material properties and pyrolysis condi-
tions but also through features from the synthesis process or subsequent
states. For example, electrochemical test procedures can quickly predict
the SSA of carbon materials with an error margin of less than 14 %,
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Table 6
Examples of ML applications in porous carbon-based materials.
Model Data Source Data Scenario Enter Output Hidden Neurons Verification Verification Refer.
volume Layer Method indicators
MLP literature 2794 CH, storage SSA, Viic, Viness CH4 3 64, Cross MSE 0.2, MAE [182]
temperature, pressure  absorption, 32, 16 validation 0.11, R%?0.99
CO; and CHy
selectivity
3D-CNN Database 6500 CH,4 storage Crystal structure data CH,4 absorption 5 Leave-out MSE 0.003 [153]
method
RF(LR . literature 1745 H, storage Elemental analysis, H, adsorption Cross R%0.9 [167]
SVM, Vmie, ultra-micropore validation
XGBT) volume, PV, SSA,
pressure
DNN Literature, 1020 CO,, Capture Temperature, CO,, absorption 2 Leave-out Error 0.43 [149]
experiment pressure, Viic, Vies, method,
SSA leave-one-out
cross
validation
RF literature 6244 CO,, Capture Elemental analysis, CO,, absorption Cross R%20.919, MSE [143]
SSA, temperature, validation 0.187
pressure
DNN Literature, 1000 CO, Capture Vmic> Vinesy SSA CO,, absorption 2 8. 8 Cross MSE [147]
experiment validation,
leave-one-out
DNN literature 1452 CO,, Capture Vimics Vies, SSA, CO, and N, 2 7.7 Leave-out R?0.96 [176]
temperature, pressure  selectivity method.
leave-one-out
cross
validation
CNN Literature, 970 CO, Capture N2 adsorption CO, and N, 8 1024, Leave-out [177]
experiment isotherm at 77 K selectivity 256, 1 method
GBDT literature 632 CO,, Capture SSA, PV, Vpics CO,, absorption Cross R%0.84, [231]
(LGB, elemental analysis, validation RMSE 0.66
XGB) adsorption
parameters
Stack Database CO; Capture Pore structure, CO, co2fico* 2 401 Cross R%0.97. MAE [140]
(XGBR., catalyst correlation, adsorption validation 0.19
SVM., DFT functional energy
MLP)
CNN Database 527 CO, Capture SSA, elemental CO;, absorption 3 10. Leave-out R%0.857. MSE [150]
(GBR. analysis, PV, Vic, 10, 10 method
MLP. temperature, pressure
LSTM. )
RF literature 1549 CO, Capture Pore structure, CO;, absorption Cross R%0.97, [144]
chemical properties, validation RMSE
adsorption conditions
MLR literature 172 CO, Capture SBETs Vinics CO,, absorption Cross R20.61, [145]
temperature validation RMSE 1.05
XGB literature 2789 CO; Capture Temperature, CO,, absorption Cross R%20.998, MSE [142]
(ANN, pressure, Sggt, pore validation 0.0001.
SVM, size, PV, adsorption MAEO0.003.
MLP, isotherm parameters RMSE 0.007
DT. RF)
ANN literature 288 Supercapacitors Shics Smes, N/O Specific 7 7*7 Leave-out MSE 38.5 [193]
doping percentage capacitance method
RD(MLP, Literature, 121 Supercapacitors Potential window, Capacitance Leave-one-out R%0.91, [184]
SVM, experiment SSA, PV, pore size, Ip/ Cross- RMSE 0.68
LR) I, N-doping validation
percentage, and O-
doping percentage
GBR(DT, literature 2028 Supercapacitors N-doping percentage, SSA Cross R%0.95, [131]
KNN, and O-doping validation MAE, RMSE
SVM., percentage, Ip/Ig
KRR.
LR)
ANN literature 70 Supercapacitors Scan rate, Spic, Smes Capacitor energy 1 Leave-one-out R?0.638. [228]
(GLR. density, power cross- RMSE 0.957
SVM, density validation
RF)
ANFIS literature 260 Supercapacitors ESR, RCT, PV, SSA, Specific Leave-out R%0.9. MAE [192]
(LR, DT) current density, capacitance, method 39.76. RMSE
potential window power density 22.8
ANN(LR. literature 600 Supercapacitors Potential window, Capacitance Leave-out R%0.92, MAE [220]
XGB, SSA, pore size, ID/IG, method 21.93. RMSE
RF) N-doping percentage 29.32
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Model Data Source  Data Scenario Enter Output Hidden Neurons Verification Verification Refer.
volume Layer Method indicators
ANN literature 260 Supercapacitors  Electrolyte materials, Specific 1 60 Leave-out R 0.89, [191]
(SVMR, potential window, capacitance method RMSE30.8,
LR) SSA, PV, Current MAE46.6
density, ESR, RCT
XGB literature 105 Supercapacitors Siic/Smess Smic/SSA, Capacitance Leave-out R? 0.8, MAE [190]
(MLR. Vimic> Vimess Vmic/Viess method. cross 19.56, RMSE
ANN, Vines/PV validation 25.5
SVN.
GBM)
MLP literature 2997 Supercapacitors Specific capacitance, SSA, CA 3 Leave-out R?0.82, MAE [197]
(CART) cycle number, energy method 316.3. RMSE
density, power 420.7
density, PV
LGB (DNN) literature 195 Supercapacitors  Elemental analysis, Specific Leave-out R?0.951. [195]
Industrial analysis, capacitance method MAE 11.1,
structural RMSE 14.76
composition,
activation conditions,
current density
ANN Experiment 369 Design Catalyst dosage, Yield, quality, 3 Cross MAPE 27 %, [206]
temperature, carbon structure, validation 23 %. 22 %.
source feed photoelectric 3.6%
quality factor
GBDT(RF, literature 258 Design Industrial analysis, SSA, PV, Cross R?0.939. [232]
XGB) elemental analysis, microporosity validation RMSE 216.9
biochemical
composition,
pyrolysis conditions,
nitrogen content
GBR(RF) literature 169 Design Biomass SSA, PV, yield Cross R%0.915. [235]
characteristics validation RMSE 4.25
(composition by
industrial analysis),
pyrolysis conditions
(temperature, time,
heating rate)
GBDT(RF) literature 131 Design Elemental analysis, SSA, PV, yield Cross R%0.91 [234]
industrial analysis, validation
impregnation
conditions, pyrolysis
conditions, activation
conditions
EI-SVM Experiment 100 Design Catalyst composition,  Carbon MAE 0.01 [137]
reaction temperature,  nanotube
time, atmosphere diameter, yield
CNN Experiment 1000 Defect Analysis Nanoparticle Nanoparticle Cross [254]
characteristics coordinates, validation
obtained by SEM of order
carbon material with
attached
nanoparticles
Ensemble Simulation 3000 Pollutant SSA, ultra-micropore Paracetamol Cross R%0.97. [230]
Method Removal + Smes adsorption validation RMSLE
SVM Experiment 399 Gas separation FFV, average Breathability, Cross R?0.794, [238]
interlayer spacing of separation validation MAE 0.139,
graphite-like carbon RMSE 0.281
sheets, carbonization
temperature
KRR literature 2000 Binding Energy CHO material XPS spectra Cross MAE, RMSE [194]
structure data, DFT validation 0.608

data, GW data

effectively avoiding the need for complex testing procedures [125]. In
additive manufacturing, ML can detect porosity sizes in melt pool im-
ages with an error rate of less than 0.01 %, replacing high-cost and
time-intensive porosity testing [126]. In the future, well-trained ML
models may uncover the necessary conditions for synthesizing novel
porous carbon materials or optimize synthesis conditions to achieve
higher porosity, larger micropore volumes, or increased yields. The
development of such models stands to gain significantly from both
successful and failed experiments [127]. However, due to the limited
availability of reported failure data in the literature, encouraging
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researchers to publish these results could support more comprehensive
model training and advancement.

5.1.2. Design and optimization of molecular structure

In the molecular structure design of porous carbon materials, the
combination of traditional computational simulations and ML methods
has demonstrated tremendous potential. Researchers have successfully
constructed structured models of carbide-derived carbons using tech-
niques such as annealing MD simulations (Fig. 10a) [128], all-atom MD
simulations (Fig. 10b) [129], MC simulations (Fig. 10c) [130], particle
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Fig. 9. (a) Feature importance rankings of the GBDT model for single-step and two-step activation of biomass-based porous carbon. Reproduced with permission
[121]. copyright 2024, Elsevier. (b) Feature importance rankings of the GBDT model for nitrogen-doped biomass-based porous carbon. Reproduced with permission

[119]. copyright 2024, Elsevier.

swarm optimization, and cooperative assembly methods. However,
these approaches are often computationally expensive, especially when
dealing with large-scale simulation systems. As a result, ML methods
have recently been introduced to assist in optimizing traditional simu-
lations and material design.

In this context, Wang et al. [131,132] integrated ML-driven Gaussian
Approximation Potential (GAP) models with MD simulations to conduct
in-depth studies on the microstructure and pore size distribution of
porous carbon materials. ML techniques were employed to develop
precise interatomic potentials, accelerate large-scale simulations,
quantify pore size distributions and mechanical properties, and optimize
material design. For instance, the GAP model enabled accurate predic-
tion of vacancy defect formation energies in graphene sheets, facilitating
large simulation units with 131,072 atoms using GAP force fields
(Fig. 10e). Additionally, ML was applied to analyze the ratio of sp? to
sp® bonds in graphene sheets, providing insights into the distribution

patterns of different carbon rings within the topological structure. The
study revealed that as material density decreases, pore size increases and
exhibits a broader distribution, but mechanical properties decline. ML
methods significantly reduced computational costs, offering an effective
tool for designing and optimizing porous carbon materials with tailored
pore characteristics.

Based on the GAP model and pore size distribution predicted by ML,
the theoretical storage capacity of porous carbon materials for
hydrogen, carbon dioxide, methane, acetone, etc. [132] can be calcu-
lated. Leveraging ML techniques significantly improved the accuracy of
predictions while reducing the computational resources required by
traditional simulations. Zhang et al. [133] further expanded the appli-
cation of ML by integrating MD simulations and GBR algorithms to
construct interface models of porous carbon electrodes/electrolytes with
varying pore size gradients (Fig. 10d). By predicting the specific
capacitance under different pore size combinations, they found that the
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Fig. 10. (a) Porous carbon model constructed by annealing the MD simulation. Reproduced with permission [128]. copyright 2024, Royal Society of Chemistry. (b)
Porous carbon model constructed by all-atom MD simulation. Reproduced with permission [129]. copyright 2022, American Chemical Society. (c) Porous carbon
model constructed by Monte Carlo simulation. Reproduced with permission [130]. copyright 2024, American Chemical Society. (d) Porous carbon electro-
de/electrolyte interface model with different pore size gradients and the storage process of Zn>*. Reproduced with permission [135]. copyright 2025, American
Chemical Society. (e) Accuracy of GAP prediction for graphene with different vacancy defects. Reproduced with permission [129]. copyright 2022, American

Chemical Society.

combination of ultra-micropores (0.6-0.9 nm) and micropores (1.6 nm)
achieved the highest specific capacitance. This result provides crucial
theoretical guidance for the optimized design of porous carbon in energy
storage applications.

The application of ML in the molecular structure design and opti-
mization of porous carbon materials demonstrates tremendous poten-
tial. From developing efficient interatomic potentials to accelerating
large-scale simulations and data analysis, and integrating traditional
methods to optimize pore characteristics, ML methods exhibit distinct
advantages. Future research directions include integrating ML with
quantum mechanics simulations, molecular dynamics, and continuum
models to achieve multiscale material design. Additionally, using large
datasets generated by high-throughput computations to train models
that predict porous carbon materials with novel pore characteristics, as
well as introducing reinforcement learning methods for adaptive design
of complex porous structures, are promising areas to explore. In
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conclusion, ML opens new pathways for the molecular structure design
and performance optimization of porous carbon materials. It not only
significantly reduces computational costs but also enhances design ef-
ficiency and accuracy, offering significant value for the future devel-
opment of porous carbon materials.

5.1.3. Design and optimization of pore structure

In the design of porous carbon materials, ML has emerged as a
pivotal tool for overcoming the limitations of traditional methods. Pre-
cise control of pore structures requires the synergistic optimization of
multiple parameters, including pore size distribution, pore connectivity,
and surface chemistry, which often exhibit complex nonlinear re-
lationships. Studies have demonstrated that integrating high-
throughput characterization data with ML algorithms enables the in-
verse design of hierarchical pore structures. For instance, GBDT models
can effectively analyze the correlation between process parameters (e.g.,
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activation temperature and impregnation ratio) and pore size distribu-
tion [121], while CNN and DNN are better suited for processing un-
structured data, such as SEM images, to achieve intelligent pore
morphology recognition and classification [282]. In the context of
mesopore-macropore co-design, the combination of MD simulations and
ML-based interatomic potentials significantly improves the accuracy of
pore connectivity predictions, even enabling the construction of carbon
materials with tailored pore size combinations (e.g., ultra-micropores of
0.6-0.9 nm and micropores of 1.6 nm) [133]. ML models can capture
cross-scale structural features that are challenging for conventional
simulation methods to resolve.

The precise regulation of surface functional groups represents
another critical dimension in optimizing pore structure performance. By
analyzing extensive XPS data, ML approaches can predict the distribu-
tion patterns of oxygen- and nitrogen-containing functional groups on
carbon materials and reveal strategies for modulating their surface-
active sites [283]. Recent studies have also shown that reinforcement
learning can dynamically optimize chemical vapor deposition (CVD)
process parameters, enabling fine control over surface chemistry. The
method is particularly valuable for fabricating functionalized porous
carbons with tailored catalytic properties [284]. Notably, the mechan-
ical stability of pore structures must not be overlooked. GNN-based
predictive models can assess the deformation behavior of different to-
pological structures under stress, offering new insights for developing
porous carbons with both high SSA and superior mechanical perfor-
mance [285].

For complex three-dimensional pore networks, extracting features
such as pore geometry, structural robustness, and grading hole remains a
task uniquely suited to ML, yet one that still presents challenges. Addi-
tionally, establishing interpretable mappings between pyrolysis condi-
tions and pore structure performance requires the development of novel
algorithmic frameworks. Future research will likely focus on hybrid ML
models that incorporate physical constraints, such as thermodynamic
principles and transport phenomena, to enhance generalization across
unexplored material systems. Further advancements may also leverage
digital twin technology to enable multiscale optimization, from atomic-
level design to macroscopic performance prediction.

5.2. Gas adsorption

5.2.1. Carbon capture

In carbon capture research, ML is widely used to predict the
adsorption performance of porous carbon materials, demonstrating
remarkable adaptability [134]. The basic mechanism of carbon capture
relies on van der Waals forces between the carbon material and CO-
molecules, which restrict the movement of CO2 molecules [135,136].
The level of adsorption energy is crucial to capture efficiency: higher
adsorption energy increases CO: capture capacity, but if it is too high, it
may hinder desorption. Therefore, accurately predicting adsorption
energy is essential [137-139]. The Stacking model that combines the
MLP, SVM, and XGBR algorithms can predict the adsorption energy of
CO and CO: in different systems. In particular, the calculation based on
the RPBE functional theory works best in this model [140,141]. This
method enables fast predictions of adsorption energy for ionic species on
metal surfaces—results that cannot be directly obtained from DFT
calculations.

Using the texture characteristics of carbon materials and adsorption
conditions, ML can precisely predict carbon capture performance,
significantly reducing experimental costs and providing an efficient
pathway for new material screening and process optimization, which
promotes the industrialization of carbon capture technologies. An RF
model has been established to analyze the impact of pressure, pore
distribution, and textural characteristics on CO: adsorption capacity.
Studies indicated that the material’s SSA, mesopore volume, and
micropore volume contribute most significantly to CO2 adsorption ca-
pacity, with ultra-micropore volume being especially impactful [143]. It
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was also observed that under low pressure (0-0.2 bar), pressure and
pore structure influence 80 %-90 % of the carbon capture capacity.
Meanwhile, at higher pressures (0.6-1 bar), chemical composition and
pore structure account for 72 %-95 % of the influence (Fig. 11ay and a4).
Among chemical composition features, nitrogen groups are the most
influential on carbon capture, followed by oxygen and carbon content.
At low pressures (0-0.15 bar), the impact of nitrogen groups is espe-
cially pronounced (Fig. 11a,). Regarding pore structure characteristics,
micropore volume has the greatest influence on carbon capture [144],
followed by SSA. At higher pressures (0.15-1 bar), ultra-micropores
play a critical role (Fig. 11ag). As pressure increases, the contribution
of micropore volume to carbon capture performance slightly decreases,
while the influence of mesopore volume significantly increases. This
indicates that the range of pore sizes capable of adsorbing CO2 expands
with increasing pressure (Fig. 11b).

Additionally, feature extraction using DT, XGB, and ANN models
suggests that materials with a combination of macropore volume
(0.5-1.45 cc/g), high specific surface area (>450 m?/g), and ample
ultra-micropores (<0.442 nm) show optimal CO: adsorption perfor-
mance [145]. In adsorption performance prediction, the textural char-
acteristics of micropores, mesopores, and macropores are all essential,
with micropore-dominated pore distributions performing best. For
operational conditions, studies indicated that optimal carbon capture
performance is achieved at low temperatures (around 20 °C) and pres-
sures above 1 bar [146].

Deep learning models have shown significant advantages in pre-
dicting carbon capture capabilities, enhancing both accuracy and speed
of predictions while adeptly handling complex nonlinear relationships
and automatically extracting key features [142]. By using inputs like
micropore volume, mesopore volume, and Sggr, DNN models have been
applied to predict COz adsorption capacity in porous carbon materials,
aiming to assess CO: capture potential based solely on textural features
[147,148]. Research indicated that micropores are crucial for CO:
adsorption, while a small number of mesopores are more effective in
aiding CO: diffusion through the pore channels. In such predictions,
SgET, as a self-regulating structural parameter, is particularly effective in
representing gas-solid interactions, thereby improving adsorption ca-
pacity predictions when combined with other structural parameters
[149]. Comparing various types of models to predict carbon capture
effects, it was found that tree models (RF and XGBoost) and deep
learning models had the highest accuracy (Fig. 11c). Comparative
studies of deep learning algorithms (CNN, MLP, LSTM) reveal that CNN
is the most sensitive to carbon capture features, delivering the highest
prediction accuracy [150,151]. Temperature and pressure emerge as
primary influencing factors, followed by textural features,
carbon-to-temperature ratio, and carbon-to-pressure ratio. Using GBDT
to predict the CO: adsorption performance of biomass-derived porous
carbons showed that the characteristics that affect the adsorption per-
formance are adsorption parameters, structural characteristics, and
composition characteristics, in order. In particular, the pore volume in
the pore size range of 0.6-0.8 nm plays a key role in the efficient CO2
capture process. This also shows that for porous carbon materials that
are not doped with nitrogen and oxygen, the raw material composition
characteristics are only a secondary factor [152].

With the continuous advancement of ML and deep learning tech-
nologies, the field of carbon capture is poised to embrace more intelli-
gent and efficient solutions. By integrating multidimensional data (such
as pore structure, pore shape, chemical composition, operating condi-
tions, and kinetic behavior) into comprehensive predictive models, re-
searchers can not only optimize material design but also provide reliable
guidance for process parameter adjustments. In addition, ML-based in-
verse design is expected to become a vital tool for the development of
carbon capture materials. By inputting target performance metrics,
models can rapidly screen or design material combinations that meet
specific requirements, significantly shortening the development cycle
for new materials. This approach holds immense potential for exploring
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novel porous structures, functional modifications, and composite ma-
terial systems. Moreover, combining reinforcement learning with pro-
cess optimization for carbon capture can dynamically adjust
experimental conditions to maximize capture efficiency. Future research
could further integrate automated experimental platforms with intelli-
gent algorithms to achieve end-to-end automation (from material design
and experimental validation to performance optimization), thereby
accelerating the industrial application of carbon capture technologies.

5.2.2. Methane storage

Methane storage in porous materials involves both the microstruc-
ture and macroscopic performance of the materials, typically through
physical adsorption [153]. MLP models, with their deep architectures,
can capture multi-scale information and link microscopic and macro-
scopic features through combinations of nonlinear activation functions
and layered networks, producing a comprehensive description of storage
behavior. Using backpropagation and gradient descent optimization,
MLP effectively handles noise and captures the associations among
nonlinear features, enhancing robustness to experimental data. Addi-
tionally, neural network models achieve greater accuracy and compu-
tational efficiency compared to Monte Carlo (MC) predictions. For
instance, calculating adsorption isotherms via MC takes over 56 CPU
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hours, whereas CNN computes them in under 0.02 seconds (excluding
grid generation) [154]. In methane absorption prediction, MLP models
used SSA, micropore volume, mesopore volume, temperature, and
pressure as inputs, showing high accuracy [155]. Due to the similarity in
properties between CO2 and CHa, the key features influencing methane
storage align closely with those of carbon capture and will not be reit-
erated here. However, because CO: and CHa differ in molecular dynamic
diameters, the pore sizes critical to methane storage differ from those for
carbon capture (Fig. 12a). Compared to carbon capture, mesopore vol-
ume plays a more significant role in methane storage at any pressure, as
the molecular dynamic diameter of CHa4 is approximately 1.2 times
larger than that of CO: [156]. Additionally, as pressure increases, the
contribution of micropore and mesopore volumes also increases,
although this trend plateaus when the pressure exceeds 10 bar
(Fig. 12c¢). When comparing eight models (KNN, LASSO, Elastic Net,
SVM, XGBoost, RF, MLP, and ANN) for methane storage performance
prediction, the latter four models exhibited the highest accuracy
(Fig. 12b). Moreover, as dataset size increases, the prediction accuracy
of ANN and MLP models further improves [157,158]. Notably, removing
SSA from input features weakens the nonlinear relationship, reducing
pore volume to a simple direct proportionality with the prediction
[159]. Adding SSA reintroduces complex nonlinearity, indicating that
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Fig. 12. (a) Quantum mechanical diameter and molecular dynamics diameter of gas molecules. (b) Accuracy of the model for predicting methane storage perfor-
mance. Reproduced with permission [155]. copyright 2021, Elsevier. (c) Correlation between pore structure and methane storage performance at different pressures.

Reproduced with permission [155]. copyright 2021, Elsevier.
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while SSA correlates with micropore volume and mesopore volume, it
likely encompasses additional complex features, which the authors
suggest may be linked to pore irregularity. Experimental data strongly
support this finding: The AC-Mix material with micro-mesoporous het-
erostructure (exhibiting a SSA of 869.82 m?/g) demonstrates signifi-
cantly superior methane adsorption capacity compared to
single-pore-structure activated carbons [160]. This phenomenon not
only confirms the correlation between SSA and PV but also suggests that
SSA may encompass complex structural characteristics such as pore ir-
regularity, which is in perfect agreement with the nonlinear contribu-
tion of SSA observed in machine learning models.

In the field of methane storage using porous materials, the applica-
tion of deep learning models can significantly advance research and
development. First, advanced algorithms such as GAN and VAE can be
employed to generate virtual samples with specific pore structures.
These virtual datasets can compensate for the scarcity of experimental
data and optimize the material design process [161]. Second, the
development of Physics-Informed Neural Networks (PINN) can embed
thermodynamic and kinetic mechanisms of gas adsorption into the
model. This enhances the physical credibility and interpretability of the
predictions, bridging the gap between data-driven methods and domain
knowledge.

5.2.3. Hydrogen storage

In the hydrogen storage process of porous carbon materials, both
physisorption and chemisorption may occur [162]. Chemisorption,
driven by strong binding enthalpy, leads to the dissociation of hydrogen
molecules into atoms, which then bind to the surface of the carbon
material. In contrast, physisorption primarily relies on van der Waals
forces, adsorbing hydrogen molecules or atoms onto the material’s
surface [163]. The loading of heavy metals on carbon materials can
catalyze the dissociation of hydrogen molecules, making the resulting
hydrogen atoms more readily adsorbed [164]. Additionally, metal
loading alters the energy state of the carbon material’s surface,
improving hydrogen storage efficiency at low temperatures [165]. Re-
searchers have used a Shapley Additive Explanations (SHAP) algorithm,
based on game theory, to analyze the relative importance of variables in
hydrogen storage prediction. Recently, this method has gained popu-
larity in various ML models for its strong interpretability [166]. Kusd-
hany et al. [167,168] analyzed SHAP values for features influencing
excess hydrogen adsorption and identified pressure as the most signifi-
cant experimental factor. They also observed a positive correlation be-
tween excess hydrogen adsorption and oxygen content. Specifically,
within the range of 8-11.5 wt% oxygen content, excess hydrogen
adsorption increased by 0.6 wt%. However, adding more oxygen
beyond 11.5 wt% showed diminishing benefits (Fig. 13a;). Further-
more, at higher oxygen contents (indicated by purple and red points),
the hydrogen content has a smaller positive interaction with excess
hydrogen uptake (Fig. 13ay). This finding aligns with the experimental
results of Gotzias and Schaefer [169,170], who reported that hydroxyl
and carboxyl groups are more strongly correlated with excess hydrogen
adsorption compared to other epoxy functional groups. Regarding pore
structure characteristics, total pore volume and micropore volume
showed a linear positive relationship with excess hydrogen adsorption
(Fig. 13a3 and ay), while ultra-micropore volume exhibited a saturation
curve (Fig. 13as). Specifically, ultra-micropores (<1 nm) demonstrated
greater impact on excess hydrogen adsorption at 77 K before reaching a
saturation point, beyond which additional ultra-micropore volume
provided negligible benefits. Both experimental and theoretical studies
indicate that at 77 K, pore widths between 0.5 and 0.7 nm are optimal
for hydrogen adsorption due to the overlapping potential fields of the
pore walls [171]. At lower pressures, the overall influence of all pore
volume types on hydrogen adsorption is weak. However, at higher
pressures, micropore volume maintains a significant linear contribution
to excess hydrogen adsorption (Fig. 13ag), while the effects of total pore
volumes and ultra-micropore volumes diminish (Fig. 13a4 and ag). For
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features derived from DFT simulations, binding energy, metal charge
transfer, and second ionization energy were identified as the top three
most important characteristics, collectively accounting for 64.6 % of the
total feature importance (Fig. 13c). Among various ML models
compared, RF and GBR achieved the highest prediction accuracy for
excess hydrogen adsorption in porous carbon materials (Fig. 13b).

The weak hydrogen bonds in carbon materials result in lower
adsorption energy, which is not conducive to hydrogen adsorption
within narrow pore channels. Therefore, increasing the available surface
area is closely related to enhancing hydrogen storage capacity [172,
173]. Existing studies suggest that the adsorption performance of carbon
materials is primarily linked to micropore or ultra-micropore volume.
Additionally, an appropriate amount of mesopores and macropores is
also essential, as they improve gas flow within the carbon material.
Small pores provide more wall contact, enabling stronger chemical
bonds or intermolecular forces between the adsorbed molecules, thus
enhancing adsorption efficiency [174]. Doping porous carbon materials
with elements like oxygen, nitrogen, or metals can increase surface
active sites, enhancing chemical bonds and intermolecular interactions,
thereby improving adsorption capacity. Furthermore, irregular pore
shapes and protruding structures may also impact adsorption capacity.
Pores with more protrusions and greater irregularity could provide a
larger adsorption surface area, further enhancing adsorption capacity.
The effect of this structural characteristic on adsorption performance has
not been extensively studied and warrants further exploration. Future
research on porous carbon materials for hydrogen storage should focus
on multiscale synergistic optimization and mechanistic insights. By
integrating experimental methods with advanced machine learning
models (such as RF, GBR, and deep learning), researchers can accurately
predict hydrogen storage performance and design optimal porous
structures with the ideal balance of micropores and ultra-micropores.
Additionally, introducing mesopores and macropores can enhance gas
flow and adsorption efficiency. Special attention should be given to the
synergistic effects at low temperatures and pressures, which could pave
the way for the development of next-generation carbon materials with
high hydrogen storage capacity and excellent cyclic stability.

5.3. Gas separation

5.3.1. Carbon dioxide adsorption selectivity

Selectivity is essential in carbon capture, as porous carbon adsorbs
not only CO: but also Nz. Due to N2’s larger molecular size, it rarely
enters micropores, resulting in low adsorption [175]. Optimizing pore
structure, especially the micropore-to-mesopore ratio, can enhance CO-
selectivity while suppressing N2 adsorption, which is crucial for gas
separation and carbon capture applications. A DNN model using textural
features and adsorption conditions as inputs found that optimal CO2 and
N2 adsorption occurs when micropore volume reaches 1.0 cm® /g and
Spet reaches 1250 m?/g [176]. Increasing mesopores and macropores in
porous carbon further suppresses N2 adsorption due to lower adsorption
energy and surface area in these larger pores. To achieve high selec-
tivity, it is recommended to operate at lower pressure, which is also a
typical multi-objective optimization problem. Another approach uses N2
adsorption isotherms at 77 K as inputs in CNN models to predict selec-
tivity. By categorizing adsorption isotherms according to pore size and
type, it was predicted that CO2z adsorption could exceed 5 mmol/g under
Type IV isotherms, while N2> adsorption remains minimal at 298 K and
1 bar, demonstrating high selectivity [177]. Continuous
micropore-mesopore structures (2-5nm) could reduce CO: and N:
adsorption selectivity, so porous carbon materials with well-separated
micropores (<2 nm) and mesopores (3-7 nm) in their pore size distri-
bution are ideal for achieving efficient carbon capture.

The optimization of carbon capture selectivity will become a critical
research direction in the development of porous carbon materials. First,
precise control over pore size distribution remains a key challenge. By
combining advanced synthesis techniques with state-of-the-art
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Fig. 13. (a) SHAP values of oxygen content, total pore volume, ultra-micropore volume, and micropore volume on excess hydrogen absorption and the interaction of
pressure, oxygen content, etc. Reproduced with permission [167]. copyright 2021, Elsevier. (b) Recall and accuracy of the model for predicting hydrogen storage
performance (where C represents the classifier and R represents the regressor). Reproduced with permission [172]. copyright 2025, Elsevier. (c) Feature importance
ranking based on simulated data. Reproduced with permission [172]. copyright 2025, Elsevier.

characterization methods, materials with bimodal or multimodal pore
size distributions can be designed to ensure high CO: adsorption ca-
pacity while further improving selectivity. Specifically, under low-
pressure conditions, fine-tuning the proportion of micropores (<2 nm)
and mesopores (3-7 nm) holds promise for achieving superior CO2/N-
separation performance. Additionally, functional modifications will
further expand the scope of selectivity control. The introduction of
nitrogen-containing groups or other polar functional groups can effec-
tively enhance CO: adsorption capacity while suppressing the compet-
itive adsorption of N.. Future research can focus on the synergistic
optimization of pore structures and surface chemistry to achieve effi-
cient separation in multi-component gas systems, paving the way for
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more advanced and selective carbon capture materials.

5.3.2. Methane adsorption selectivity

In applications such as natural gas purification, biogas upgrading,
coalbed methane recovery, and industrial hydrogen production, the
adsorption selectivity of CHs/N2 and CH4/CO2 mixtures is a critical
factor. Generally, pore size plays a pivotal role in the selective adsorp-
tion of gas mixtures under microporous conditions. Confinement within
small pores intensifies adsorption competition, enhancing selectivity.
For CH4/Nz mixtures, the molecular kinetic diameters (3.8 A for CHs and
3.6 A for N2) and similar polarities result in typically low selectivity
(below 10). However, appropriate design parameters can improve



C. Wang et al.

selectivity, especially in ultra-micropores with high nitrogen content.
This is attributed to weak bond interactions between nitrogen dopants
and CH. molecules, which are more effective in confined spaces for
capturing CHa [178]. As nitrogen content increases, selectivity for
CH.4/N:z and CH./CO: improves significantly in small-pore regions [136].
Notably, regions with high selectivity often differ from those with high
adsorption capacity. In other words, achieving both high capacity and
high selectivity simultaneously is challenging. High adsorption capacity
can be enhanced by increasing the contact area between the gas and the
adsorbent (i.e., SSA). In contrast, high selectivity requires significant

Materials Science & Engineering R 165 (2025) 101010

differences in interactions between adsorbate species and the adsorbent.
Smaller pore sizes and higher nitrogen content are more favorable for
achieving high selectivity.

In gas separation, ML models predict the performance of carbon-
based molecular sieve (CMS) membranes. Studies using SVM with an
RBF kernel show that gas permeability largely depends on the material’s
structural characteristics rather than the properties of the gas molecules
themselves [179]. ML enables researchers to design optimized pore
structures, greatly improving CMS membrane gas separation efficiency.
Key factors influencing gas separation performance (such as residual
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carbon content, free volume fraction of the precursor, and kinetic
diameter ratio of gases) can be precisely predicted and optimized using
ML models. While these achievements demonstrate ML’s potential, its
applications in gas separation are still in the early stages, with much
work needed to develop more generalized and robust models.

5.4. Energy storage and conversion

The energy storage performance of porous carbon materials is
influenced by various factors, and traditional theoretical models often
struggle to accurately describe the complex relationships involved.
Machine learning models, particularly deep learning approaches, can
effectively capture the intricate nonlinear relationships between mate-
rial structure and performance through training on large sets of exper-
imental and simulation data, enabling high-precision and rapid
performance predictions [180]. In the application of porous carbon
materials for energy storage, ML significantly enhances the efficiency
and accuracy of material design, performance prediction, process opti-
mization, and lifespan analysis [181].

5.4.1. Supercapacitor performance prediction

The performance prediction of carbon-based supercapacitors is
influenced by various factors, including material type, SSA, conductiv-
ity, pore size distribution, and the conductivity and thermal stability of
the electrode system [182,183]. In early studies, methods like LR, SVM,
MLP, and DT were commonly used to predict capacitance values, with
the overall performance ranking as DT > MLP > SVM > LR, where DT
models excelled in capturing complex feature relationships [184,185].
Later, Liu et al. [186,187] tested models including MLR, MLP, KNN,
SVM, LGBM [188], RF, and GBDT, using features such as pore size dis-
tribution and nitrogen functional group content. They found RF and
CNN models to deliver the best performance (Fig. 14a, b). Feature
importance rankings for different models in supercapacitor performance
prediction yielded similar results [116]. Key factors influencing capac-
itance values include SSA, micropore volume, total pore volume, and
current density (Fig. 14cj, c3). For nitrogen functional group distribu-
tion, pyridinic-N (N-6) and quaternary-N (N-Q) were the most signifi-
cant contributors to capacitance, followed by pyrrolic-N (N-5) and
N-oxide (N-X) (Fig. 14c;, c4). To improve prediction accuracy, ensemble
learning methods have been increasingly applied in supercapacitor
performance prediction [189]. Ensemble learning integrates the
strengths of multiple models to capture the complexities of the input
feature space. Recently, ensemble models such as XGB have shown
outstanding performance in this field. By optimizing combinations and
ratios of various features, studies have identified that Sy,;c/SSA, SSA, and
pore size make the largest contributions to capacitance among structural
characteristics, providing a promising direction for further capacitance
optimization [190].

In recent years, researchers have considered additional factors in
supercapacitor performance prediction, such as potential window,
electrode configuration, and element doping. In this multi-feature
integration approach, machine learning algorithms like ANN and
Gaussian Processes have shown strong predictive capabilities, particu-
larly with large datasets, as neural networks can capture complex re-
lationships between conditions and performance [220-222]. For
example, Tawfik et al. [191] used an ANN model combined with the
SHAP framework to analyze input features and found that SSA, electrode
configuration system, and pore volume were most correlated with
capacitance, followed by ESR, RCT, and potential window (Fig. 14c3).
To further improve prediction accuracy, they integrated fuzzy logic into
the ANN, creating an Adaptive Neuro-Fuzzy Inference System (ANFIS)
[192]. However, this model did not include nitrogen/oxygen doping as a
feature, so Wang et al. [193] extended the ANN model using data from
acidic electrolytes to predict the specific capacitance of N/O co-doped
carbon materials. They found that appropriate nitrogen and oxygen
doping significantly enhanced the specific capacitance, with the
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maximum specific surface area of N/O-doped carbon reaching
1502 m*/g. When the O content was 20 wt% and the N content was
0.5 wt%, the specific capacitance of the N/O co-doped carbon increased
from 570 F/g to 611 F/g. Additionally, Golze et al. [194] used the KRR
model driven by DFT and GW data to predict XPS spectra and obtained a
tool for obtaining XPS of carbon materials in batches. Some scholars
later noted that using intermediate variables (e.g., SSA, pore volume) as
inputs could introduce noise. Thus, Zhao et al. [192] used initial vari-
ables (elemental analysis, industrial analysis, structural composition,
activation conditions, and current density) as inputs, applying an LGB
model with mutual exclusivity feature binding and gradient unilateral
sampling algorithms to prevent overfitting, achieving strong predictive
outcomes. Pearson correlation analysis revealed that retaining all initial
feature combinations yielded optimal predictive performance. For
biomass-based supercapacitors, industrial analysis and structural
composition had a greater impact on the model than elemental analysis,
with corn stalk-based supercapacitors performing best among agricul-
tural waste biomass. This is likely due to the corn stalk’s rich hemicel-
lulose content, whose loose molecular structure and diverse side chains
produce numerous oxidation products during carbonization [196]. This
has also been demonstrated experimentally. The porous carbon elec-
trode prepared by using CO(NO3)2-6 HoO modified corn straw achieved
a maximum specific capacitance of 732.6 F/g and retained 96 % of its
capacitance after 5000 cycles, which is at a relatively high level among
biomass-based supercapacitors [197].

Traditionally, it is believed that increasing the SSA of electrodes
enhances capacitance, with micropores (<2 nm) considered ideal due to
their higher SSA compared to mesopores (2-50 nm) or macropores
(>50 nm) [223-225]. However, experimental studies have shown that
electrodes containing only micropores often exhibit lower power density
and suboptimal capacitance performance. This is because micropores
increase ionic diffusion resistance, resulting in decreased power density
[226,227]. Additionally, characterizing pore size and shape distribution
in porous carbon materials experimentally presents significant chal-
lenges, especially when micropore sizes are close to ion dimensions,
leading to inconsistent findings across studies [228,229]. Thus, further
research on pore shape and irregularity in porous carbon materials is a
promising direction for future exploration.

As the methods for predicting the performance of carbon-based
supercapacitors continue to evolve, future research can delve deeper
into several key directions. First, developing more accurate multi-
physics coupled prediction models that integrate the electrochemical
performance of materials with real-world operating conditions will
provide valuable guidance for designing supercapacitors with high sta-
bility and long lifespans. Second, exploring the effects of pore shape and
distribution on ion transport and capacitance performance can uncover
the fundamental mechanisms by which micropores and mesopores
contribute to capacitance. Third, expanding performance prediction to
multiple dimensions (such as simultaneously predicting capacitance,
cycle stability, and power density) will enable the construction of a more
comprehensive performance optimization framework. At the same time,
addressing the challenges of large-scale production and cost reduction
for carbon-based supercapacitors in practical applications remains a
critical task. For instance, in the development of biomass-based mate-
rials, improving material uniformity and industrial adaptability will
significantly advance this field. Moreover, as the significant impact of
nitrogen and oxygen doping on performance enhancement becomes
increasingly clear, further research into the mechanisms and optimal
strategies for element doping could provide new theoretical insights for
developing supercapacitors with higher energy and power densities. In
summary, by combining experimental and theoretical approaches and
integrating algorithmic advancements with material innovations, the
energy storage potential of carbon-based supercapacitors will continue
to be unlocked, contributing to the realization of a green energy future
and a low-carbon society.
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5.4.2. Supercapacitor life prediction

The safe operational lifespan of supercapacitors is a critical factor in
ensuring system safety. By predicting supercapacitor aging, aging
components can be replaced proactively, thus ensuring device reliability
and safety [198]. The rapid development of ML offers an effective so-
lution for predicting the remaining useful life (RUL) of supercapacitors.
Early studies used life cycle-based neural network models, relying on
short charge-discharge curves to predict lifespan. However, due to the
limited information in these curves, prediction accuracy was insufficient
[199]. To improve RUL prediction, subsequent studies introduced fuzzy
neural network models based on time series, incorporating time series,
resistance, and capacitance data, which reduced RMSE to 0.01-0.03,
achieving more accurate lifespan predictions [200].

With the advancement of CNN and RNN technologies, more studies
have applied these models for supercapacitor lifespan prediction.
Currently, RUL prediction relies on charge-discharge data collected over
continuous cycles under varying voltage, current, and temperature
conditions. Given the presence of time-series features in this data, RNNs
and their derivatives are well-suited for such applications. For example,
Zhou et al. [201] used a Gated Recurrent Unit (GRU) RNN model to
analyze the effects of temperature and pressure on supercapacitor aging,
providing insights into degradation mechanisms. To further enhance
accuracy, Liu et al. [202] employed a stacked bidirectional RNN model,
which integrates forward and backward data inputs to account for
various factors, offering greater accuracy than a conventional RNN.
CNN, known for its excellent feature extraction capabilities in handling
images and high-dimensional data, has also been applied to RUL pre-
diction. CNN can autonomously learn critical input features, avoiding
human biases. Liu et al. [203] developed a time series-based CNN model,
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also known as a Temporal Convolutional Network (TCN), which
exhibited greater robustness and accuracy than models like back-
propagation neural networks, LSTM networks, and GRU. Overall, TCN
has shown superior memory functions and feature-capturing abilities in
RUL prediction, providing strong support for accurate lifespan predic-
tion of supercapacitors [204]. However, the data-intensive nature of
neural networks poses a significant challenge in the context of porous
carbon supercapacitors, where data scarcity often limits predictive
performance. To address this challenge, some researchers proposed
dividing small datasets into subsets of different sizes, thus generating
training subsets of various dimensions [205]. The highest-scoring
partition is then selected to reduce the accuracy bias caused by data
scarcity [206].

Compared to standard RNNs, LSTM, GRU, and TCN each exhibit
unique characteristics and advantages. LSTM incorporates a gated
mechanism with forget, input, and output gates, enabling it to better
capture long-term dependencies in complex time-series data. This makes
it particularly well-suited for tasks requiring robust memory retention of
long-term information (Fig. 15c). GRU simplifies this structure by using
reset and update gates, reducing the number of parameters while
maintaining the ability to handle both short- and long-term de-
pendencies. This results in faster training and higher computational ef-
ficiency, making GRU ideal for resource-constrained environments and
scenarios requiring rapid computation (Fig. 15e) [207]. In contrast, TCN
leverages causal and dilated convolutions, offering superior paralleli-
zation and effectively capturing long-term contextual information in
sequential data while avoiding delays associated with recurrent com-
putations (Fig. 15b). Furthermore, TCN provides greater flexibility and
stability by adjusting the dilation factor to expand the receptive field. It
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excels at handling large-scale sequence data efficiently and demon-
strates better performance in mitigating gradient vanishing or explosion
issues. These unique features allow each model to shine in specific task
scenarios.

Regarding the factors affecting supercapacitor lifespan, voltage,
current, and temperature are significant determinants. Lifespan degra-
dation accelerates notably when temperatures exceed 60°C or voltages
surpass 2.7 V (Fig. 15d). Because there is a clear curve relationship
between charge-discharge data over cycles and lifespan, which is rela-
tively simple in complexity, time-series models such as LSTM RNN, GRU
RNN, and TCN achieve high prediction accuracy, often exceeding an R?
of 99.5% (Fig. 15a). However, this application is considered a
straightforward example of lifespan prediction. Future research should
incorporate dynamic variables such as ambient temperature, humidity,
and charge-discharge rates to develop more precise lifespan prediction
frameworks. Real-time lifespan monitoring systems based on edge
computing could be developed to provide proactive maintenance and
system optimization. Cross-disciplinary collaboration integrating ma-
terials science with data science will further enhance our understanding
of supercapacitor aging mechanisms, improve feature selection strate-
gies, and elevate the physical interpretability of models. In critical sce-
narios where supercapacitors operate beyond rated parameters, such as
under high temperature, overvoltage, or overcurrent conditions, life-
span degradation often exhibits nonlinear and complex behaviors. This
places higher demands on the predictive capabilities of models. Tradi-
tional time-series models may struggle to accurately capture sudden
failure characteristics in such cases. To address this, advanced methods
like reinforcement learning, transfer learning, and physics-informed
machine learning models should be explored. These approaches could
be combined with finite element simulations (FEM) and multi-scale
modeling (MSM) to create more robust predictive frameworks. Addi-
tionally, incorporating anomalous parameters representing abrupt
changes into the models can help assess their ability to detect abnormal
behavior and adapt to extreme conditions. This is crucial for developing
reliable lifespan prediction systems capable of handling real-world
challenges and ensuring the safe operation of supercapacitors under
diverse conditions.

5.4.3. Batteries and catalysis

The application of ML in porous carbon materials is continuously
expanding, covering traditional areas like energy storage, adsorption,
and supercapacitors, and advancing into cutting-edge fields such as
catalysis, gas separation, pollutant treatment, and electrochemical sen-
sors. By incorporating ML techniques, these areas have seen significant
improvements in material design efficiency, performance optimization,
and application potential [209]. However, the use of ML in these fields is
still in its infancy, with relatively few studies exploring its full potential.
There remains vast untapped space for future development, particularly
in addressing complex challenges and advancing the integration of ML
with experimental and theoretical approaches.

In the battery field, ML has been applied to predict sodium storage
performance in sodium-ion batteries with porous carbon materials,
identifying critical structural parameters in the sodium storage process,
such as material crystallinity. This information is particularly valuable
for understanding sodium storage mechanisms and predicting perfor-
mance in non-graphitic carbon materials [210]. Despite these advances,
there are still limited studies focusing on broader applications of ML in
battery systems, signaling an opportunity for further exploration.

In the field of catalysis, ML is employed to predict the performance of
porous carbon materials as catalyst supports and to optimize their design
processes, enhancing catalytic activity, selectivity, and stability [211].
For example, ML leverages large-scale data mining and model training to
optimize structural characteristics of catalytic active sites, facilitating
the design of highly efficient carbon-based catalysts. Wang et al. [212]
utilized ML-driven MD simulations at the atomic scale, incorporating
van der Waals interactions to retrain the Gaussian approximation
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potential for carbon materials. Their study on the structure and me-
chanical properties of nanoporous carbon materials revealed that pore
size increases as the density of the carbon material decreases, with the
material exhibiting isotropic elasticity that diminishes with increasing
density. The intrinsic activity and selectivity of catalysts are primarily
determined by the chemical characteristics of functional molecules and
the active sites formed after loading, while being synergistically regu-
lated by the textural features of support materials such as SSA, pore size
distribution, and surface functional groups [213,214]. The topological
structure and defect density of carbon substrates not only influence the
loading efficiency and dispersion uniformity of functional molecules but
also significantly modulate the catalytic process through electronic ef-
fects [215]. Therefore, establishing structure-activity relationship
models based on materials genomics, combined with machine learning
to predict the evolution of carbon support textural features, and
employing density functional theory to elucidate electronic structure
changes before and after loading, are of paramount importance for the
rational design of high-performance catalysts. Although current ML
research has predominantly focused on predicting adsorption energy,
catalytic activity, and strength, investigations into catalyst mechanisms,
structure-performance relationships, and long-term stability remain
relatively limited, presenting promising directions for future
exploration.

In summary, although ML has achieved notable progress in the
design and optimization of porous carbon materials, its application is
still relatively new and underexplored. Currently, research on ML-
assisted carbon materials in fields such as batteries, catalysis, and
pollutant treatment is still in its early stages. Expanding ML techniques
into more complex and interdisciplinary challenges offers tremendous
opportunities to revolutionize the field and unlock the full potential of
porous carbon materials.

5.5. Pollutant adsorption and treatment

Machine learning has demonstrated remarkable predictive capabil-
ities in the field of pollutant treatment. In a groundbreaking study,
Kowalczyk et al. [230] developed an integrated model using
Boltzmann-weighted RMSLE scoring combined with multiple regression
algorithms, which successfully predicted the paracetamol removal effi-
ciency from aqueous solutions using just three key structural parameters
of porous carbon materials: total surface area, ultra-micropore surface
area, and mesopore surface area. This breakthrough confirms that ML
techniques can effectively predict material performance in pollutant
removal based on limited structural features, significantly reducing
experimental workload and costs. For emerging antibiotic pollutants,
the RF model exhibited outstanding performance in predicting the
adsorption capacity of tetracycline (TC) and sulfamethoxazole (SMX) on
carbon-based materials, achieving prediction accuracies of R?>= 0.894
and R?= 0.909, respectively [216]. The RF model not only outperformed
GBT and ANN but also demonstrated superior generalization capability
compared to traditional isotherm models. Comprehensive feature
importance analysis revealed that SSA was the most critical factor,
contributing 45 % and 24 % to SMX and TC adsorption, respectively,
while solution pH and initial pollutant-to-adsorbent ratio also played
significant roles. These three key parameters collectively explained
74 % and 80 % of the variance in TC and SMX adsorption behaviors,
with the differences primarily attributed to SMX’s smaller molecular size
and distinct functional group characteristics compared to TC. Research
has shown that porous carbon materials not only exhibit excellent
removal efficiency and selective adsorption properties for pharmaceu-
tical pollutants like paracetamol [217,218], but certain modified carbon
materials also demonstrate remarkable photocatalytic degradation ca-
pabilities for organic dye pollutants [219]. Machine learning techniques
can accurately analyze these complex adsorption behaviors and per-
formance differences, providing crucial guidance for the optimized
design of carbon-based adsorbents. Notably, ML models show



C. Wang et al.

tremendous potential in predicting carbon materials’ performance in
adsorbing and photo-catalytically degrading various pollutants,
including antibiotics and dyes. By incorporating more intrinsic material
properties and environmental parameters, these models could be further
extended to practical applications in complex multi-pollutant treatment
systems.

6. Future research prospects
6.1. Looking forward to new automated research systems

As early as 2010, researchers had begun exploring the use of robotics
to replace traditional experimental processes in materials design [232].
These early systems were predominantly semi-automated material
synthesis platforms, where operators set parameters and liquid-handling
robots performed the experimental procedures (Fig. 16a). In recent
years, with the rapid advancement of ML algorithms, decision-making
algorithms for controlling robots in materials design have also seen
significant progress. The integration of Al and robotic collaboration has
enabled the full automation of experimental processes, wherein Al not
only controls the entire experiment but also adjusts experimental con-
ditions based on feedback from material characterization data to opti-
mize material performance (Fig. 16b). For instance, an Autonomous
Laboratory combining robotics with ML algorithms has successfully
realized fully automated material synthesis, encompassing a closed-loop
optimization process from experimental planning to data analysis. This
system significantly enhances the efficiency of materials development
and applies to various materials, including porous carbon, for optimi-
zation and performance prediction [233]. Furthermore, mobile robots
have been deployed in automated chemical synthesis laboratories,
where they operate experimental equipment to complete complex
chemical reactions while leveraging autonomous navigation systems to
improve workflow flexibility and efficiency [234]. In addition, Al-driven
"robot chemists" not only autonomously perform experimental opera-
tions but also optimize reaction conditions based on feedback from
high-throughput data, thereby maximizing material performance. These
systems have demonstrated tremendous potential in the fields of mate-
rial synthesis and optimization [235]. In the realm of porous carbon
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materials, researchers have implemented feedback mechanisms to ach-
ieve fully automated processes for the synthesis and optimization of
carbon nanotubes. These systems enable the design, execution, and
analysis of experiments at speeds several orders of magnitude faster than
conventional methods [236,237]. Although the direct application of
such technologies to porous carbon materials design remains limited,
these advancements hold significant promise for the future optimization
and improvement of porous carbon materials. This technology not only
accelerates the materials design process but also generates large vol-
umes of experimental data, paving the way for breakthroughs in mate-
rials research.

Based on these experimental outcomes, ML models are employed to
predict material properties, growth rates, and diameters, etc. Further-
more, using expected improvement-based decision strategies, ML plan-
ning models can automatically fine-tune experimental conditions (such
as catalyst type, temperature, and reaction time), reducing carbon
nanotube diameter control error to about 0.01 nm, surpassing tradi-
tional methods in both efficiency and accuracy [238]. By employing
trial-and-error in virtual experiments, these models identify optimal
parameter combinations, ensuring that actual experiments achieve
desired results. The primary challenge in automating ML-assisted porous
carbon synthesis lies in the complexity of automating the design steps,
particularly with complex precursors. In the future, similar autonomous
research systems could be applied across other material synthesis fields,
eliminating human influence and significantly enhancing efficiency.

ML can simplify the synthesis process of porous carbon materials by
enabling efficient experimental design and accurate prediction models,
thus freeing researchers from labor-intensive manual operations and
allowing them to focus more on foundational research to explore the
microstructure and properties of porous carbon materials. For example,
the use of ML techniques can reduce the time required for experimental
optimization by up to 50 % and reduce the number of experiments by up
to 40 % [239]. Additionally, ML models can rapidly identify materials
with potential applications, accelerating their deployment in fields such
as energy storage, catalysis, and environmental remediation, further
driving technological innovation.
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6.2. Looking forward to new research directions

In the design of porous carbon materials, research remains relatively
limited, with existing studies primarily emphasizing the surface area and
pore volume of biomass-based raw materials. However, abundant
carbon-based resources, such as coal, tar pitch, gasification slag, coke,
fly ash, and residual carbon, have not been thoroughly investigated. This
lack of exploration has resulted in ML studies on carbon material design
failing to incorporate critical features related to raw material charac-
teristics, leading to potentially incomplete prediction results.

In terms of the application of porous carbon materials, as summa-
rized in Table 7, current research mainly focuses on carbon capture,
energy storage, and supercapacitors. However, many potential ML ap-
plications, such as catalyst supports, water treatment, and sensors,
remain underexplored, leaving substantial room for future investigation.
Even within the existing research directions, there is a notable gap in ML
studies addressing the regeneration performance, analytical character-
istics, and functional group effects of porous carbon materials used for
carbon capture and energy storage. Integrating ML into these areas
represents a significant opportunity to advance the field of porous car-
bon materials. Furthermore, future studies should consider incorpo-
rating a broader range of design features, such as pore shapes and a more
diverse selection of raw materials. This approach could further drive the
development of porous carbon materials, opening new avenues for
innovative applications and enhancing the effectiveness of ML-driven
material design.

6.3. Looking forward to new MOF carbonization methods

MOFs are a class of rapidly developing functional materials that have
gained significant attention over the past decade. Some MOFs exhibit
rich pore structures and ultra-high SSA, demonstrating remarkable po-
tential for hydrogen storage. For instance, MOF-210 boasts an SSA
exceeding 6000 m?/g [240]. Additionally, the metal sites on MOF sur-
faces can further enhance their capabilities in carbon capture and

Table 7
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hydrogen storage. However, MOF still faces significant challenges in
terms of thermal stability, physicochemical stability, and structural
longevity. Studies have shown that the structure, porosity, and hydrogen
storage performance of certain MOF cannot be maintained over
extended periods [241-243] (under the same storage conditions, carbon
materials retain stable hydrogen storage performance and structural
integrity after one year, whereas MOF completely lose their hydrogen
storage capacity even when carefully preserved for the same duration).
This severely limits their industrial applicability. In recent years, re-
searchers have focused on carbonizing high-surface-area MOF into
porous carbon materials. However, experiments reveal that the specific
surface area of high-surface-area MOF decreases by approximately 40 %
during carbonization due to structural collapse and pore blockage [244].
Therefore, a key challenge lies in maximizing the retention of the orig-
inal carbon framework during pyrolysis while avoiding pore deforma-
tion and collapse, which is crucial for producing high-performance
porous carbon materials. As shown in Fig. 17, researchers aim to achieve
rapid decomposition of tar into small molecules and their swift diffusion
during carbonization, while minimizing thermal expansion stress.
Nevertheless, the fundamental mechanism behind the rapid decline in
specific surface area during MOF carbonization remains poorly
understood.

The rapid advancement of ML in recent years has brought new hope
to this field. ML has demonstrated significant potential in analyzing
MOF carbonization processes. Its image recognition technology can
accurately capture the dynamic evolution of MOF molecular frame-
works during carbonization through high-dimensional data analysis,
revealing key nodes where the detachment of volatile groups such as H,
O, and N leads to structural collapse. This provides a theoretical foun-
dation for identifying the most stable framework configurations during
carbonization. Furthermore, ML employs data-driven approaches to
deeply investigate the multi-scale mechanisms of carbonization, inte-
grating high-throughput computational and experimental data to
establish complex mappings between external conditions (e.g., tem-
perature, pressure, and atmosphere) and MOF structural evolution. This

Summary of ML predictions for porous carbon performance in different application scenarios.

CO: Capture

CHjs Storage H: Storage

Supercapacitors

Sisloeiste”

Water treatment Sensor

Catalyst carrier

Specific surface area v Specific surface area v Specific surface area v Specific surface area v Specific surface area X Specific surface area X Specific surface area X
Pore volume \/ Pore volume \/ Pore volume \/ Pore volume X Pore volume X Pore volume X Pore volume X
Pore diameter \/ Pore diameter X Pore diameter X Pore diameter X Pore diameter X Pore diameter X Pore diameter X
Pore irregularity X Pore irregularity X Pore irregularity X Pore irregularity X Pore irregularity X Pore irregularity X Pore irregularity X
Adsorption capacity \/ Adsorption capacity \/ Adsorption capacity \/ Conductivity X Adsorption capacity X Adsorption capacity \/ Conductivity X
Adsorption energy v Adsorption energy X Adsorption energy X Specific Capacitance v Adsorption energy v Adsorption energy X Response time X
Adsorption rate b ¢ Adsorption rate b ¢ Adsorption rate X Energy density v Thermal stability X pH stability X Recovery time X
Selectivity v Selectivity v Selectivity X Power density v Active v Selectivity v Selectivity X
Desorption Desorption Desorption Regeneration Regeneration
X X x Bulk density x \/ x Sensitivity X
performance performance performance performance performance
Regeneration Regeneration Regeneration Environmental
X X X Cycle life v Antitoxicity X Anti-interference X
performance performance performance stability
Chemical Chemical
Functional groups X X X Internal resistance X Active site v/ Functional groups X Functional groups X

modification modification

Note: A check mark indicates that ML has already been used for predictions, while a cross mark indicates that ML has not yet been used for predictions.
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Fig. 17. Bottlenecks in the MOF carbonization process and the ideal carbonization process assisted by ML.

enables the prediction of pore structure, SSA, and stability of carbonized
MOF under various conditions. RL-based optimization algorithms can
automatically explore optimal carbonization parameters, such as heat-
ing rate, pyrolysis temperature, and duration, to minimize structural
collapse and pore blockage. Additionally, ML can screen candidate
materials with high stability during carbonization by analyzing the
chemical composition and topological structure of MOF precursors,
providing theoretical guidance for experimental design. Given the vast
diversity of MOF and the large number of atoms within their frame-
works, traditional molecular dynamics simulations face challenges of
high computational complexity and time consumption. In contrast, ML
significantly reduces computational costs by constructing efficient sur-
rogate models while maintaining high-precision predictions of complex
physicochemical processes. This offers a new research paradigm for
optimizing MOF carbonization pathways and designing high-
performance porous carbon materials, driving the transition from
experience-driven to data-driven approaches in this field. These research
directions await further exploration by scholars.

6.4. Looking forward to new ML models

In the performance prediction of porous carbon materials, RF and
deep learning models exhibit high accuracy, which can be attributed to
several factors. RF models effectively handle complex nonlinear re-
lationships and reduce overfitting risks through the integration of mul-
tiple decision trees, making them particularly well-suited for analyzing
multidimensional and multi-feature experimental data [245-249].
Meanwhile, deep learning models, such as DNN and CNN, excel at
capturing deep features and patterns through multi-layer nonlinear
mapping, demonstrating significant advantages in processing complex
data, such as pore structure characteristics and adsorption performance.
Additionally, the robust self-learning capability of deep learning models
allows them to optimize feature weights during large-scale data training,
thereby enhancing prediction performance [250-254].

However, the effectiveness of these models is influenced by data
quality and feature selection. For instance, RF models are relatively
sensitive to the independence of input features, while deep learning
models rely heavily on the scale and diversity of the data [255-258].
Future improvements to these models can focus on several directions:
Integrating multimodal learning to combine experimental data with
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simulation data and characterization images to enhance model
comprehensiveness; Optimizing feature engineering by leveraging
explainable algorithms like SHAP to identify key features and using
automated feature generation methods to improve input quality;
developing more efficient hybrid models that combine RF with deep
learning to leverage their respective strengths and improve prediction
accuracy and robustness; and embedding physical constraints, such as
employing reinforcement learning to incorporate physical laws into the
learning and prediction processes, thereby improving model perfor-
mance and reliability. These advancements will enable more accurate
predictions of the performance of porous carbon materials across
various applications, providing stronger theoretical support and prac-
tical guidance for material design.

6.5. Looking forward to new ML features

Due to the presence of unsaturated chemical bonds, the surface of
porous carbon materials forms adsorption fields, where gas adsorption is
influenced primarily by van der Waals forces or weak chemical bonds,
resulting in positional or non-positional adsorption. The CO- adsorption
density decreases as pore size increases, mainly because smaller pores
provide stronger adsorption potential between the pore walls and CO:
molecules [259,260]. The more confined gas molecules are within the
pore channels, the stronger the interactions with the pore walls, leading
to higher adsorption potential [261]. Once gas molecules are captured
by the pore walls, the enhanced adsorption potential makes it easier for
the molecules to be trapped, thereby increasing adsorption density
[262]. In applications such as carbon capture, energy storage, and water
treatment, adsorption can be divided into two main types: adsorption on
solid surfaces and multilayer compressed aggregates within slit pores
[263,264]. Especially in slit pores, gases exhibit a multilayer adsorption
phenomenon. During physical or chemical adsorption, gas molecules
attach to porous carbon walls through intermolecular forces or weak
chemical bonds, gradually forming multilayers as pressure and spatial
restrictions increase. As shown in Fig. 18, adsorption processes differ
under low-pressure and high-pressure conditions. At low pressure, the
mechanism corresponds to volume filling, while at high pressure, it
corresponds to layer-by-layer adsorption. Under low pressure, the ki-
netic energy of gas molecules is relatively low, making them more likely
to be confined within small micropores or trapped at surface
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Fig. 18. Schematic illustration of gas molecule adsorption mechanisms in irregular pores under high and low pressure, showing the volumetric filling mechanism at
low pressure, the layer adsorption mechanism at high pressure, and the "trap effect" in recessed regions.

depressions. In mesopores, gas molecules first fill the depressions, then
rapidly fill the entire pore volume rather than adhering layer by layer
[265,266]. At high pressure, as the concentration of gas molecules in-
creases, more molecules overcome the barriers of thermal motion and
are captured by the pore walls. After the small micropores and surface
depressions are filled, gas molecules begin to stack layer by layer within
larger pores, forming multilayer adsorption. At this stage, gas molecules
are adsorbed onto the pore walls rather than filling the pore volume
[267-269].

Two main approaches enhance the adsorption capacity of porous
carbon materials for gases like hydrogen, methane, and carbon dioxide
[270]. The first approach involves doping elements or oxidizing porous
carbon materials to increase surface adsorption energy, a method
well-supported by existing studies approach is to increase the adsorption
area, an area with limited research [271]. In Fig. 18, with the coverage
of adsorption layers, the pore size progressively decreases, intensifying
confinement effects on gas molecules. Under identical pore sizes, pores
with higher irregularity can offer a larger adsorption surface area,
facilitating the quicker formation of the first adsorption layer and
thereby promoting multilayer adsorption. Conversely, regular pores
have a weaker adsorption effect and may not form a complete adsorp-
tion layer. This highlights the potential of irregular porous structures to
enhance adsorption capacity, providing a new research direction for
future studies.

In the porous channels of materials, gas molecules are also influ-
enced by van der Waals forces or dipole interactions from surrounding
gas molecules. These interactions can include either attractive or
repulsive forces, depending on the relative positions and charge distri-
butions of the molecules [272,273]. As gas molecules approach the
channels or move closer to the pore walls, they must overcome these
opposing forces, including certain repulsive forces, before they can
adhere to the walls and be captured [274]. When one or more layers of
gas molecules have already been adsorbed within the pores, van der
Waals attraction occurs between the already adsorbed molecules and
newly incoming gas molecules. At the same time irregular pore shapes
can restrict the movement of gas molecules, thus increasing the proba-
bility of collision of gas molecules with the wall, leading to easier
attractive trapping. During multilayer adsorption, the adsorption sur-
face (comprising both the pore walls and the previously adsorbed mol-
ecules) forms an extended adsorption potential well. As new molecules
approach, they can "step into" this potential well gradually, without
having to overcome a single high-energy barrier as in monolayer
adsorption. In other words, for the first adsorption layer, gas molecules
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must overcome strong repulsive forces between themselves and the pore
walls. However, for the second layer, gas molecules only need to over-
come weaker repulsive forces between themselves and the first layer of
adsorbed molecules. As the number of adsorbed layers increases, the
repulsive and attractive forces on the new molecules decrease until an
equilibrium state of adsorption and desorption is reached.

As shown in Fig. 18, in recessed areas, gas molecules interact with
multiple wall regions around the depression through van der Waals
forces or electrostatic interactions. These interactions are additive,
resulting in enhanced adsorption capacity. This phenomenon is analo-
gous to a "trap" effect, where molecules entering the recessed areas
experience attraction from multiple directions, making them less likely
to escape. The "encapsulation” of recessed areas increases the contact
area between gas molecules and the surface, thereby strengthening the
overall adsorption forces. In contrast, on protruding regions, gas mole-
cules primarily interact with single points on the surface, resulting in
limited contact areas and weaker interaction forces. Furthermore,
because protruding regions are often exposed to the interior of the pore
or the pore entrance, gas molecules are more likely to be carried away by
fluid motion or diffusion, making stable adsorption difficult. In practical
research, optimizing adsorption performance can be achieved by
designing a large number of micropores or recessed structures to
enhance adsorption capacity while reducing the proportion of smooth
surfaces or protruding regions.

Overall, pore irregularity significantly enhances the adsorption
performance of porous carbon materials. In Fig. 19, the formation pro-
cess of porous carbon materials is highly complex, involving gas pene-
tration, deposition, release, as well as the generation and expansion of
pores, all of which are influenced by the composition of raw materials
and pyrolysis conditions. However, pore irregularity arises as a result of
the combined effects of these processes, and it is further shaped by the
properties of the raw materials, the pyrolysis techniques, and the spe-
cific pyrolysis methods used. If experimental conditions can be effec-
tively linked to pore irregularity characteristics, this feature could serve
as a key indicator of how different pore shapes influence the adsorption
capacity of gas molecules. This would provide valuable insights for the
integration of ML in the design and application of porous carbon
materials.

The raw material composition of porous carbon materials is highly
varied, with carbon present in multiple forms. The content and distri-
bution of active and inert components, along with differences in
decomposition rates and timing among components, contribute to the
diversity of pore shapes. Additionally, different constituents or carbon
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Fig. 19. The process of pore formation and the influence of pore shape on adsorption.

structures exhibit varying hardness levels, resulting in uneven distri-
bution of internal stress. The type and amount of activating agents
significantly affect the pore shapes in carbon materials. In Fig. 20, the
processes of softening, pore collapse, stress release, and re-carbonization
of carbon materials vary at different temperatures, further impacting
pore irregularity. Thus, key characteristics of raw material composition
and pyrolysis conditions play a critical role in determining the
complexity of pore shapes. A thorough understanding of these influ-
encing factors can enable more precise control over pore structure,
which is essential for optimizing the performance of porous carbon
materials in applications like adsorption, energy storage, and catalysis.

Previous studies indicate that pore shapes significantly impact the
effectiveness of porous carbon materials in adsorbing gas molecules,
solution ions, and macromolecular pollutants. However, due to the
physical and chemical randomness of pore irregularity, this factor is
often overlooked. ML offers unique advantages in uncovering the pat-
terns in these seemingly random features, making pore shape a key
factor for future research. SEM images contain valuable information on
the shape characteristics of porous carbon material pores. Scholars like
Kurbakov et al. [275] have conducted related research, utilizing SEM
images of carbon-supported nanoparticles. They defined custom nano-
particle orderly characteristics and used a CNN model to identify or-
dered and disordered arrangements of palladium nanoparticles,
analyzing defect distribution on carbon material surfaces. This explo-
ration marks the beginning of automated SEM image analysis in carbon
materials and materials science. Similarly, pore shape information can
also be extracted from SEM images, providing additional data on pore
shape features. However, due to considerable noise in SEM images,

Gas Release

& .
Carbon-based
Material

appropriate denoising is essential before feature extraction. For some
carbon materials that are challenging to synthesize, such as vertically
aligned carbon nanotubes, obtaining numerous authentic SEM images is
difficult. Hajilounezhad et al. [276] proposed generating SEM images
through virtual labs based on physical simulations, which, combined
with deep learning models, can predict the structure and mechanical
properties of carbon nanotubes. This method offers an effective alter-
native for data-scarce scenarios, broadening the scope of SEM-based
pore structure analysis in ML applications for carbon materials.

As a tool, ML has certain limitations. To fully harness its potential, it
is recommended to use it in conjunction with other methods, such as
experimental techniques or DFT. This approach can help clarify the
mechanisms behind material performance improvements and create a
synergistic effect by leveraging the strengths of different methods.
However, the true value of ML in the synthesis and performance pre-
diction of porous carbon materials lies in uncovering unexpected
structural characteristics and effects. It cannot replace researchers’
enthusiasm and creativity in exploring the structure-performance re-
lationships of carbon materials. ML serves as a powerful tool to reveal
hidden patterns and correlations, but the insights and innovative ap-
proaches in material design still heavily rely on human intuition and
experimental curiosity. Ultimately, ML complements human ingenuity,
enabling more efficient discovery while inspiring deeper exploration
into the fundamental mechanisms of porous carbon materials.

6.6. Perspective

In this field, the development of high-quality datasets represents

R

5 :
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Fig. 20. The complex carbonization and activation process of carbon materials.
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both a key research focus and a major bottleneck, as currently available
public databases remain extremely limited. This research direction is
still in its nascent stage, with numerous subfields awaiting machine
learning-assisted advancement. All of which fundamentally depend on
specialized dataset support. Therefore, we strongly advocate for aca-
demic collaboration to establish standardized, open-access domain-
specific databases. Moreover, the machine learning methods and ap-
proaches for carbon materials presented in this study are equally
applicable to other materials science research domains.

In the design and application of porous carbon materials, the char-
acterization of pore structures and the quantification of irregularity
represent two critical challenges. Irregular pores can significantly
enhance adsorption performance through additional active sites created
by surface concavities. Two primary approaches are available for eval-
uating pore irregularity: (1) morphological analysis by quantifying the
number and depth of concavities in 2D/3D pore structures to establish
quantitative metrics, and (2) comprehensive analysis combining SSA
and PA. Concurrently, key parameters influencing material performance
have been progressively identified in carbon material applications.
While existing predictive models still have room for accuracy
improvement, the potential gains may be limited. Consequently,
research focus is shifting toward automated material optimization
design, whose core lies in establishing a closed-loop workflow of
"automated characterization — model optimization — feedback adjust-
ment — experimental verification". The efficient coordination of these
interconnected processes has emerged as a major technical challenge.

7. Conclusion

In summary, this review provides a comprehensive analysis of ML
methods in the synthesis and application of porous carbon materials,
with a particular focus on areas like carbon capture, energy storage, and
supercapacitors. With efficient predictive models, ML has the potential
to streamline the synthesis process of porous carbon materials, freeing
scientists from labor-intensive manual experiments. The integration of
robotics with ML holds promise for developing autonomous research
systems that could significantly accelerate the discovery of new mate-
rials. In terms of applications, ML not only enhances the performance of
porous carbon materials but also offers synthesis guidance. The
continued development of novel porous carbon materials will drive the
advancement and application of various emerging technologies. Based
on the advances in various algorithms for different applications, inte-
grated models are likely to dominate ML research in porous carbon
materials moving forward. This paper also provides an in-depth analysis
of feature importance across applications, emphasizing the critical roles
of ultra-micropores and some mesopores.

Additionally, while the literature frequently highlights the signifi-
cant impact of pore shape on adsorption performance, the underlying
mechanisms remain underexplored. Currently, ML applications remain
concentrated in fields like carbon capture, energy storage, and super-
capacitors, with many other applications awaiting to be explored.
Although some studies have focused on surface area and pore volume
characteristics, they are mostly limited to biomass materials; raw ma-
terials such as coal, tar pitch, gasification slag, coke, fly ash, and residual
carbon have yet to be deeply investigated. This reveals the vast potential
for further exploration of ML in the field of porous carbon materials.
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