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Artificial intelligence for anaerobic digestion:
advancing sustainable biogas production
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Wei Liao *a

Anaerobic digestion (AD) is a technology for sustainable waste management and renewable energy

production, yet its complexity and variability limit process efficiency and control. Advances in artificial

intelligence (AI) offer solutions through improved predictive modeling, process optimization, and

monitoring. This review provides a comprehensive and application-oriented synthesis of AI applications

in AD from 2015 to 2025, covering methane yield prediction, microbial community integration,

optimization, and system control. Commonly used models such as artificial neural networks, support

vector machines, random forest, and hybrid frameworks are employed for predictive accuracy and

design. AI-powered soft sensors enable non-invasive, real-time estimation of parameters such as volatile

fatty acids, alkalinity, pH, and methane production, supporting early warning, anomaly detection, and

adaptive control. Incorporating microbial data into these frameworks further enhances diagnostics and

stability assessment, although such integration remains limited in current studies. Bibliometric analysis

and case studies highlight research trends, innovations, and global hotspots, alongside persistent

challenges in data quality, interpretability, interdisciplinary collaboration, and scale-up. Future priorities

include standardized, open-access data infrastructures, explainable and robust models, sensor–AI inte-

gration, and multi-objective optimization frameworks that balance technical, environmental, and

economic performance. The proposed roadmap bridges AI methodologies with AD-specific system

characteristics, distinguishing this review from previous studies and providing a pathway toward

practical, field-ready AD systems capable of accelerating the transition to sustainable waste-to-energy

solutions.

1. Introduction

Anaerobic digestion (AD) is widely recognized as an effective
technology for sustainable waste management, renewable
energy production, and nutrient recovery.1 Despite their advan-
tages, AD systems are complex and sensitive to feedstock
variability, microbial community dynamics, and operational
fluctuations.2 These factors pose challenges for real-time mon-
itoring, process control, and overall system optimization,3

particularly at the full scale.4 Artificial intelligence (AI) and
machine learning (ML) have recently emerged as promising
tools to address these challenges.3,5,6 Their ability to model
nonlinear relationships, process high-dimensional data, and
adaptively learn from operational feedback presents a valuable
opportunity for AD systems. The increasing global focus on

sustainable energy and waste management, coupled with rapid
advances in AI, highlights the need for a comprehensive review
in this field.

Several recent reviews have examined AI applications in
AD, including their role in lignocellulosic biorefinery
processes,7 biochar-related applications,8 co-digestion strate-
gies for biomass,9 and landfill leachate treatment.10

Additional studies have focused specifically on AI-based
optimization of biogas and methane production.11–13 While
these reviews provide useful insights, most remain limited in
scope. They often emphasize AI algorithms without sufficient
consideration of AD-specific challenges or focus on AD appli-
cations without integrating computational perspectives. In
addition, emerging topics such as sensor-data fusion, soft
sensor development, and explainable artificial intelligence
are often insufficiently discussed, highlighting the need for a
more integrated and forward-looking review.

To address these gaps, this review provides a structured
synthesis of AI applications in AD across four major domains:
biogas and/or methane yield prediction, microbial community
integration, process optimization, and system monitoring and

a Department of Biosystem and Agricultural Engineering, Michigan State University,

East Lansing, 48824, MI, USA. E-mail: liaow@msu.edu; Fax: +517-432-7205;

Tel: +517-432-7205
b Department of Biological and Ecological Engineering, Oregon State University,

Corvallis, 97331, OR, USA

Received 25th February 2026,
Accepted 8th June 2026

DOI: 10.1039/d6ya00053c

rsc.li/energy-advances

Energy
Advances

REVIEW ARTICLE

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

4 
Ju

ne
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/2
9/

20
26

 3
:5

2:
38

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online
View Journal

https://orcid.org/0009-0005-8567-4278
https://orcid.org/0000-0002-8687-2170
http://crossmark.crossref.org/dialog/?doi=10.1039/d6ya00053c&domain=pdf&date_stamp=2026-06-23
https://rsc.li/energy-advances
http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6ya00053c
https://pubs.rsc.org/en/journals/journal/YA


Energy Adv. © 2026 The Author(s). Published by the Royal Society of Chemistry

control. The review combines bibliometric analysis with
insights from recent case studies, offering a multidimensional
perspective on the evolution, current capabilities, and key
challenges of AI-enhanced AD systems. In addition to reviewing
commonly used AI models – including artificial neural net-
works (ANNs), support vector machines (SVMs), random forest
(RF), and hybrid methods like ANN-genetic algorithms (ANN–
GA) and adaptive neuro-fuzzy inference system (ANFIS) – this
work emphasizes practical implementation aspects, including
integration with real-time sensor platforms, soft sensor devel-
opment, and dynamic process control. By examining develop-
ments over the past decade (2015–2025), this review illustrates
the co-evolution of AI methodologies and AD applications,
revealing key methodological trends, shifting research priori-
ties, and persistent gaps.

The novelty of this review lies in its combined focus on
algorithmic development and system-level integration within
AD. Rather than treating AI solely as a predictive tool, it is
discussed within the broader context of AD system manage-
ment, including challenges related to data quality, interdisci-
plinary collaboration, and real-world implementation. Three
key research gaps are identified: (1) limitations in data avail-
ability, particularly the lack of standardized datasets integrat-
ing operational and microbial information; (2) the need for
interpretable and robust AI models that support reliable
decision-making; and (3) the importance of cross-sector colla-
boration to enable practical deployment in AD systems. Based
on these observations, future research directions are proposed
to improve the reliability, scalability, and applicability of AI-
enhanced AD systems.

2. Methods

This section describes the methodological framework adopted
in this review, including the literature search strategy, screen-
ing process, and data analysis approach (Fig. 1). The process
began with the construction of two clusters of keywords to
systematically identify literature on the application of machine
learning and artificial intelligence in the field of anaerobic
digestion. The first cluster comprised AD-related terms: ‘‘anae-
robic digestion’’, ‘‘anaerobic co-digestion’’, ‘‘anaerobic reac-
tor’’, and ‘‘anaerobic bioreactor’’. The second cluster focused
on AI/ML concepts, including ‘‘machine learning’’, ‘‘artificial
intelligence’’, ‘‘AI’’, ‘‘prediction’’, and ‘‘data-driven’’. A systema-
tic search was conducted using the Web of Science Core
Collection and Scopus databases, targeting peer-reviewed jour-
nal articles and reviews published between 2015 and 2025
(including early access articles available as of April 30, 2025).
This search yielded 784 records from Web of Science and 946
records from Scopus. After merging the datasets and removing
543 duplicate records, 1187 unique entries remained for screen-
ing. Following manual review of titles and author keywords, 879
articles were excluded. Of the 308 reports selected for retrieval,
two documents (graduate theses) were not accessible. The
remaining 306 reports were assessed based on abstracts,

leading to the exclusion of 45 articles that were either beyond
the scope of anaerobic digestion (n = 19), focused on macro-
level policy (n = 2), or lacking an AI/ML model (n = 24).
Ultimately, 233 research articles from 100 journals were
included in this review.

Excel 2019, VOSviewerr, and R (version 4.4.3) with the
packages ‘‘Bibliometric’’,14 ‘‘ggwordcloud’’, ‘‘ggplot2’’15 and
‘‘ggsankey’’ were used for data analysis and visualization. The
analysis includes bibliometric and descriptive statistical
approaches, focusing on journal distribution, publication year,
keyword co-occurrence, disciplinary categorization, and geogra-
phical distribution. In addition, AI applications in AD are
summarized, and key research gaps and future directions are
identified through a conceptual roadmap.

3. Bibliometric analysis
3.1 Distribution by journal and publication year

Fig. 2 shows the top 10 most frequent sources of the 233
selected documents, along with their annual distribution from
January 2015 to April 2025. Bioresource Technology stands out
as the leading journal, publishing 28 articles (over 10% of the
total), significantly exceeding Journal of Cleaner Production
and Fuel, which ranked second with 10 publications each.
Together, these top 10 journals account for 116 publications
(45% of the total), indicating their central role in AI-related
AD research. The annual distribution reveals a clear growth
trend, from 3 publications in 2015 to a peak of 74 in 2024,
representing a 25-fold increase. A notable surge occurred
between 2022 and 2023, reflecting the rapid expansion of
research interest in AI applications, following the widespread
public and scientific attention garnered by the emergence of
ChatGPT.16 The apparent decline in 2025 publications does

Fig. 1 PRISMA-style flow diagram of the literature screening and selec-
tion process. Notes: (1) records were excluded based on professional
judgment after reviewing the title and keywords. (2) Graduate theses were
not retrieved. (3) Reports were excluded after full abstract review.
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not indicate a real decrease but reflects the data collection cutoff
in April 2025. As a result, the 2025 values represent partial-year
data and are not directly comparable with previous full-year
values.

3.2 Keyword, disciplinary, and geographic distributions

Fig. 3 presents three key dimensions of the bibliometric ana-
lysis for the 233 included publications. Fig. 3a illustrates the co-
occurrence network of author keywords, with ‘‘anaerobic

Fig. 2 Journal and annual distribution of the 233 included publications (top 10 journals, including ties).

Fig. 3 Bibliometric analysis of the 233 included publications: (a) keyword co-occurrence, (b) disciplinary categorization, and (c) country distribution
based on the first author’s affiliation.
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digestion’’ and ‘‘machine learning’’ being the most dominant
nodes, defining the core scope of this review. Clustered visua-
lization highlights major thematic areas such as methane yield,
renewable energy, optimization, modeling, and genetic algo-
rithms, reflecting the methodological diversity and research
focus within the field. Fig. 3b shows the disciplinary categor-
ization of the publications based on Web of Science journal
classifications. The three most prevalent categories – environ-
mental science, engineering environmental, and energy fuels –
underscore the environmental and energy-oriented nature of
AI-related AD research. Fig. 3c shows the geographic distribu-
tion of publications based on the affiliation of the first author.
The 233 articles originate from 42 countries, with China
(n = 54), India (n = 29), and the United States (n = 18) as the
leading contributors. This distribution reflects the broad global
engagement in AI-integrated AD research, particularly in
regions with strong energy demand and ongoing technological
development. Overall, the results indicate a growing and widely
distributed research interest in AI-integrated AD, accompanied
by increasing methodological diversity.

4. AI methodologies and trends in
anaerobic digestion research
4.1 Overview of AI model categories

Artificial intelligence models applied in AD studies can be
broadly categorized into classical machine learning, tree-based
ensemble methods, neural networks, advanced deep learning,
and hybrid or optimization-enhanced approaches. This classifi-
cation reflects differences in model complexity, data require-
ments, and typical applications in AD systems.

4.1.1 Classic and tree-based ML algorithms. Classic ML
algorithms have been widely applied in AD research due to
their simplicity, computational efficiency, and interpretability.
This category includes models such as linear regression (LR),
multiple linear regression (MLR), Gaussian process regression
(GPR), support vector machines (SVM), K-nearest neighbors
(KNN), and Naı̈ve Bayes (NB), which can be grouped into: (a)
regression models (LR, MLR, and GPR) and (b) classification
models (SVM, KNN, and NB).17 Regression models are typically
used to predict process performance indicators (e.g., biogas
yield), whereas classification models are applied to identify
abnormal operating conditions such as process inhibition.18

LR and MLR serve as representative regression models, offering
high interpretability and computational efficiency, particularly
when linear relationships are assumed. GPR extends regression
to nonlinear relationships and provides uncertainty estimates
that can support process monitoring and control. KNN pro-
vides a simple and flexible approach for detecting process
anomalies, although its performance depends on distance
metrics and neighbor selection. SVM can address both classi-
fication and regression tasks and is particularly suitable for
small datasets, capturing nonlinear relationships through
kernel-based transformations.

Tree-based ensemble algorithms have attracted increasing
attention in AD research due to their ability to model complex
nonlinear relationships and provide robust predictive perfor-
mance. Among these, random forest (RF), gradient boosting
machine, and extreme gradient boosting are the most applied
approaches. These models improve generalization through
ensemble strategies such as bagging and boosting, enabling more
accurate prediction of AD processes. In addition, other tree-based
methods such as LightGBM, CatBoost, and AdaBoost have also
been explored. These algorithms have been used in comparative
studies with XGBoost for predicting biogas production,19 estimat-
ing the biodegradation of dissolved organic matter,20 and pre-
dicting volatile fatty acid concentrations in sludge AD processes.21

4.1.2 Neural network and deep learning approaches. Arti-
ficial neural networks are widely used ML models for capturing
nonlinear, high-dimensional relationships in AD research.
Among various ANN architectures, the multilayer perceptron
(MLP) and backpropagation neural network (BPNN) are the
most frequently applied ones in AD studies. MLP captures
nonlinear relationships between process variables and target
outputs, while BPNN uses backpropagation to minimize pre-
diction errors and learn patterns in noisy datasets. Several
studies have demonstrated the effectiveness of BPNN in pre-
dicting AD performance metrics such as biogas production,22,23

methane content,24 and COD concentrations.23

In addition to these traditional ANNs, advanced neural
network architectures have been explored to address temporal
dependencies, spatial heterogeneity, and complex feature inter-
actions in AD systems. Long short-term memory (LSTM) net-
works and recurrent neural networks (RNN) are designed to
capture sequential patterns and temporal dependencies in
time-series data,25 such as daily biogas yields, making them
suitable for dynamic system modeling. LSTM models have been
applied to predict biogas production in lab-scale AD processes
treating food waste,26 as well as in large-scale wastewater
treatment plant applications,27 achieving high predictive accu-
racy in both (R2 4 0.8). Convolutional neural networks (CNNs),
originally developed for image and signal processing tasks,28

have been adapted to extract spatial features from multivariate
AD datasets. In addition, graph convolutional networks (GCNs)
have gained attention for modeling complex interactions in
graph-structured data,29 including microbial co-occurrence net-
works and system component relationships with AD systems.30

Despite these advantages, advanced deep learning models
require larger datasets, higher computational resources, and
careful hyperparameter tuning compared to traditional ANNs.31

Therefore, their application in AD should consider the trade-
offs between model complexity, data availability, computa-
tional cost, and interpretability.

4.1.3 Optimization-enhanced and other AI models.
Optimization-enhanced and hybrid ML models are increasingly
used in AD research to improve predictive accuracy and process
optimization. In this category, GA and particle swarm optimiza-
tion (PSO) are widely used as global optimization techniques for
tuning model parameters and configurations.32,33 These meth-
ods can be used independently or combined with traditional ML
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models, forming hybrid systems that integrate the search cap-
abilities of GA or PSO with the predictive power of models such
as ANNs.6 Several studies have applied the ANN–PSO framework
to predict and optimize biogas production from AD treatment of
cattle manure,34 sweet sorghum bagasse,35 and sewage sludge.36

Response surface methodology (RSM), a classical statistical tool,
has been used to model and optimize AD processes by identify-
ing optimal operating conditions.37–39 Hybrid models, such as
ANN–GA, ANN–PSO, and ANN–RSM, combined global optimiza-
tion techniques with predictive modeling to address complex,
multi-dimensional problems in AD research. In addition to these
approaches, ANFIS provides an alternative hybrid framework that
integrates neural network learning with fuzzy logic to model
nonlinear and uncertain systems.40 Recently, ANFIS has been
applied to predict biogas and/or methane production from lab-
scale41 to plant-scale AD42,43 and has been reported to achieve
higher prediction accuracy than RSM in some cases.44,45 Another
emerging approach is automated machine learning (AutoML),
which automates model selection, feature engineering, and
hyperparameter tuning, enabling rapid development of predictive
models with minimal manual intervention.46 Popular AutoML
frameworks (e.g., TPOT, NNI, and H2O AutoML) have been
applied to improve efficiency and reproducibility in AD modeling.

4.2 Evolution of AI algorithms in AD

A comparative analysis of algorithm usage within each AI
category reveals distinct patterns in AD research over the past
decade, based on 233 peer-reviewed articles included in this
review. In the classic ML category, SVM shows the highest
frequency (65 counts), followed by KNN (28), LR (18), and
MLR (14), reflecting their ease of implementation and broad

applicability (Fig. 4a). In the tree-based Ensemble category, RF
has the highest frequency (62 counts), followed by XGBoost
(32), GBM (17), and DTR (16). These results indicate a growing
preference for ensemble-based methods due to their strong
predictive performance and ability to capture nonlinear relation-
ships. ANNs exhibit the highest overall frequency (74 counts)
among all algorithms, with common subtypes including MLP
(26) and BPNN (15). They are widely applied in AD for perfor-
mance prediction, process optimization, and system monitoring.
In contrast, advanced deep learning models – such as LSTM
(8 counts), RNN (5), and CNN (3) – are less frequently used
(Fig. 4a), mainly due to higher data and computational require-
ments. Nevertheless, promising applications have been reported,
including LSTM combined with genetic algorithms for predict-
ing biogas production in large-scale municipal AD systems27 and
simulation data on agricultural waste.47 In the optimization-
enhanced and hybrid category, ANFIS (18 counts), RSM (17), and
hybrid models such as RSM–ANN (6) show moderate usage.
In the others category, applications remain limited. AutoML
(8 counts), has been introduced to streamline model develop-
ment, while two time-series approaches – autoregressive inte-
grated moving average (3) and nonlinear autoregressive neural
networks (3) – have also been explored (Fig. 4a). Overall, com-
monly used AI algorithms in AD research include ANN, SVM, RF,
XGBoost, KNN, LR, ANFIS, RSM, GBM, and DTR, reflecting a
combination of traditional and advanced methods for diverse
modeling needs.

Fig. 4b illustrates the yearly relative distribution of six AI
algorithm categories in AD research based on the 233 reviewed
articles published between 2015 and 2025. A clear trend of
methodological diversification is observed. While ANN models

Fig. 4 AI model categories, algorithms, and temporal distribution based on 233 research articles: (a) total occurrences of individual algorithms; (b) yearly
percentage distribution of six algorithm categories, normalized by article count in each year; and (c) heatmap showing the relative frequency of high-
occurrence algorithms (Z15 times) in the nearest three years.
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dominated earlier years, the use of tree-based, deep learning,
and hybrid approaches has increased over time. For example,
in 2023, the proportions – normalized to 100% based on the
total number of articles and algorithms used that year – were
classic ML (23.38%), tree-based (22.08%), ANN (24.48%), and
optimization-enhanced and hybrid (20.78%), indicating a more
balanced adoption of AI approaches. Fig. 4c presents a heatmap
of high-occurrence algorithms (Z15 times, as shown in Fig. 4a)
during the most recent three complete years (2022–2024), high-
lighting recent trends in algorithm usage. The relative frequency
of SVM, RF, and DTR shows a consistent upward trend, indicat-
ing increasing adoption in recent AD studies.6 In contrast, KNN,
LR, and XGBoost remain relatively stable, suggesting their
continued role as baseline models in AD research48 (Fig. 4c).

Overall, ANN and tree-based ensemble models (e.g., RF and
XGBoost) generally show strong predictive performance in AD
applications due to their ability to capture nonlinear relation-
ships. In contrast, models such as SVM, LR, and KNN persist as
baseline approaches because of their simplicity and interpret-
ability. Increased model complexity does not always lead to
better performance, and simpler models may perform compar-
ably under certain conditions, as reported in recent studies.

4.3 Trends in hybrid and explainable AI

In addition to the growing diversity of individual algorithm
categories, recent years have seen an increasing adoption of
hybrid AI models and explainable AI tools in AD research.
Hybrid models – those that integrate two or more AI methods
– combine the strengths of different algorithms to improve
prediction accuracy, process optimization, and model adapt-
ability. ANN has been frequently coupled with optimization
algorithms such as GA, particle swarm optimization (PSO), and
response surface methodology (RSM) to fine-tune model para-
meters and enhance generalization across AD systems. For
example, one study applied ANN and SVR models optimized
via GA and PSO to predict biogas yield from sewage sludge. The
hybrid SVR–GA model achieved high accuracy while reducing
computational time and improving interpretability through
SHAP analysis.36 Another study applied ANN, SVM, and RSM
to model hydrogen production from organic waste, followed by
GA and PSO optimization. The SVM model outperformed ANN
and RSM in prediction accuracy (R2 = 0.988, RMSE = 0.0103),
and subsequent integration with GA and PSO enabled efficient
parameter tuning, with PSO showing faster convergence.49

Beyond ANN-based approaches, ANFIS has also been integrated
with GA and PSO to improve modeling accuracy and support
decision-making in AD applications. For instance, a PSO–ANFIS
hybrid model was developed to optimize methane yield from
alkali-pretreated ground nut shells, outperforming the GA–
ANFIS model across multiple performance indicators.50 Simi-
larly, an ANFIS–PSO model for maximizing methane produc-
tion from wastepaper showed better predictive performance
than conventional RSM techniques.51 These results reflect the
growing use of hybrid frameworks in AD research.

At the same time, the demand for transparency and reliable
AI-based decision-making has led to the increased use of

explainable AI tools. While some algorithms, such as DT,
KNN, and naı̈ve Bayes, are inherently interpretable, more
complex models often require model-agnostic interpretability
methods.52 These methods are used to explain model behavior
at both global and local levels. Local approaches such as SHAP
have been applied to interpret the outputs of black-box models
like RF and deep neural networks. For example, SHAP was used
in a biogas yield prediction study using SVR and ANN models,
identifying influent volatile solids and temperature as key
factors and supporting feature selection for optimization.36

SHAP has also been combined with ensemble learning models
to predict biogas yield and methane concentration from hydro-
thermal carbonation wastewater treatment. This approach
enabled identification of interactions among key variables (e.g.,
temperature, pH, and COD), supporting improved interpretation
of AD performance.53 The increasing use of explainable AI
reflects a shift from performance-focused modeling toward more
interpretable and application-oriented approaches in AD sys-
tems. Hybrid and explainable models are expected to play an
important role in linking algorithm development with practical
AD system management.

5. Applications of AI across anaerobic
digestion processes

To provide an overview of how AI has been applied in AD
research, Fig. 5 summarizes the methodological characteristics
of the 233 peer-reviewed articles included in this review. From a
study purpose perspective (Fig. 5a), the majority of studies
focused on performance prediction (68.60%), followed by pro-
cess optimization (18.77%) and system monitoring (9.56%). A
smaller proportion addresses classification and model valida-
tion tasks, reflecting the strong emphasis on predictive appli-
cations of AI in AD research.6 These percentages are calculated
based on the total number of purpose-specific entries rather
than the number of unique studies, as individual articles often
address multiple objectives (e.g., prediction and optimization).
Substrate sources are diverse, including agricultural and ani-
mal waste, food and kitchen waste, municipal sludge, and
industrial waste, highlighting the broad applicability of AD
for organic waste treatment54 (Fig. 5b). Regarding experiment
scale biomethane potential tests (BMP), laboratory-scale and
pilot-scale studies together accounted for over 70% of all
studies, indicating limited data from full-scale AD systems
(Fig. 5c). In terms of data sources, lab-generated datasets
dominate, with relatively few studies using public or simulated
datasets, suggesting a need for greater data diversity and
accessibility (Fig. 5d). Single-substrate digestion (65%) is more
frequently studied than co-digestion systems (35%) (Fig. 5e),
and only a small fraction of studies incorporate genus-level
microbial data into AI models (Fig. 5f), despite their relevance
to AD process mechanisms.55

Fig. 6 presents a Sankey diagram illustrating the relation-
ships among study purposes (left), AI model categories
(middle), and target variables (right). The left column
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corresponds to the classification of research objectives
shown in Fig. 5a, while the middle column represents the
six AI model categories introduced in Section 4.1. The width
of each flow reflects the number of studies linking these
categories across the three dimensions. Based on this frame-
work, the following subsections (5.1–5.4) are organized into

four main research themes: biogas and/or methane yield
prediction, microbial community integration, process opti-
mization, and system monitoring and control. Each section
synthesizes representative studies, highlighting methodolo-
gical trends and the role of AI across different stages of AD
processes.

Fig. 5 Overview of anaerobic digestion studies based on 233 research articles: (a) study purpose; (b) substrate source; (c) experiment scale; (d) data
source; (e) digestion type; and (f) genus-level data usage. Doughnut charts display the proportion of studies in each category, highlighting key
methodological features within the AD-focused subset of literature.

Fig. 6 The Sankey diagram illustrates the relationships among study purposes (left), AI model categories (middle), and target variables (right) in anaerobic
digestion research. The left column corresponds to the classification of research objectives shown in Fig. 5(a), while the middle column represents the six
AI model categories introduced in Fig. 4. The width of the flow reflects the number of studies connecting each category across the three dimensions.
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5.1 Biogas and/or methane yield prediction

Biogas and/or methane yield prediction represents the most
extensively studied AI application in AD research, spanning all
six AI model categories (Fig. 6). Many studies employ BMP
experiments as the basis for predictive modeling, as BMP
provides standardized conditions for evaluating substrate bio-
degradability and methane yield.56 Among the applied AI
algorithms, ANNs are the most widely used and consistently
show strong predictive performance, with R2 values exceeding
0.95 across diverse substrates such as food waste,57 cheese
whey,58 tea factory waste,59 and activated sludge.60 In addition,
early-stage BMP data have been used to train ANN models for
predicting biogas production within 3–14 days, demonstrating
the potential to shorten experimental duration.61

Beyond BMP-based research, lab-scale studies have investi-
gated biogas and methane prediction under more complex
conditions using different data sources. Simulated datasets,
particularly those generated by the AD model No. 1 (ADM1), are
often used to evaluate model performance under controlled
conditions. For example, ADM1-based data have been used to
compare linear and nonlinear models, showing that hybrid
ANN models combined with optimization algorithms signifi-
cantly improve prediction accuracy (R2 = 0.97).62,63 In parallel,
literature-derived datasets provide broader coverage of sub-
strates and operating conditions. One study integrating long-
term AD datasets reported that tree-based models outper-
formed ANN, SVM, and KNN in methane prediction.64 These
approaches are complementary: simulated data support con-
trolled model evaluation, while literature-derived data enhance
generalizability.

AI applications have also extended to pilot- and full-scale AD
systems, where operational variability introduces additional
complexity. For instance, one pilot-scale study employed fuzzy
Mamdani models, ANN, and RSM to predict biogas production
from poultry waste and cow dung in a modular biodigester,
achieving R2 values up to 1.0 with minimal prediction errors.65

At full-scale, ANFIS has been widely applied. In a municipal
treatment facility, ANFIS outperformed other models in pre-
dicting biogas production using five key process variables as
the input (R2 = 0.88).66 Another study applied ANFIS to estimate
biogas production rates in a cold-region wastewater treatment
plant, showing strong agreement with measured data and
demonstrating robustness under seasonal variations.42

Recent advances have also highlighted the potential of
LSTM networks for full-scale AD prediction. These models have
shown high accuracy, particularly when combined with data
augmentation, genetic algorithms, or hyperparameter optimi-
zation, effectively capturing time-dependent process behavior
under fluctuating conditions.26,27,47 Methodological develop-
ments have further advanced AI applications in full-scale
environments. One study developed an ML model incorporat-
ing optimization techniques and uncertainty quantification,
achieving close agreement between predicted and measured
biogas production in a full-scale wastewater treatment plant.67

Another proposed a hybrid extreme learning machine model

with data balancing and optimization, improving prediction
accuracy (R2 = 0.97) under varying loads.68 Another study
applied GA- and PSO-optimized ANN and SVR models, using
SHAP analysis to identify key process variables and achieve
strong predictive performance in a full-scale wastewater treat-
ment plant.36 Overall, biogas prediction research has evolved
from controlled BMP experiments to full-scale, real-time appli-
cations. AI models increasingly support both operational opti-
mization and long-term system planning, highlighting their
expanding role in AD process modeling.

5.2 Microbial community integration

As shown in Fig. 5f, only a limited number of AD studies have
incorporated genus-level microbial community data, indicating
a clear gap in integrating microbiological information into AI-
based modeling. In this review, 16 studies that incorporate
microbial data into AI models were identified and are summar-
ized in Table 1. These studies cover a range of modeling
approaches and research objectives. Some are also related to
biogas/methane prediction (as discussed in Section 5.1) but are
included here due to their focus on microbial data integration.

Several studies have demonstrated the value of incorporat-
ing microbial community features to improve biogas and
methane yield predictions. For example, one study applied an
RF model and achieved high predictive accuracy (R2 = 0.9879)
by integrating bacterial genera with environmental factors,
identifying Keratinibaculum and Acetomicrobium as key contri-
butors to methane yield.69 Another study used a multi-layer
automated machine learning framework to examine interac-
tions between archaeal genera and hydraulic retention time,
showing that their combined input improved biogas prediction
accuracy.70 Similarly, an ANN–PSO model using 16S rRNA
metagenomic data achieved R2 4 0.995 for methane potential
prediction from sweet sorghum bagasse.35 Further work has
applied microbial community network analysis to full-scale up-
flow anaerobic sludge reactor and continuous stirred tank
reactor systems. Using RF, key taxa such as Methanospirillum,
Methanosphaera, and Methanobrevibacter were identified as
relevant to process performance under varying operational
conditions.71 These examples illustrate how genus-level micro-
bial data can improve the accuracy, robustness, and interpret-
ability of AI models for AD performance prediction.

Beyond biogas and methane production, several studies
have used AI to assess microbial indicators related to process
monitoring and environmental risk. Two studies focused on
predicting antibiotic resistance genes (ARGs) dynamics in AD
systems. One applied decision tree algorithm to forecast
changes in ARG abundances following thermal hydrolysis-AD
treatment of dairy waste, achieving a R2 value of 0.87, demon-
strating the feasibility of using ML to capture ARG dynamics.72

Another work compared ANN, RF, and XGBoost models trained
on experimental data extracted from 33 published studies to
simulate ARG/MGE dynamics, with ANN showing superior
predictive performance and identifying residence time and feed
characteristics as dominant features.73 These studies highlight
the potential of AI to support ARG risk assessment and inform
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process-level strategies to reduce environmental dissemination.
Overall, microbial community data – particularly at the genus
level – remain underutilized but show strong potential to
improve AI-driven modeling of AD systems. Future research
should expand their integration to improve system understand-
ing and predictive performance across multiple operational
and environmental indicators.

5.3 Process optimization

Building on the optimization-enhanced algorithms introduced
in Section 4.1.3, this section examines how AI and hybrid
models – such as ANN–GA, ANN–PSO, RSM–ANN, and
ANFIS – are used not only to improve predictive accuracy but
also to optimize key operational parameters in AD systems.
These approaches are increasingly applied to identify operating
conditions that enhance process efficiency, energy output, and
system stability.

For example, one study integrated a deep belief network
with a boosted osprey optimization algorithm to identify con-
ditions that maximized biogas production (31.35 m3 min�1),
enabling real-time adjustment of operating parameters and
improving energy recovery in full-scale systems.83 Another
study compared ANFIS and RSM for modeling biogas yield
from pretreated Ulva intestinalis, showing that ANFIS consis-
tently achieved higher accuracy.84 Similarly, ANFIS demon-
strated strong performance in optimizing co-digestion of
poultry waste and cow dung, achieving near-perfect prediction

accuracy.44 In a related study, ANN models were applied to
optimize biochar dosage in cattle manure and green algae
mixtures, outperforming RSM in identifying optimal conditions
across multiple variables.85

Beyond yield-focused optimization, AI has been applied to
optimize operational configurations across different stages of
AD systems. For instance, ANN was used to simulate rotor
placement and speed in biogas power plants, supporting effi-
ciency estimation and system design.86 Similarly, ANN com-
bined with PSO was applied to reduce H2S emissions in a full-
scale AD facility, identifying operating conditions that resulted
in a 49% decrease in H2S.87 ANN has also been used to optimize
microbial electrolysis cell-assisted AD system by identifying
voltage conditions that maximize energy recovery and biogas
production.88 Beyond the core AD process, AI has been extended
to downstream and cross-sectoral applications. One study devel-
oped an integrated AD-gasification model using a T-ANN frame-
work to simulate biomass conversion and determine digestion
durations that maximize carbon emission reductions.89 In agri-
cultural applications, digestate management has been optimized
using gradient boosting and principal component analysis,
showing that tailored combinations of digestate and chemical
fertilizer can enhance crop yield and support sustainable nutri-
ent management.90 Overall, AI-driven optimization is applied
across multiple aspects of AD, including yield enhancement,
emissions reduction, and resource recovery. Expanding these
approaches to integrate energy, environmental, and resource

Table 1 Summary of AI-based anaerobic digestion (AD) studies incorporating microbial community analysis (n = 16)

AI models
Microbial data
source Study objective/target variable

Experiment
scale

Model
performance Year Ref.

RF, SVM, KNN, XGBoost 16 S rRNA Predict biogas yield Laboratory R2 = 0.9879 (RF) 2025 69
GCN High-throughput

sequencing data
Predict microbial dynamics and
biogas production

Laboratory MSE = 0.11, R2 = 0.72 2025 30

MLR, GBDT 16 S rRNA Predict biogas production Full-scale
plant

R2 = 0.975 (MLR) 2024 74

SVM, LR, DT 16 S rRNA Predict antibiotic resistance gene
(ARG) removal efficiency

Laboratory R2 = 0.87 (DT) 2024 72

GA, RF Genomic data
(SMOTER-augmented)

Predict methane production Simulation RMSE o 0.1 2024 75

SVM, ET, XGBoost, ANN,
CNN

16 S rRNA Model relationships among
microbial community, pH, and
VFAs

Simulation R2 4 0.8 2024 76

GBM, RF, XGBoost 16 S rRNA Predict biogas production Laboratory RMSE = 84.21 (GBM) 2023 70
ANN–PSO 16 S rRNA Predict methane production BMP R2 4 0.995 (ANN–PSO) 2023 35
DNN nrMAGs, 16 S rRNA Analyze microbiome structure for

methanogenesis understanding
Full-scale
plant

Not reported 2023 77

DaDa2 16 S rRNA Link AD operational configura-
tions and reactor performance
with microbial community
dynamics

Pilot-scale Correlation-based 2023 78

Non-LR, MLR 16 S rRNA Predict total viable bacterial
counts

Laboratory R2 = 0.959, MSE = 0.18 2022 79

RF, XGBoost, KNN, ANN Literature-derived
microbial data

Predict medium-chain carboxylic
acid (MCCA) performance

Laboratory R2 = 0.87 (RF) 2022 80

RF, XGBoost, ANN Literature-derived
microbial data

Predict ARG variation in AD
process

Laboratory R2 4 0.6 (ANN) 2022 73

SVM, KNN, RF, XGBoost Literature-derived
microbial data

Predict methane production Laboratory R2 = 0.82 (RF) 2021 81

RF 16 S rRNA Correlation microbiome with
methane production

Full-scale
plant

Correlation-based 2020 71

GB, DL-ANN, DRF Flow cytometry (pheno-
typic microbial data)

Predict microbial functional
group abundance

Laboratory R2 4 0.9 (DL) 2018 82
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objectives will further improve the practical value of AI in AD
systems.

5.4 System monitoring and control

Anaerobic digestion is a dynamic and complex biological
process involving multiple time-dependent variables. Effective
monitoring and control are essential for maintaining system
stability, optimizing biogas production, and ensuring robust
operation under varying conditions. In this context, soft sen-
sors have emerged as key tools for real-time estimation of
process states that are difficult to measure directly.18 These
data-driven models support state estimation,91 early warning,74

anomaly detection,92 and fault diagnosis,93 thereby improving
system observability and decision-making in AD operations.

Early warning is particularly important, as it enables inter-
vention before minor fluctuations develop into severe distur-
bances or system failure. Recent studies demonstrate the
effectiveness of soft sensors and ML algorithms in enhancing
early detection. For example, a VFA-based soft sensor using
SVM and principal component analysis showed strong perfor-
mance in detecting small-magnitude faults.92 Another study
developed an early warning model combining an improved
sparrow search algorithm with least square SVM, accurately
predicting multiple operational indicators across datasets.94 In
addition, a large-scale database based on 75 AD start-up cases
was analyzed using RF to identify key factors influencing start-
up duration and failure risk across different systems.95

Beyond early warning, real-time monitoring is a major
application of soft sensors in AD systems. AI-driven frameworks
integrating online sensor data with predictive models enable
continuous process monitoring and optimization. Examples
include data-driven scheduling systems for reducing operational
costs,96 real-time data fusion platforms combining sensor signals
with mechanistic insights,97 and ANN-based estimators validated
in complex wastewater systems.98 Soft sensors have also been
used to model key indicators such as alkalinity, supporting
proactive control and process stability.99 Applications have also
expanded to more complex systems. For instance, ML models –
including regression, tree-based, and neural network approaches –
have been applied to a bio-electrochemical AD system, where one-
step-ahead models using pH as an input showed effective perfor-
mance for real-time methane prediction and stability control.100

Another study using full-scale industrial data applied ANN-based
sensitivity analysis to identify key operational parameters influen-
cing biogas production, demonstrating its value for process
optimization.101 These examples illustrate how soft sensor
approaches are being adapted to diverse AD configurations and
real-world conditions.

Most monitoring studies have been conducted at pilot or
full-scale,78,91,102 emphasizing practical applicability. Among
monitored variables, volatile fatty acids remain the most
widely used due to their sensitivity to process fluctuations
and ease of measurement.76,92,103–105 Continued development
of AI-enhanced soft sensors and integrated monitoring frame-
works will be critical for improving the reliability and adapt-
ability of AD systems. Collectively, these applications

highlight the expanding role of AI across AD processes,
particularly in prediction, optimization, and monitoring. This
trend reflects a shift from proof-of-concept studies toward
more application-oriented implementations in AD systems.

6. Research gaps and future directions

Artificial intelligence has shown strong potential to advance AD
research and practice, particularly in process modeling, optimi-
zation, and system monitoring.106 However, most existing stu-
dies remain at the proof-of-concept or laboratory scale, where
conditions are controlled and datasets are relatively clean. In
contrast, real-world AD systems operate under variable feedstock
characteristics, fluctuating environmental conditions, and
imperfect sensor networks, which limit the transferability of
lab-trained models. These differences highlight persistent meth-
odological, practical, and operational challenges that hinder the
broad adoption of AI in AD systems.

To address these challenges, this section synthesizes key
research gaps and proposes a roadmap for advancing intelligent,
reliable, and sustainable AD systems (Fig. 7). The framework is
organized into four interconnected stages: data foundation,
model development, decision support, and deployment, which
provides practical guidance for overcoming key barriers to AI
adoption in industrial AD systems.

6.1 Data foundations

High-quality, context-rich data are essential for AI-driven AD
systems. Currently, AI-based AD research is constrained by
fragmented, inconsistent, and often incomplete datasets,3 most
of which originate from laboratory-scale experiments under
simplified and controlled conditions (Fig. 5c). While such data
provide useful baseline insights, they do not fully represent the
variability and complexity of full-scale AD systems, limiting the
robustness and generalizability of models across different feed-
stocks, reactor configurations, and environmental conditions.107

To address these limitations, future work should focus on
developing real-time sensor networks, IoT-enabled monitoring
platforms,108 and standardized data acquisition protocols. These
approaches enable continuous measurement of key process
variables, including temperature, pH, volatile fatty acids, methane
concentration, and ammonia, thereby improving system observa-
bility and control responsiveness (Fig. 7).

Beyond operational metrics, genomic-scale microbial data-
sets, such as those derived from 16S rRNA sequencing and
metagenomic analyses, provide additional insight into micro-
bial dynamics and functional stability in AD systems.109–112

However, these datasets remain underutilized due to analytical
complexity and the lack of consistent linkage to process meta-
data. Addressing this gap requires the development of open-
access, cross-scale databases that integrate biological, chemical,
and engineering data under standardized formats. Standardized
protocols for data collection, annotation, and interoperability,
together with closer collaboration between academia and
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industry, will improve the quality and usability of data for
subsequent model development.

6.2 Model development and decision support

AI models show strong capability in predicting methane
yield,113–115 detecting process anomalies,92 and optimizing AD
performance.90,116–118 However, their application in industrial
settings requires a shift from purely predictive models to more
robust, interpretable, and decision-oriented frameworks
(Fig. 7). This transition involves developing ML models that
capture the nonlinear dynamics of AD processes, followed by
integration of explainable AI tools to improve transparency.119

Techniques such as SHAP and LIME enable identification of
key variables and relationships, helping stakeholders under-
stand model behavior and build confidence in AI-assisted
decisions. In addition to interpretability, uncertainty quantifi-
cation is important for improving model reliability under real-
world conditions characterized by noise, missing data, and
operational variability. Together, these elements provide a
basis for AI systems that support decision-making rather than
prediction alone.

Building upon this foundation, AI frameworks should further
evolve toward multi-objective optimization and scenario-based
decision support, reflecting the multi-dimensional nature of AD
systems (Fig. 7). In practice, AD operation requires balancing
multiple objectives, including methane production, greenhouse
gas emissions, economic cost, and process stability.120 Opti-
mization algorithms such as NSGA-II and MOPSO can gener-
ate pareto-optimal solutions, while coupling AI models with
process-based simulations (e.g., ADM1) enables scenario ana-
lysis under different operational conditions. These results can
then be translated into actionable insights through multi-
criteria decision-making (MCDM) frameworks and interactive
visualization tools, allowing stakeholders to evaluate trade-
offs and select appropriate strategies. In addition, increasing

reliance on data-driven decision-making raises considerations
related to transparency, data governance, and regulatory com-
pliance. Responsible AI deployment requires models to be inter-
pretable, results to be reported in a standardized method, and
applications to comply with environmental regulations.

6.3 Deployment and continuous learning

Successful deployment of AI in AD systems depends on trans-
lating model outputs into operational practice. This process
typically begins with pilot-scale validation, where AI models are
tested under realistic conditions to evaluate performance,
robustness, and scalability. Following validation, integration
with supervisory control and data acquisition (SCADA) systems
enables real-time monitoring, automated control, and contin-
uous optimization in full-scale facilities. Embedding AI tools
into existing operational infrastructures allows model outputs
to support process adjustment and decision-making. Techno-
logical integration alone, however, is insufficient without inter-
disciplinary collaboration. Co-design involving engineers, plant
operators, and data scientists is essential to ensure that AI
solutions align with practical constraints, including mainte-
nance requirements, budget limitations, and regulatory frame-
works (Fig. 7). In addition, capacity building supports this
transition by enabling stakeholders to interpret and effectively
use AI-driven systems.

Real-world deployment also creates a closed-loop learning
system, where operational data are fed back into data collection
and model development. This iterative process allows models
to adapt to changing conditions, improve over time, and
maintain performance in dynamic environments (Fig. 7). Insti-
tutional support, including pilot projects, funding mechan-
isms, and industry partnerships, can accelerate this process
by providing testbeds for validation and refinement. Through
this progression – from data foundation to model development,
decision support, and deployment – AI-integrated AD systems

Fig. 7 Stage-based roadmap for advancing AI-integrated AD systems from laboratory concepts to field-ready applications. The framework outlines a
sequential workflow from data foundation and model development to decision support and real-world deployment. A feedback loop connects all stages,
enabling continuous learning and iterative system improvement based on operational data.
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can move from laboratory studies to field applications, support-
ing long-term sustainability and circular bioeconomy objectives.

7. Conclusions

This review synthesizes recent advances in AI applications for
anaerobic digestion from 2015 to 2025, covering prediction,
optimization, monitoring, and model validation. By integrating
bibliometric analysis with methodological and case-study
insights, it identifies both the significant progress achieved
and the persistent gaps that must be addressed to transition
from laboratory proof-of-concept to operational AI–AD systems.
Further development of AI-integrated AD systems requires
coordinated improvements in data quality, model reliability,
and system-level integration. In particular, standardized data-
sets, explainable modeling approaches, and closer integration
with monitoring and control systems are essential for practical
deployment. The roadmap presented in this review provides a
structured pathway to bridge the gap between simulation and
real-world implementation, supporting the development of
robust and field-ready AD systems for sustainable waste-to-
energy applications.
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K. L. Kovács and G. Maróti, ISME J., 2023, 17, 1326–1339.

Energy Advances Review

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

4 
Ju

ne
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/2
9/

20
26

 3
:5

2:
38

 A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online

https://doi.org/10.1007/BF02823145
http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6ya00053c


Energy Adv. © 2026 The Author(s). Published by the Royal Society of Chemistry

78 H. Dang, N. Yu, Y. Zhang, L. Zhang and Y. Liu, J. Environ.
Eng., 2023, 149, 04023014.

79 S. Tangwe, P. Mukumba and G. Makaka, Energies, 2022,
15, 7407.

80 F. Long, J. Fan, W. Xu and H. Liu, J. Clean. Prod., 2022,
377, 134223.

81 F. Long, L. Wang, W. Cai, K. Lesnik and H. Liu, Water Res.,
2021, 199, 117182.

82 A. S. Dhoble, P. Lahiri and K. D. Bhalerao, J. Biol. Eng.,
2018, 12, 19.

83 J. Duan, G. Cao, G. Ma and B. Yazdani, Sci. Rep., 2025,
15, 4814.

84 U. O. Aigbe, K. E. Ukhurebor, A. O. Osibote, M. A. Hassaan
and A. El Nemr, Renew. Energy, 2025, 3, 3483–3498.

85 H. S- enol, E. Çolak, E. A. Elibol, M. A. Hassaan and A. El
Nemr, Chem. Eng. J., 2024, 493, 152750.

86 A. Heller, H. Pomares and P. Glösekötter, Meas. Sci.
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