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Anaerobic digestion (AD) of waste-activated sludge is hindered by slow hydrolysis and complex sludge structure,
which limit biogas recovery and threaten process stability. Although pretreatment methods such as microwave
pretreatment (MP) have shown promise, their energy efficiency and underlying nonthermal effects remain poorly
understood. In parallel, existing predictive models often neglect pretreatment conditions, restricting their
applicability for process optimization. To bridge these gaps, this study proposes a synergistic framework that
integrates statistical optimization with advanced machine learning (ML) to enhance biogas production from MP-
assisted AD. Response Surface Methodology (RSM) identified optimal pretreatment conditions—holding time,
PH, total solids (TS%), and microwave power—predicting a cumulative biogas yield (CBY) of 1020.5 mL/gVS,
closely validated by experiments (1013.8 mL/gVS). These optimized datasets were further used to train ensemble
ML models (AdaBoost, LightGBM, XGBoost), achieving high predictive accuracy (XGBoost R? = 0.992) with
strong external validation. SHapley Additive exPlanations (SHAP) revealed TS% as the dominant factor, con-
trasting with RSM’s linear emphasis on microwave power, thereby highlighting nonlinear interactions and
hidden effects. Complementary fluorescence microscopy and ImageJ analysis confirmed microwave-induced
structural disruption of extracellular polymeric substances (EPS) and microbial accessibility, particularly at
moderate power (600 W), evidencing distinct nonthermal contributions. By combining RSM’s statistical opti-
mization with ML’s predictive and interpretive capacity, this framework not only refines operational conditions
for maximum yield but also elucidates the mechanisms of MP, balancing energy input and performance. These
insights support the design of more energy-efficient, scalable, and sustainable AD systems.

interactions that can significantly enhance sludge digestibility compared
to conventional heating methods [6,7]. However, despite MP holding
promising potential, the economic sustainability of AD facilities poses a
considerable challenge, often exacerbated by process instabilities lead-

1. Introduction

Anaerobic digestion (AD) has emerged as a promising method for
managing waste-activated sludge (WAS), providing a sustainable means
to generate renewable energy in the form of biogas while reducing
environmental impacts associated with traditional sludge disposal
methods such as landfilling and incineration [1,2]. However, AD effi-
ciency remains limited by slow hydrolysis rates and the complex struc-
tural integrity of sludge components [3], primarily due to extracellular
polymeric substances (EPS), necessitating effective pretreatment tech-
nologies to enhance microbial access to substrates [4,5]. Microwave
pretreatment (MP) has been recognized as an effective technique, of-
fering rapid and uniform heating alongside unique non-thermal
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ing to operational failures. In this context, process modelling has
become an indispensable tool for predicting key performance indicators,
such as methane yield [8], thereby improving the predictability and
reliability of AD operations [9].

Machine learning (ML), particularly advanced ensemble algorithms
such as AdaBoost, LightGBM, and XGBoost, has shown strong capabil-
ities in capturing complex nonlinear interactions within anaerobic
digestion processes [10,11]. However, most existing studies applying
these ML techniques to anaerobic digestion have focused mainly on
predicting biogas yields from operational parameters alone, largely
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Nomenclature and Abbreviations

A Holding time (min)

AD Anaerobic Digestion
AMPTS II Automatic Methane Potential Test System
ANN Artificial Neural Network
ANOVA Analysis of Variance

B pH value

BBD Box-Behnken Design

CBY Cumulative Biogas Yield
CH Conventional Heating

C Total Solids (%)

CCD Central Composite Design
COD Chemical Oxygen Demand

D Microwave power (W)

DAPI 4',6-diamidino-2-phenylindole

DoE Design of Experiments

EPS Extracellular Polymeric Substances

FITC Fluorescein Isothiocyanate

FTIR Fourier Transform Infrared Spectroscopy
gVs grams of Volatile Solids

LGBM  Light Gradient Boosting Machine

GFP Green Fluorescent Protein filter set
MAE Mean Absolute Error

ML Machine Learning

MP Microwave Pretreatment

MW Microwave

MW 600/MW 1000 Microwave at 600 W / 1000W
Original No Pretreatment

PH1 Phase Contrast mode
p-value Probability Value

R? Coefficient of Determination
RMSE Root Mean Square Error

2D Two-dimensional

ROI Region of Interest

RSM Response Surface Methodology

SCOD  Soluble Chemical Oxygen Demand
SHAP SHapley Additive exPlanations
TCOD  Total Chemical Oxygen Demand
TS Total Solids

VS Volatile Solids

WAS Waste Activated Sludge

XGB Extreme Gradient Boosting

3D Three-dimensional

overlooking pretreatment processes and their detailed impacts on sludge
digestibility and microbial interactions [12,13]. This limited scope re-
stricts their practical utility in optimizing pretreatment-based en-
hancements to biogas production.

To bridge these methodological gaps, the current study integrates
statistical optimization using Response Surface Methodology (RSM)
with advanced ML predictive analysis to optimize MP conditions for
enhancing biogas yield. This combined framework utilizes the strength
of RSM in systematically identifying optimal parameter ranges [14],
while ML algorithms validated through rigorous cross-validation cap-
ture complex nonlinear interactions among variables, including
nonthermal effects often neglected by conventional approaches. By
critically synthesizing previous research and overcoming limitations
such as narrow application scopes and insufficient validation, this study
establishes a robust and scalable methodological framework that im-
proves predictive accuracy and operational efficiency in
microwave-assisted AD systems.

Accordingly, this study aims to enhance biogas production from
waste-activated sludge by integrating experimental, statistical, and
data-driven modelling approaches. The specific objectives are: (1) to
experimentally evaluate thermal and nonthermal microwave pretreat-
ment effects at different power levels; (2) to develop ML models (Ada-
Boost, LGBM, XGBoost) for accurate prediction of cumulative biogas
yield; (3) to identify key operational variables using SHAP-based feature
importance analysis; and (4) to optimize process parameters using RSM.
This study ultimately aims to provide actionable insights and scalable
solutions for sustainable energy recovery from sludge treatment.

2. Material and methods
2.1. Chemical analysis

The following parameters were analysed in the solid fraction of WAS:
TS and volatile solids (VS) were measured according to standard
methods [15]. The samples were centrifuged at 8000 rpm for 10 min and
subsequently filtered through a 0.45um cellulose membrane [16]. The
pH of the filtrate was then measured using a pH meter (pHs-3C, Leici Co.
Ltd., Shanghai). Soluble chemical oxygen demand (SCOD) and total
chemical oxygen demand (TCOD) were quantified using a visible light
spectrophotometer (DR3900, HACH, USA). All chemical analyses were

performed in triplicate to ensure reliability, and results are presented as
mean + standard deviation.

2.2. Fluorescence and brightfield microscopy

Fluorescence and brightfield microscopy were performed using a
Nikon Ti2 inverted fluorescence and brightfield microscope (Nikon In-
struments, Japan) to analyse sludge microstructure and microbial ag-
gregation under different pretreatment conditions. The imaging was
conducted at 10 x magnification using 4',6-diamidino-2-phenylindole
(DAPI) triple (blue) and green fluorescent protein (GFP) triple (green)
filter sets, together with brightfield phase contrast (PH1) mode for
enhanced structural visualization. The microscope was configured with
a 16-bit dynamic range, a region of interest (ROI) of 2720 pixels, and an
auto-exposure time of 200 ms.

Two fluorescent dyes were used to selectively stain sludge
components:

e Calcofluor White (Merck Life Science Limited, Germany) was applied
to stain EPS and polysaccharides in the sludge matrix. This fluoro-
chrome binds specifically to f-linked polysaccharides and emits blue
fluorescence when excited. Samples were incubated with Calcofluor
White for 30 minutes, and fluorescence was captured using the DAPI
filter set.

Fluorescein Isothiocyanate (FITC, Bio-Techne, USA) was used to
stain proteins and microbial cell structures, allowing differentiation
between microbial cells and the surrounding sludge matrix. FITC
emits green fluorescence upon excitation. Sludge samples were
stained with FITC for 60 min, and fluorescence was recorded using
the GFP filter set.

All imaging parameters, including exposure settings and fluores-
cence intensities, were kept consistent across all samples to ensure
comparability. Brightfield microscopy in PH1 mode was also applied to
provide additional structural context.

2.3. Experimental samples and properties

The raw WAS, used as the substrate, was collected from a municipal
wastewater treatment plant in Jinchang, China, which operates using
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anaerobic/anoxic/oxic processes (Figure S1). The sludge was sampled
after sedimentation and centrifugation. The inoculum was sourced from
a laboratory-scale mesophilic AD reactor. The primary analytical char-
acteristics of both the substrate and inoculum are presented in Table 1.
Sludge samples were transported to the laboratory in a polypropylene
plastic container, passed through a 1.0 mm sieve, and stored at 4 °C in a
refrigerator until further use.

2.4. Experimental setup and procedures

2.4.1. Microwave pretreatment

The microwave irradiation was applied to the WAS substrate using a
household microwave oven (John Lewis, JLSMWOOQ9, UK) operating at a
frequency of 2450 MHz. Based on preliminary studies and established
literature [6,17], four critical parameters were identified as significant
in influencing microwave pretreatment efficacy: holding time, pH, total
solids (TS %), and microwave power. These parameters were system-
atically tested within the following ranges to determine their optimal
conditions: microwave power (600, 800, and 1000 W), holding time (3,
6, and 9 min), pH (5, 7, and 9), and TS % (4 %, 6 %, and 8 %), as justified
by prior studies that demonstrated these ranges effectively influence
biogas yield through enhanced substrate accessibility and microbial
activity [18].

For each pretreatment run, sludge samples were placed in
microwave-safe glass vessels and subjected to microwave irradiation at
the predetermined power level and holding time. Immediately after
irradiation, samples were allowed to cool to room temperature naturally
(approximately 22 + 2 °C), without external cooling, to avoid additional
variability in microbial structure due to rapid cooling. Following cool-
ing, samples were gently mixed with inoculum sludge at a substrate-to-
inoculum ratio of 3:1 before transferring into anaerobic digesters for
further experimentation [19], as described in the subsequent sections.
The experimental setup is shown in Figure S2.

AD was conducted using the Automatic Methane Potential Test
System (AMPTS II; Bioprocess Control, Sweden), which provided real-
time measurements of biogas production over a period of 20-40 days
[20]. The digester was mixed using a motor-driven stirring rod, oper-
ating at a rotation speed of 80 rpm with an agitation frequency of 60 s
ON and 60 s OFF. The produced biogas was directed through flexible
tubing to a scrubbing reactor, where acid gases (CO;, HS) were
removed using a 4 M NaOH alkali solution. The remaining methane was
then passed into a measuring cell equipped with a gas counter based on
liquid displacement, which recorded gas impulses and converted them
into normalised millilitres of CH4 per gram of volatile solids (mL/gVS)
using AMPTS® v5 software [21]. The experiments were conducted
under mesophilic conditions at 37.5 °C to evaluate the impact of MP on
biogas production, with continuous tracking of biogas yield.

2.4.2. Experimental design

This study adopts a dual-phase analytical approach to enhance the
prediction and optimization of biogas yield in microwave-assisted AD
processes. First, RSM is employed to optimize response variables within
the multi-dimensional parameter space of the MP process, aiming to
identify the optimal operational conditions for improved methane yield.
In the second phase, advanced ML models, including AdaBoost, LGBM,

Table 1

Key physicochemical characteristics of the experimental samples.
Parameters Sludge Inoculum
Moisture content ( %) 92.21+0.46 93.06+0.03
Total Solid (g/L) 77.90+4.60 69.36+0.08
Volatile Solid (g/L) 46.64+11.67 55.21+0.06
Total Chemical Oxygen Demand (g/L) 17.41+1.54 28.46+0.49
Soluble Chemical Oxygen Demand (g/L) 3.93+0.49 5.2240.18
pH 6.64 + 0.12 6.92 +0.13
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and XGB, are utilised to predict biogas yields, capitalising on their
ability to manage complex nonlinear relationships. The predictive ac-
curacy of these models is compared to validate the optimization findings
and to advance predictive analytics in this context.

2.4.3. Box-Behnken design coupled with RSM

In this context, the Design of Experiments (DoE) methodology [22]
provides a crucial framework, enabling precise and efficient navigation
through complex experimental setups. The application of DoE principles
during the developmental stages of a process not only reduces opera-
tional costs but also conserves valuable time, thus enhancing the
research trajectory towards its objectives [23]. In this study, four key
parameters, i.e. TS % content (A), microwave power (B), microwave
holding time (C), and pH (D), were selected based on prior research for
their influence on methane production and MP [24-26]. The TS % was
adjusted by dilution with deionized water or concentration via centri-
fugation, while pH was controlled using 4 mol/L HCl and NaOH stan-
dard solutions.

Central to this experimental design is RSM, a robust statistical toolset
used to model and analyse the effects of multiple independent variables
on a response variable [27]. RSM is effective in identifying optimal
conditions as it minimises experimental costs and computational errors,
and efficiently addresses confounding variables [28]. In this study, the
Box-Behnken Design (BBD) was selected over the traditional Central
Composite Design (CCD) due to its efficiency and suitability for bio-
logical processes such as anaerobic digestion [29]. Unlike CCD, which
includes extreme experimental conditions that may lead to process
instability, BBD focuses on mid-range values, reducing the likelihood of
operational failures [30]. Additionally, BBD requires fewer experi-
mental runs while effectively capturing quadratic and interaction effects
among variables, making it both cost-effective and statistically robust
for optimizing biogas production parameters [31]. The experimental
design involves four factors, each at three levels, allowing for a
comprehensive exploration of the experimental domain with 29 runs.
This approach enables a balanced assessment of main effects, in-
teractions, and quadratic effects without the need for extreme conditions
that could compromise process performance or results, as detailed in
Table S1. The model equation for the RSM-BBD is presented in Eq. (1).

Y= po+ Z/}ixi + Zﬂﬁxf + Z Z/jijxixj &)
i1 i1

=1 j>i

Where Y is the predicted response variable, representing the outcome of
the model (cumulative biogas yield); /3, is the model constant; x;,x; are
the independent variables representing the coded levels of factors; f3; are
the linear coefficients; f; are the quadratic coefficients for the squared
terms; and f; are the interaction coefficients representing the in-
teractions between the independent variables. The summation over i and
j accounts for all variable interactions, with j > i to avoid redundant
combinations [32].

By applying the least-squares method to solve this equation, the
correlation coefficients can be computed, enabling the development of a
practical quadratic polynomial model. This model effectively interprets
the experimental data derived from the 29 runs, providing a detailed
analysis of the effects and interactions between the variables under
study. Through this methodological approach, our investigation iden-
tifies the optimal conditions that maximize the response variable,
demonstrating the efficacy of the Box-Behnken design in facilitating a
systematic exploration of the experimental space with an optimized
number of runs.

2.4.4. Machine learning approaches

In the present study, the objective is to predict biogas yield from AD
following different MP conditions. The prediction is based on various
input parameters, including mixing ratio, power level, holding time, and
temperature. To achieve this, three distinct gradient boosting ML



Y. Li et al.

techniques are employed: AdaBoost, LGBM, and XGB. These algorithms
are used for both classification and regression tasks.

AdaBoost is well-known for its simplicity and effectiveness in
improving the accuracy of any given learning algorithm [33]. It achieves
this by focusing on instances that are difficult-to-classify, making it
highly adaptable to complex datasets. LGBM stands out for its efficiency
and speed, particularly when applied to large datasets [34]. It employs
gradient-based learning and is optimized for faster and more efficient
performance, making it ideal for scenarios where computational effi-
ciency is critical. XGB is celebrated for its high performance and flexi-
bility [35]. It provides a highly scalable, portable, and -efficient
implementation of gradient boosting, and is a popular choice in ML
competitions for delivering superior results across a range of problems.

These three algorithms were selected for their complementary
strengths: AdaBoost’s adaptability, LGBM’s efficiency with large data-
sets, and XGB’s exceptional performance and versatility. Together, they
provide a robust framework for predicting biogas yield under various
conditions, effectively leveraging the power of gradient boosting to
address both classification and regression tasks.

2.4.5. Model evaluation

To rigorously evaluate the model performance and ensure robustness
against overfitting, both external validation and cross-validation
methods were employed. For external validation, the full dataset con-
taining 1100 data points was randomly partitioned into a training subset
(80 %, 880 data points) and a testing subset (20 %, 220 data points). The
training subset was exclusively used for model development, while the
testing subset, which remained entirely unseen during training, served
as an independent validation set. Additionally, 5-fold cross-validation
was conducted to further assess generalizability and stability of the
models. In this method, the training subset was randomly divided into
five equal partitions, with each partition sequentially serving once as a
validation set while the remaining four partitions were used for model
training. The performance metrics (Coefficient of Determination R?
score [36], Root Mean Square Error (RMSE) [37], and Mean Absolute
Error (MAE) [38] obtained from each fold were averaged, providing an
unbiased estimate of model accuracy. The evaluation metrics are
mathematically expressed in Eqs. (2-4).

R2—=1-— Z?:l(yi _}/'\i)z

n — ()]
Ei:l@i—Yi)z
_ ! - _7)2
RMSEf,/H;(yl ) ®)
1& ~
IVIAE:E;DG—M\ 4

Where: y; is the actual value, y; is the predicted value, and ; is the mean
of the actual values.

These equations form the mathematical basis for evaluating the
performance of ML models in predicting biogas yield.

2.5. Analysis of the impact of input features on the target

After finalizing the ML model, the analysis was further refined by
applying SHapley Additive exPlanations (SHAP), a technique inspired
by cooperative game theory to provide clear interpretations of model
predictions. This method uses Shapley values, derived from game the-
ory, to break down the contribution of each input feature in influencing
the model’s output, assigning precise values to each feature’s impact
[39].

A key strength of the SHAP methodology is its highlighting of
important variables and their influence by analysing the average abso-
lute values in SHAP visualizations. Higher average SHAP values indicate
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that certain features have a significant effect on the model’s predictions,
emphasizing their crucial role. SHAP treats each data instance as a
"scenario", with features acting as "participants", and the outcome as the
deviation of the predicted value from the mean prediction [40]. The
distribution of these outcomes, as determined by Shapley values, defines
the relative influence of each feature on the prediction. Features with
positive (or negative) Shapley values are interpreted as having a positive
(or negative) impact on the predicted result, offering a detailed view of
how different features affect the model’s predictions [41].

3. Results and discussion

A total of 29 experimental runs with varied process parameters,
including holding time, pH, total solids, and microwave power, are
shown in Table S2. It can be inferred that variations in these parameters
significantly influence the cumulative biogas yield. For instance, in runs
5 and 16, where the holding time, pH, and total solids are the same (6
min, pH 7, 8 %), but the microwave power differs (600 W and 1000 W),
the biogas yields were 990.1 mL/gVS and 689.4 mL/gVS, respectively.
This highlights the significant role of microwave power in optimizing
biogas production. Similarly, in runs 10 and 18, where the holding time,
pH, and microwave power are the same (3 min, pH 7, 800 W), but the
total solids differ (8 % and 4 %), the biogas yields were 754.1 mL/gVS
and 347.7 mL/gVS, respectively, emphasizing the importance of total
solids in enhancing biogas yields. These results demonstrate that both
total solids and microwave power are crucial factors in optimizing
biogas production, aligning with findings from similar studies [17,18].

3.1. The ML-based prediction model

3.1.1. Performance evaluation

Fig. 1 presents a detailed comparative and correlative analysis of ML
algorithms used to predict cumulative biogas yield (CBY) after AD.
Panels (a), (c), and (e) compare actual biogas production volumes with
predictions generated by AdaBoost, LGBM, and XGB, respectively, using
a dataset of 1100 data points. These scatter plots visually depict the
discrepancies between observed and predicted yields, illustrating the
predictive strengths and limitations of each model.

In panels (b), (d), and (f), marginal histograms accompany the cor-
relation scatter plots, providing deeper insights into the distribution of
both observed and predicted values. These histograms reveal data
density and variability, and further examine the alignment between
predicted and actual values through regression analysis. Both XGB and
LGBM exhibit high congruence with the observed data, reflecting their
robust predictive capabilities, as indicated by near-unity R? values. In
contrast, AdaBoost shows a slightly lower congruence, suggesting that
while useful, it may have limitations in fully capturing the complexities
of biogas yield dynamics.

The regression analysis in Fig. 1 illustrates the predictive accuracy of
each model, as indicated by the slopes of the regression lines, which
show how closely the predictions match actual biogas yields. Near-unity
slopes for XGB and LGBM suggest these models accurately represent
biogas production dynamics. However, AdaBoost’s deviation from unity
indicates room for model improvement, potentially through better
feature selection or algorithm tuning. Additionally, the y-intercepts
reveal systematic biases in the predictions. Lower intercept values, such
as those for XGB, indicate minimal bias, enhancing the model’s practical
utility. Conversely, higher intercepts in other models may signal a need
for recalibration to reduce prediction errors. This focused analysis not
only highlights the effectiveness of the algorithms but also identifies key
areas for improvement in model training and data handling within
renewable energy research.

Table S3 summarises the performance evaluation of the three pre-
dictive models: AdaBoost, LGBM, and XGB. The R? values for these
models are 0.816, 0.948, and 0.992, respectively, highlighting the
substantial proportion of variance each model captures. These results
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indicate the models’ effectiveness in reflecting the underlying trends in
the dataset, with LGBM and XGB demonstrating particularly high pre-
cision in forecasting biogas yields, as evidenced by their elevated R?
values.

To gain a more nuanced understanding of each model’s performance,
the RMSE and MAE metrics provide additional insights. The RMSE
values, which represent the standard deviation of prediction errors, are
88.79 for AdaBoost, 46.87 for LGBM, and 24.62 for XGB, indicating
progressively better performance in minimizing large errors across the
models. Similarly, the MAE values, i.e. 76.35, 35.78, and 16.40,
respectively, reflect the average magnitude of errors. XGB, with the
lowest error across both metrics, demonstrates superior accuracy in its
predictions.

While all models demonstrate strong predictive capabilities for
biogas yield, XGB stands out with the lowest error metrics, confirming
its precision as the most accurate among the tested algorithms. LGBM
offers a balanced combination of error minimization and computational
efficiency. Although AdaBoost exhibits higher error metrics, it still
achieves a commendable level of predictive accuracy. Overall, these
results validate the effectiveness of ensemble learning methods in
modelling complex phenomena such as biogas production.

3.1.2. Analysis of features importance

The analysis of input feature importance in predicting biogas yield
was performed using the SHAP method, based on the XGB model, which
demonstrated the highest predictive performance among the three
evaluated ML models. As shown in Fig. 2a, TS % emerged as the most
influential variable, accounting for 42 % of the total model importance.
This underscores its pivotal role in AD, as higher TS concentrations
generally enhance microbial activity and substrate availability, thereby
improving biogas production efficiency [42,43]. The second most
important factor was pH (28 %), reflecting its well-established influence
on maintaining microbial community stability, particularly metha-
nogens [44,45]. Microwave holding time accounted for 18 %, suggesting
that prolonged exposure facilitates enhanced solubilization and hydro-
lysis processes, ultimately improving digestion efficiency.

Interestingly, microwave power was ranked as the least influential
variable by SHAP, with only 12 % importance. This result appears to
contrast with the experimental comparisons presented earlier (e.g., Runs
5 and 16), where changes in microwave power led to substantial dif-
ferences in biogas yield. This discrepancy can be attributed to how SHAP
evaluates feature importance in a global, nonlinear context. Rather than
focusing on localised or extreme case effects, SHAP accounts for the
average marginal contribution of each variable across all samples in the
dataset. In the case of microwave power, its influence is highly context-
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dependent—it interacts non-linearly with other variables, such as
holding time and TS %, and may exhibit threshold or saturation
behaviour. Therefore, while microwave power can cause large differ-
ences in yield under specific conditions, its overall contribution appears
smaller when averaged across the full experimental range.

The SHAP value plot (Fig. 2b) further illustrates the interactions
among the key input variables. While higher TS % values consistently
correlate with increased biogas yield, pH, and holding time exhibit more
complex patterns, contributing positively or negatively depending on
their interaction with other variables. In contrast, microwave power
shows a diffuse distribution of SHAP values, with no consistent trend
correlating power level with yield. This suggests that microwave power
influences biogas production through more intricate mecha-
nisms—potentially involving nonthermal effects—which are not line-
arly or uniformly captured across the dataset. A more detailed discussion
of these nonthermal effects is provided in Section 3.3.

3.2. The RSM based model

The study addressed a complex modelling challenge involving mul-
tiple input variables and a single output metric. It was found that all four
adjustable variables significantly affected the outcome. To illustrate
how these input factors influenced the result, both two-dimensional
(2D) contour plots and three-dimensional (3D) surface visualizations
were employed using RSM. The software Design Expert was instru-
mental in developing equations that describe the relationships between
the inputs and the output. Following data collection and experimental
design, a detailed analysis was conducted to assess the impact of the
input factors and construct a regression model. A comprehensive Anal-
ysis of Variance (ANOVA) was performed to determine the statistical
significance of the variables and their interactions. This method effec-
tively decomposes the overall variation in the output, attributing it to
individual input factors and their combinations, thus revealing the
comparative importance of each. It helps to identify which variables
significantly influence the performance of the system. Table S4 presents
the results of the ANOVA, providing a numerical understanding of the
impact and interaction of the variables on system performance. This
thorough statistical analysis led to the development of a response
equation, as shown in Eq. (5).

Cumulative Biogas Yield (mL / gVS) = 608 + 58.17A + 31.67B

+116.16C — 130.37D — 2.72AB — 54.25AC — 85.87AD — 36.85BC

— 4.15BD + 2.93CD — 30.52A% — 25.53B2 + 28.77C? + 90.83D*> (5)
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Fig. 2. Analysis of the importance of input features to output features: (a) Feature importance ( %) for biogas; (b) SHAP values showing feature impact on biogas

yield prediction.
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Where: A is the holding time (min), B is the pH, C is the total solids
content (TS %), and D is the microwave power (W).

3.2.1. Analysis of factor importance

The ANOVA results for biogas yield (Table S4) highlight the signif-
icance of various factors and their interactions. The model, with 14
degrees of freedom, shows a highly significant F-value of 28.05 (p <
0.0001), confirming its statistical robustness and indicating that the

Cumulative Biogas Yield (mL)

Cumulative Biogas Yield (mL)
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factors collectively influence biogas yield. Microwave power (D) ex-
hibits the highest significance, with an F-value of 132.16 and a p-value
of < 0.0001, suggesting a strong impact on biogas production within the
linear statistical framework of ANOVA.

However, when compared with the SHAP analysis from the XGB
model, a contrasting pattern emerges. SHAP identifies TS % as the most
critical factor, contributing 42 % to the model’s predictive accuracy.
This difference stems from the fundamental methodologies of the two
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Fig. 3. Three-dimensional surface plots and two-dimensional contour plots for biogas production yield. (a) and (b) show the effects of time and pH; (c) and (d)
present the impact of time and TS%; (e) and (f) illustrate the impact of time and microwave power. These plots identify the optimal operating conditions for

maximizing biogas production..
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approaches: while ANOVA assesses factor effects through linear re-
lationships, SHAP captures complex, non-linear interactions within the
AD process, providing a more nuanced view of variable importance.
Despite ANOVA emphasizing microwave power, TS % (C) also shows
a significant F-value of 123.08 (p < 0.0001), reinforcing its pivotal role
in biogas yield. The pronounced effect of microwave power in ANOVA
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may reflect its direct thermal influence, which linear models can readily
detect. In contrast, the influence of TS % likely involves non-linear in-
teractions and biological complexities, which are better captured by
machine learning models like XGB. Similarly, pH (B) emerges as a key
factor in both analyses. SHAP ranks pH as the second most influential
variable (28 % importance), which aligns with its statistical significance
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Fig. 4. Three-dimensional surface plots and two-dimensional contour plots for biogas production yield. (a) and (b) show the effects of holding time and microwave
power; (c) and (d) present the impact of pretreatment temperature and microwave power; (e) and (f) illustrate the effects of pretreatment temperature and hold-

ing time.
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in ANOVA (F = 9.15, p = 0.0091). This consistency underscores the
critical role of pH in maintaining optimal conditions for microbial ac-
tivity, highlighting its importance in both linear and non-linear
analytical contexts.

The role of microwave power presents a more complex picture.
While ANOVA identifies it as the dominant factor, SHAP assigns it a
lower importance (12 %). This variation may be due to SHAP’s ability to
capture non-linear dependencies and the potential influence of non-
thermal effects, which linear models like ANOVA do not fully reflect.
The spread of SHAP values suggests that microwave power’s effect on
biogas yield is not uniform; instead, it appears to interact with other
variables, such as holding time (A) and TS % (C). Notably, these factors
also exhibit significant interaction effects in ANOVA (AC, AD) with p-
values of 0.0097 and 0.0003, respectively. While SHAP interpretation of
ML models has been increasingly applied in environmental modelling
[46,47], few studies have directly compared it with traditional statistical
methods like RSM in the context of anaerobic digestion.

This comparison illustrates the complementary strengths of ANOVA
and SHAP. While ANOVA effectively identifies strong, direct relation-
ships, such as the thermal effects of microwave power, SHAP reveals
hidden, non-linear dynamics that better reflect the complex behaviour
of biological systems like AD. For instance, the high SHAP value for TS %
highlights its critical role in substrate availability, where increases do
not always lead to proportional biogas yield due to microbial limitations
or substrate saturation effects. Conversely, ANOVA may overstate the
influence of microwave power because it does not account for these non-
linear biological feedback mechanisms.

By integrating insights from both ANOVA and SHAP, it gains a more
comprehensive understanding of the factors influencing biogas pro-
duction. ANOVA provides clarity on linear, additive effects, while SHAP
captures intricate non-linear interactions common in AD processes. To
further evaluate the model’s assumptions, a normal probability plot
(Figure S3a) confirmed the normal distribution of residuals, while the
residual versus run plot (Figure S3b) helped identify potential hidden
factors influencing experimental outcomes.

3.2.2. Factor interactions and optimal conditions

Figs. 3 and 4 illustrate the interaction and influence of various input
factors on biogas yield using a combination of 3D surface plots and 2D
contour plots. In Fig. 3, the relationship between holding time and three
key parameters, i.e. pH, TS %, and microwave power, is presented. In the
holding time versus pH section (Fig. 3a-b), the graphical representations
show a peak in biogas yield at a pH level close to neutral and an inter-
mediate holding time. This suggests a non-linear response of biogas
production to pH and time, with optimal production occurring when
both factors are balanced. A reduction in yield is observed at lower pH
values and extreme holding times, indicating that maintaining a neutral
pH and moderate holding time is crucial for maximizing efficiency.

In the holding time versus TS % section (Fig. 3c—d), the plots show
that biogas yield increases with TS % up to approximately 7 %, after
which the yield levels off. The highest yield is observed at an interme-
diate holding time, confirming that both TS % and holding time must be
optimized together [48]. Notably, the effect of TS % becomes more
pronounced at longer holding times, indicating that higher substrate
availability plays a key role in enhancing biogas production [49].

When examining the interaction between holding time and micro-
wave power (Fig. 3e-f), the data suggest that biogas yield is maximized
at moderate power levels, with an optimal holding time of around 6-7
min. Both excessive power and prolonged holding times result in
diminished yields, pointing to a narrow range of conditions where mi-
crowave power is most effective. This highlights the importance of
balancing energy input and processing time for optimal biogas
generation.

In Fig. 4, the interaction between different pairs of parameters is
analysed: pH and TS %, microwave power and pH, and microwave
power and TS %. The pH versus TS % section (Fig. 4a-b) shows that the
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highest biogas yield is achieved at higher TS content combined with a
neutral to slightly alkaline pH. Both lower pH levels and reduced TS %
lead to lower yields, reinforcing the importance of maintaining optimal
pH conditions alongside substrate concentration for effective microbial
digestion [50].

In the power versus pH section (Fig. 4c-d), the plots show that a
combination of moderate microwave power and neutral pH yields the
highest biogas output. The non-linear trend observed indicates that both
lower and higher power inputs are less effective when pH deviates from
neutral, suggesting a synergistic effect between these two parameters.
This reinforces the observation from Fig. 3 that both pH and microwave
power must be optimized together to achieve maximum biogas
production.

Lastly, in the power versus TS % section (Fig. 4e-f), the data suggest
that the highest yields occur when microwave power is maintained at
moderate levels while TS % is maximized. There is a clear trade-off
between excessive power and high solids concentration, where yields
begin to diminish beyond an optimal point. This indicates that substrate
concentration and energy input must be carefully calibrated to avoid
over-processing and inefficiencies.

Overall, these figures demonstrate that biogas yield is governed by a
complex interaction of factors rather than being driven by any single
parameter. Optimal production conditions are achieved by carefully
balancing holding time, pH, TS %, and microwave power. The peaks in
the 3D plots and the central regions of high yield in the contour plots
clearly define the specific conditions required for optimal biogas gen-
eration. This analysis provides valuable insights for determining the best
operational parameters in biogas production systems and can serve as a
foundation for future experimental designs or for the development of
predictive models to enhance process efficiency.

3.2.3. Optimization through RSM

In this study, RSM was employed to optimize the biogas production
process. The primary goal was to maximize CBY, with key input vari-
ables identified as holding time (A), pH (B), TS % (C), and microwave
power (D). These variables were investigated within the following
ranges: holding time (3-9 min), pH (5-9), TS % (4-8 %), and microwave
power (600-1000 W), as detailed in Table S5.

Based on the RSM optimization results, the predicted optimal con-
ditions were determined as follows: 8.999 min holding time, pH of
6.923, 7.999 % TS, and 600 W microwave power. Under these condi-
tions, the RSM predicted a CBY of 1020.484 mL/gVS. A validation
experiment was conducted to verify these predicted values, and the
observed biogas yield was 1013.8 mL/gVS. This observed result closely
aligns with the predicted value, confirming the accuracy of the RSM
model.

Furthermore, Figure S4 presents ramp plots generated during the
desirability analysis. The desirability score, which ranges from 0 to 1,
indicates the quality of the optimization, with higher values reflecting
more favourable outcomes. In this study, the composite desirability
score was 0.894, demonstrating a strong alignment between the opti-
mized conditions and the biogas yield response. The ramp plots illustrate
that each input factor, i.e. holding time, pH, TS, and microwave power,
contributes significantly to maximizing the CBY when set to their
respective optimal values.

The results of the RSM optimization and validation test confirm that
the interplay of operational parameters (i.e. holding time, pH, TS, and
microwave power) can be effectively fine-tuned to achieve optimal
biogas production. The close agreement between the predicted and
observed yields underscores the reliability of RSM as a tool for opti-
mizing AD processes, providing valuable insights into the key factors
that influence biogas yield.

3.3. Nonthermal effects of microwave pretreatment

MP is widely recognized for its thermal effects, which enhance
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sludge solubilization and microbial hydrolysis. However, our findings
suggest that microwave irradiation may induce additional nonthermal
effects, such as electromagnetic interactions with microbial cell mem-
branes and EPS, as well as enhanced organic matter solubilization
beyond what conventional heating achieves. To isolate these
nonthermal effects, this study compares biogas yield and sludge struc-
tural integrity across four experimental conditions, all reaching the same
final temperature of 85 °C, while maintaining pH = 7 and TS % = 8 in
sludge samples. The experimental conditions include No Pretreatment
(Original), CH to assess pure thermal effects without microwave expo-
sure, Microwave (MW) 600 W to evaluate the effects of low microwave
power and MW 1000 W to examine the impact of higher microwave
power. By maintaining identical temperature conditions across all
treatments, any observed differences in biogas yield and sludge structure
can be attributed to microwave nonthermal effects rather than heat
alone.

3.3.1. Biogas yield and improvement in sludge digestibility

The biogas yield profiles for the four experimental con-
ditions—Original, Conventional Heating (CH 85 °C), Microwave 600 W
(MW 600 85 °C), and Microwave 1000 W (MW 1000 85 °C)—are pre-
sented in Fig. 5. The results indicate distinct differences in biogas pro-
duction trends, highlighting the effects of thermal and microwave-
specific nonthermal influences.

Throughout the digestion period, all pretreatment methods signifi-
cantly enhanced biogas production compared to the Original condition.
The CH 85 °C treatment increased CBY by 37.3 % (from 615.3 mL/gV$
to 844.8 mL/gVS), while MW 600 85 °C and MW 1000 85 °C resulted in
even greater improvements of 62.8 % (1002.3 mL/gVS) and 56.1 %
(960.4 mL/gVS), respectively. These results highlight the effectiveness
of thermal and microwave-assisted pretreatment in enhancing biogas
yield, demonstrating that pretreatment significantly improves sludge
digestibility compared to untreated sludge.

When comparing CH with MP, MW 600 W 85 °C produced 18.6 %
more biogas than CH 85 °C, while MW 1000 W 85 °C achieved a 13.7 %
increase over CH 85 °C. These differences suggest that MP offers addi-
tional benefits beyond CH, likely due to both thermal and nonthermal
effects. Between the two microwave power levels, MW 600 W out-
performed MW 1000 W by 4.4 %, despite both reaching the same target
temperature. This indicates that although both MW 600 W and MW
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Fig. 5. Cumulative biogas yield (CBY, mL/g VS) over 26 days under four
conditions: untreated sludge, conventional heating at 85 °C (CH 85), micro-
wave pretreatment at 600 W to 85 °C (MW 600 85), and microwave pretreat-
ment at 1000 W to 85 °C (MW 1000 85). The inset provides a magnified view of
days 18-26.
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1000 W reached the same final temperature, the lower microwave
power (600 W) required a longer heating time, leading to prolonged
microwave exposure. These findings are consistent with Park et al. [51],
who reported that moderate microwave power enhances solubilization
more effectively than high power under the same temperature condi-
tions, and build upon the work of Alhraishawi et al. [52], who observed
diminishing returns at excessive power levels due to microbial inhibi-
tion. Unlike previous studies that focused primarily on thermal effects,
our results isolate and quantify the added benefit of nonthermal effects
by maintaining consistent final temperatures across treatments.

Additionally, based on the relationship between wavelength and
frequency, lower microwave power corresponds to a longer wavelength,
allowing electromagnetic waves to penetrate deeper into the sludge
matrix. This deeper penetration may have enhanced cell membrane
permeability and organic matter solubilization, improving overall
biogas production. These observations align with previous studies sug-
gesting that moderate microwave power enhances microbial accessi-
bility to substrates through structural modifications, while excessive
microwave intensity may lead to detrimental effects on microbial
viability.

3.3.2. Structural integrity assessment by fluorescence microscopy

To further investigate the structural modifications induced by
different pretreatment methods, fluorescence microscopy was employed
to analyse changes in EPS and microbial structure. FITC (green) staining
was used to visualize proteins, while Calcofluor White (blue) staining
highlighted polysaccharides, providing insights into cell integrity and
EPS degradation.

The fluorescence microscopy images (Fig. 6) reveal distinct differ-
ences in EPS structure and microbial integrity among the experimental
conditions. The Original (untreated) sample exhibits a dense and well-
preserved EPS network, as indicated by the strong green (protein) and
blue (polysaccharide) fluorescence signals, with proteins forming
continuous, elongated chains and a uniformly distributed poly-
saccharide matrix. In contrast, the CH 85 °C treated sample shows a
more loosely structured EPS network. The protein distribution appears
more fragmented, with fewer long-chain structures and a predominance
of smaller, cut pieces, suggesting partial EPS degradation and disruption
of microbial interactions. This structural loosening is likely due to
thermal solubilization effects, which facilitate EPS breakdown while
maintaining overall microbial integrity.

Microwave treated samples exhibit more pronounced structural
modifications, reinforcing the hypothesis that non-thermal effects in-
fluence microbial integrity. The MW 600 W 85 °C sample displays a
more dispersed EPS structure, characterized by increased microbial cell
permeability and loosening of the polysaccharide matrix, indicative of
enhanced sludge disintegration. These modifications likely improve
substrate accessibility, contributing to the higher biogas yield observed
in MW 600 W pretreatment. In contrast, the MW 1000 W 85 °C sample
exhibits a more fragmented EPS structure with localized disruptions in
fluorescence distribution, suggesting that excessive microwave power
may lead to over-disintegration. This over-fragmentation could poten-
tially compromise microbial viability and trigger the release of inhibi-
tory compounds, which may explain the slight reduction in biogas yield
compared to MW 600 W 85 °C.

These structural observations align with Yu et al. [53], who
demonstrated that microwave pretreatment leads to EPS disruption and
increased microbial permeability. Building on this, our study introduces
a novel quantitative layer by using ImageJ software to analyse particle
distribution, fluorescence intensity, and EPS coverage. This approach
not only confirms the visual trends observed in fluorescence microscopy
(Table S6) but also links these structural shifts directly to biogas output
under controlled thermal conditions, thereby bridging a key gap in
mechanistic understanding.

For protein (FITC, green), MW 600 W 85 °C exhibited a high total
protein area (13,347,673) and particle count (96,673), indicating
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Original

MW 600W 85T

MW 1000w 85T

Fig. 6. Fluorescence microscopy images of sludge samples under different pretreatment conditions. Proteins are stained with FITC (green), and polysaccharides are
stained with Calcofluor White (blue).
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enhanced protein dispersion and EPS disintegration. However, MW
1000 W 85 °C had a slightly higher total area (13,597,443.7) but smaller
average particle size (127.355 compared to 138.07 for MW 600 W 85
°C), suggesting over-fragmentation and potential microbial stress. CH 85
°C had a lower total protein area (9752,005.22) and particle count
(62,392) than MP samples, reflecting moderate EPS degradation due to
thermal solubilization. For polysaccharides (Calcofluor White, blue),
MW 600 W 85 °C resulted in the highest total polysaccharide area
(8394,481.8) and particle count (13,024), reinforcing its role in opti-
mizing substrate accessibility. In contrast, MW 1000 W 85 °C exhibited a
slight reduction in total area (8065,280.73) and particle count (12,905),
indicating possible EPS over-degradation at higher microwave power.
CH treated sludge showed the lowest polysaccharide particle count
(12,038) and total area (4745,186.09), suggesting thermal breakdown
of EPS without additional structural enhancement.

Compared to the Original sample, which maintained a dense EPS
network with a total protein area of 6848,148.5 and polysaccharide area
of 5108,616.71, CH treatment at 85 °C led to a reduction in total EPS
area and particle count, confirming EPS degradation due to thermal
solubilization. Meanwhile, MW 600 W 85 °C exhibited the most exten-
sive EPS dispersion, reinforcing its role in enhancing microbial acces-
sibility and sludge disintegration. In contrast, although MW 1000 W 85
°C still facilitated significant EPS breakdown, its lower EPS coverage and
increased fragmentation suggest that excessive microwave power may
cause microbial stress and over-disintegration.

While microwave pretreatment clearly alters microbial and EPS
structure, it is essential to contextualize these changes within the
broader framework of all process parameters. For example, holding time
directly affects the degree of thermal and nonthermal exposure; longer
holding times at moderate power can lead to more uniform disruption of
EPS, whereas short bursts at high power may cause local overheating
and stress. Similarly, TS % content modulates microbial accessibili-
ty—higher TS concentrations increase substrate availability but may
also lead to diffusion limitations if the sludge becomes overly dense.
These variables are not independent; their interactions often shape the
observed outcomes. For instance, fluorescence signals from MW 600 W
could reflect not only optimal microwave intensity but also an effective
combination of exposure duration and substrate composition. Therefore,
attributing changes solely to microwave intensity may oversimplify a
more complex synergy. A balanced interpretation should consider how
holding time, TS %, and pH interact with microwave energy to influence
structural changes, microbial viability, and ultimately biogas
production.

These quantitative results further support the previous discussion on
the discrepancy between ML and RSM factor importance rankings. In
previous section, ML identified TS % as the most influential factor,
whereas RSM emphasized microwave power. This variation was
attributed to ML’s ability to capture non-linear relationships, particu-
larly the complex interactions within microwave pretreatment effects.
The fluorescence microscopy and ImageJ analysis confirm that micro-
wave pretreatment does not have a simple linear effect—while moderate
microwave exposure enhances sludge disintegration and microbial ac-
cess to substrates, excessive intensity results in unintended structural
damage and potential microbial stress. This aligns with the non-linear
correlation captured by ML, where increasing microwave power does
not always proportionally enhance biogas yield. Therefore, these find-
ings reinforce the need to consider non-linear factor interactions when
optimizing anaerobic digestion efficiency, as captured by ML-based
analysis.

Compared to earlier research, which often either focused on micro-
wave pretreatment [54,55] or ML optimization of anaerobic digestion
[11,56], this study uniquely integrates both in a unified experimental
and modelling framework. By validating ML-predicted trends with
mechanistic insights (i.e., structural EPS changes), the work bridges
empirical and computational domains. This integration helps overcome
limitations noted in previous work, i.e., the lack of interpretability in ML
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predictions and the neglect of nonthermal microwave effects.
4. Energy and economic evaluation

While MP currently consumes more energy than traditional thermal
methods, it holds significant long-term potential for cost and energy
savings in the AD process. Microwave technology provides rapid, uni-
form heating, which enhances the breakdown of organic substrates,
leading to higher biogas yields and shorter processing times [57,58].
However, to fully realize these benefits, continuous optimization is
necessary to improve its energy efficiency and reduce operational costs.

4.1. Advancements and economic outlook

Historically, microwave technology was prohibitively expensive for
industrial applications, but significant advancements have driven down
costs over the past few decades. In the late 20th century, the high cost of
microwave systems limited their use to specialized industrial processes
[59]. However, innovations in manufacturing, semiconductor technol-
ogy, and energy efficiency have led to a reduction in the cost of mi-
crowave systems by >80 % since the 1990s [60]. For example, the
widespread adoption of microwave ovens in households has demon-
strated the scalability and affordability of microwave technology, sug-
gesting that with further advancements, its use in industrial scale AD
could become more economically feasible [61].

The trend of cost reductions is expected to continue as new micro-
wave technologies emerge, particularly those designed for energy re-
covery and real-time process optimization. As these technologies
improve, the cost and energy barriers to adopting MP in biogas pro-
duction will decrease, making it a more viable option for large-scale
applications in waste-to-energy systems.

4.2. Policy incentives for AD and biogas

Governments worldwide are increasingly implementing policies to
encourage environmentally friendly technologies, particularly those
that reduce greenhouse gas emissions and encourage renewable energy.
AD, recognized as a crucial technology in the transition to a low-carbon
economy [62-64], has been targeted by various policies offering
financial incentives and subsidies to support its adoption.

Table 2 summarizes key policies related to AD and biogas production
across several regions, highlighting the incentives available to promote
cleaner energy solutions.

These policies reflect the global recognition of AD as a vital
component of waste management and renewable energy production. In
regions such as the European Union and the UK, financial support for
developing biogas facilities is readily available, reducing the economic
barriers for industries to adopt technologies like MP. These incentives
can offset the initial costs of upgrading biogas facilities with advanced
pretreatment methods, making it easier for companies to justify in-
vestments in innovative technologies.

4.3. Energy optimization and scalability

Enhancing the energy efficiency and cost-effectiveness of MP in AD
requires integrating ML with RSM. This study demonstrated that ML,
particularly XGB, captures non-linear process interactions, while RSM
determines optimal conditions, reducing operational inefficiencies and
energy waste. By identifying TS %, and microwave power as key pa-
rameters, ML-RSM optimization enables targeted energy reduction
without compromising biogas yield. This study found that moderate
microwave power (600 W) maximized efficiency, preventing unnec-
essary energy input while maintaining high biogas yields. Such a data-
driven approach improves process efficiency and cost-effectiveness,
reinforcing MP as a sustainable AD enhancement strategy.

As MP technology advances, automated ML-based control systems
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Table 2
Global Policy
Production.

Incentives and Goals for Anaerobic Digestion and Biogas

Country/ Incentives/Goals Reference

Region

Key Policies for
Anaerobic Digestion

Grants for waste-to-
energy projects
Divert 80 % of organic
waste by 2030
Reduce methane
emissions

2.5 billion RMB
subsidies

Promote biogas
production

Reduce agricultural
waste

32 % renewable
energy by 2030
Feed-in tariffs &
capital grants
Reduce methane &
fossil fuel reliance
Renewable Heat
Incentive

Contracts for
Difference

Support net-zero by
2050

Mandates renewable
fuels

Tax credits & subsidies
for RNG

Cut GHG emissions &
boost energy security

Australia National Waste Policy .

Action Plan

[65]

China 13th Five-Year Plan for .

Bioenergy Development

[66]

European
Union

Renewable Energy
Directive

[67]

United
Kingdom

Anaerobic Digestion
Strategy

[68]

Renewable Fuel
Standard

United
States

[69]

offer real-time process optimization, dynamically adjusting parameters
based on predicted biogas yields. This would minimize energy con-
sumption, reduce manual intervention, and eliminate costly trial-and-
error experiments, making MP more economically viable at scale. The
scalability of ML-RSM integration has significant implications for
industrial-scale AD applications. As industries move toward automated
process control, continuous data-driven optimization will improve en-
ergy efficiency and cost savings. Meeting global climate targets, such as
2050 net-zero goals [70,71], requires widespread adoption of
energy-efficient biogas technologies. Optimizing MP with real-time
ML-driven frameworks will further enhance process sustainability and
scalability, making it a viable solution for waste-to-energy applications.

4.4. Innovation in bioenergy technologies

To evaluate the energy efficiency of microwave and conventional
thermal pretreatment, energy input was calculated based on the specific
heating approach used.

For conventional thermal heating, the energy required to raise the
temperature of sludge from ambient (25 °C) to 85 °C was estimated
using Eq. (6).

m-C,-AT
n

Q= (6)
Where: Q is the energy input (kJ); m is the sludge mass (kg, approxi-
mated equal to volume in litres due to near-water density); C, is specific
heat capacity of sludge (~4.18 kJ/kg- °C, approximated as water); AT is
temperature rise (60 °C) and n is heating efficiency.

For microwave pretreatment, energy input was calculated using Eq.

7):
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Where, P is microwave power (kW); t is heating time (hours); n is
heating efficiency; and Q is energy input, converted from kWh to MJ.

All experiments were conducted using 400 mL of sludge per batch.
Energy values were scaled to per litre (MJ/L) for comparison. Addi-
tionally, energy input was normalized against biogas yield (cumulative
biogas yield, CBY) to obtain energy input per litre of biogas produced
(MJ/L biogas), as shown in Table 3.

The comparative energy input analysis reveals that CH 85 °C
required 0.42 MJ/L of sludge, while microwave pretreatment at 600 W
and 1000 W consumed 0.72 MJ/L and 0.70 MJ/L, respectively.
Although microwave pretreatment entails higher initial energy input, it
also delivers higher cumulative biogas yield, particularly at 600 W.
When normalized by biogas output, the energy input per litre of biogas
produced is 0.50 MJ/L for CH, 0.72 MJ/L for MW 600 W, and 0.73 MJ/L
for MW 1000 W. Despite the higher input, MW 600 W still demonstrates
a favourable energy-to-yield trade-off, outperforming CH in net energy
recovery. Compared to MW 1000 W, MW 600 W also shows better ef-
ficiency, indicating that moderate power levels achieve optimal biogas
enhancement without unnecessary energy expenditure.

However, the current experimental setup has several limitations. The
study was conducted at laboratory scale, using 400 mL of sludge per
batch and a domestic microwave unit. Such setups typically suffer from
lower energy transfer efficiency and a lack of thermal recovery mecha-
nisms. Moreover, batch-based microwave heating is less controlled than
continuous industrial systems, potentially overstating the real energy
input required. As emphasized in earlier literature [7,58],
industrial-scale microwave systems benefit from higher conversion ef-
ficiency, better heat distribution, and potential integration with waste
heat recovery or pulsed power systems, which could significantly reduce
energy demands [72]. Therefore, the current results should be inter-
preted as a conservative scenario, and future work at pilot or industrial
scale is essential to fully assess the net energy and economic benefits of
microwave pretreatment in real-world anaerobic digestion applications.

5. Conclusions

This study developed a synergistic framework that integrates statis-
tical optimization through RSM with advanced ML models to enhance
biogas production from microwave-pretreated waste-activated sludge.
The results demonstrated that microwave pretreatment at moderate
intensity (600 W, 85 °C) achieved the highest cumulative biogas yield
(1002.3 mL/gVS), outperforming both conventional heating (844.8 mL/
gVS) and untreated sludge, thereby confirming that pretreatment
significantly improves sludge digestibility. RSM optimization further
predicted an optimal yield of 1020.5 mL/gVS under conditions of 9 min
holding time, pH 6.9, 8 % TS, and 600 W microwave power, which was
closely validated by experimental results (1013.8 mL/gVS).

The predictive capability of ML was also evident, with XGBoost
achieving the highest accuracy (R*> = 0.992), followed by LGBM and
AdaBoost. SHAP-based feature importance analysis revealed that TS %
was the dominant factor, while RSM emphasized microwave power,
underscoring the complementary strengths of linear statistical and
nonlinear ML approaches. Fluorescence microscopy and ImageJ analysis
provided mechanistic confirmation of microwave-induced nonthermal
effects, particularly under moderate power conditions, where enhanced

Table 3
Energy input and biogas yield comparison.

Condition Energy Input (MJ/  CBY (mL/g Energy Input per Litre
L sludge) VS) Biogas (MJ/L)
Original 0.00 615.30 0.00
CH85°C 0.42 844.80 0.50
MW 600 W 85 0.72 1002.30 0.72
°C
MW 1000 W 0.70 960.40 0.73
85°C
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EPS disintegration and microbial accessibility were observed without
the over-fragmentation associated with excessive power levels. By
bridging computational predictions with mechanistic validation, this
work delivers both predictive accuracy and biological insight into
microwave-assisted anaerobic digestion.

Looking forward, future research should scale this framework from
laboratory to pilot and industrial systems, particularly under
continuous-flow conditions that incorporate energy recovery mecha-
nisms. Expanding the modelling framework to integrate multi-omics
data, including microbial, metabolomic, and antibiotic resistance gene
profiles, would further enhance mechanistic understanding. In addition,
the development of real-time ML-based control systems capable of
dynamically adjusting pretreatment and digestion parameters could
optimize energy efficiency in practical applications. Finally, techno-
economic and life-cycle assessments are needed to evaluate the long-
term sustainability and viability of microwave pretreatment at scale.

Overall, this study establishes a novel integrative approach that
combines statistical, computational, and mechanistic perspectives to
advance the optimization of anaerobic digestion. The findings
contribute to both the scientific understanding and the practical appli-
cation of microwave pretreatment, paving the way for more energy-
efficient and sustainable sludge-to-biogas systems.
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