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Abstract: Accurate prediction of biogas yield is fundamentally important for
the proper running of anaerobic digestion (AD) processes, and it involves
complex interactions between process parameters and very nonlinear
interactions. To address this problem, the present study systematically
developed and evaluated different ANN models for predicting biogas yield
from the anaerobic digestion of agricultural residues, including rice straw, cattle
manure (CM), and palm oil residues. In all, 200 experimental observations were
used to develop the models, with feed pH, temperature, volatile solids (%TS),
C/N ratio, and HRT (days) as input variables and biogas yield as the output
variable. Five ANN models with different network depths and training
algorithms were developed and evaluated. The various performance criteria
used for model validation were R? (coefficient of determination), RMSE (root
mean squared error), and MAPE (mean absolute percentage error). The
experimental results showed that deep ANN models outperformed shallow
architectures in modeling the nonlinear trends of the AD phenomenon. Among
the tested models, the multi-layered ANN-4 with the Levenberg-Marquardt
algorithm achieved the highest predictive accuracy (R? = 0.962, RMSE = 0.018
m?/kg VS, MAPE = 3.1%). Regression analysis and 10-fold cross-validation
verified the generalization ability of ANN-4. Sensitivity analysis showed that the
C/N ratio, volatile solids (%TS) and HRT were the most significant parameters
affecting biogas yield, consistent with established anaerobic digestion mechanisms.
Overall, the findings indicate that deep ANN models can be effective tools for
optimizing agricultural residue-based anaerobic digestion systems.

Keywords: Biogas yield; anaerobic digestion; artificial neural network; agro-
residues; renewable energy

1. Introduction

In recent decades, global energy demand has increased substantially
due to population growth, industrialization, and economic development. This
demand has been largely met by our burning of fossil fuels, which contributes
to greenhouse gas emissions, climate change, and environmental decline. As a
result, the shift to sustainable and renewable energy technologies has emerged
as a worldwide concern [1]. Biogas, derived from AD of organic substances, is a
renewable energy source with dual advantages for waste treatment and energy
production. Raw materials: Abundant and cheap raw materials such as rice
straw, cattle dung, or palm oil residues are found especially in rural areas and
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comply with circular economy principles of low-cost resource management [2]. Recent studies have further
demonstrated the importance of process enhancement strategies for improving anaerobic digestion efficiency
and methane production from agricultural residues and lignocellulosic biomass. Pretreatment techniques,
microbial augmentation, and process optimization have been widely investigated to improve substrate
biodegradability, methane generation, and overall biogas system performance [3-5]. However, biogas
generation via AD is influenced by complex, nonlinear interactions among various operating factors, such as
pH, temperature, volatile solids (VS), carbon-to-nitrogen (C/N) ratio, and hydraulic retention time (HRT).
These interactions directly affect microbial metabolism and methane generation, making the accurate
prediction of biogas yield highly challenging. Conventional kinetic and mechanistic models are often limited
by simplifying assumptions and may not adequately capture the nonlinear behavior observed under practical
anaerobic digestion conditions.

Artificial neural networks (ANNSs) have been widely recognized as effective data-driven tools to
simulate complex nonlinear systems in the absence of a priori process equations. Several studies have shown
that ANN predictions of bioenergy-related properties outperform those of traditional regression models [6-7].
Yet, ANN performance strongly depends on the selection of network architecture and training algorithm.
Some sophisticated training techniques, such as the Levenberg—Marquardt algorithm, are known to achieve
good convergence rates and prediction accuracy on medium datasets when used with multi-hidden-layer
architectures [8-9], which may exemplify hierarchical nonlinear dependencies. However, systematic
comparisons of ANN topologies with varying network depths and training schemes for biogas yield
prediction are rare. Furthermore, the generalization performance of deep ANN models and their consistency
with anaerobic digestion theory have not been fully explored. Thus, this research built and tested ANN
structures with varying network depths and training algorithms to identify an optimal model for biogas yield
prediction. Special attention is paid to the description of deep ANN structures trained with the Levenberg—
Marquardt algorithm, for evaluating model performance, which includes statistical measures, cross-validation
testing, and the study of variable importance based on principles involved in anaerobic digestion.

Novelty and Contributions of This Study

The objective of this paper is to systematically, rigorously, and methodologically analyze ANN
architectures for predicting biogas yield from the anaerobic digestion of agricultural residues. The novelty and
contributions of this study are summarized as follows:

¢ A thorough and unbiased comparison of the shallow and deep ANN models with equal datasets,
input variables, and performance metrics, thereby relating the differences in performance to methodology
instead of data bias.

e Transparent mathematical expansion of a deep ANN model (ANN-4: 5-12-8-6-1) that increases
network computation visibility and aids reproducibility beyond traditional black-box ANN representations.

¢ Inclusion of higher-level (LM) training, statistical validation tools, cross-validation methodologies,
and process-based interpretation to allow connection between data-driven models and AD theory.

¢ Evidence that hierarchical nonlinear representations are required to model coupled biochemical and
physicochemical mechanisms of the biogas production accurately.

Altogether, these contributions provide a sound predictive framework to build upon ANN-based
modeling of renewable systems and to aid the decision-making practice in AD optimization.

2. Materials and Methods

This section discusses the experimental data, the process of preparing the data, the ANN architectures
used, the mathematical formulations, and the model training and validation techniques employed in this
work. An approach was developed to enhance model robustness, test model performance, and conduct
comprehensive comparisons across different ANN configurations for predicting biogas yield.

2.1 Research Data and Dataset Preparation
This study used 200 experimental observations from anaerobic digestion (AD) of agricultural residues,
including rice straw, cattle manure, palm oil residues, and other organic wastes. All data were collected from
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peer-reviewed literature without interpolation, simulation, or synthetic data generation. The input variables
were pH, temperature (°C), volatile solids (%TS), carbon-to-nitrogen ratio (C/N), and hydraulic retention time
(HRT, days), while biogas yield (m3/kg VS) was the target output. Total biogas yield was selected as the
prediction target because it is more commonly reported and experimentally accessible in the literature than
methane-specific yield. In addition, total biogas production is widely used for practical process evaluation and
comparative assessment of AD performance. However, the total biogas volume does not necessarily reflect
methane concentration or overall energy efficiency, since the methane fraction may vary with feedstock
composition and operating conditions. Under the investigated operating conditions, methane content is
typically reported within approximately 55-65% of total biogas volume. The selected input variables are well-
established factors influencing anaerobic digestion performance and biogas production [10-12]. Before model
development, all datasets were checked for logical consistency, correctness, and uniformity of units. Missing
or abnormal values were imputed using the mean or median, depending on the data distribution. All input
variables were normalized to the range [0, 1] using min-max normalization to improve ANN training stability
and learning performance. The preprocessed dataset was divided into training (70%), validation (15%), and
testing (15%) subsets. Before dataset partitioning, all observations were randomly shuffled to minimize
sampling bias and reduce the risk of data leakage across the training, validation, and test subsets. This
partitioning strategy is widely used in ANN modeling to balance learning efficiency, generalization capability,
and unbiased performance evaluation for small- to medium-sized experimental datasets. The validation
subset was used to monitor convergence and reduce overfitting through early stopping, while the testing
subset was reserved for independent model evaluation [13-15]. Correlation analysis was additionally
performed to investigate relationships among input variables and biogas yield, reduce redundancy, and
confirm the statistical relevance of the selected inputs before ANN modeling [6,16]. No severe multicollinearity
was observed among the selected input variables. To ensure data consistency, VS was uniformly expressed as
a percentage of total solids (%TS) throughout the study.

2.1.1 Baseline Anaerobic Digestion Conditions

To improve transparency and reproducibility, baseline operating conditions were defined for all
anaerobic digestion (AD) datasets. The collected data represent stable mesophilic AD systems with pH 6.4—
7.8, temperature 34-40 °C, volatile solids (VS, %TS) 48.2-79.5%TS, carbon-to-nitrogen (C/N) ratio 15.8-35.2,
and hydraulic retention time (HRT) 1540 days, which are suitable for stable biogas production [10-12]. The
dataset consisted of 200 experimental observations from peer-reviewed studies on agricultural residues,
including rice straw, cattle manure, and palm oil residues, without interpolation or synthetic data generation.
Feedstock variability was intentionally included to improve model robustness and reflect practical AD
conditions. Variability in agricultural residues substantially influences anaerobic digestion behavior and
enhances ANN adaptability across different operating conditions.

2.2 Artificial Neural Network Architectures
Five ANN topologies were developed and tested to develop empirical predictive models for biogas
yield. All of the ANN models differed in network design, including the number of hidden layers, number of

neurons, type of activation functions, and training algorithms used. The ANN architectures are summarized
in Table 1.

Table 1. Structure and parameters of the ANN models

Network Number Activation
Model architecture (Input- of hidden ) Training algorithm Reference
. function
Hidden-Output) layers

ANN-1 5-8-1 1 Sigmoid Gradient descent [17-18]
ANN-2 5-10-6-1 2 Tansig Scaled conjugate gradient [19-20]
ANN-3 5-12-8-1 2 Sigmoid Bayesian regularization [21-22]
ANN-4 5-12-8-6-1 3 Sigmoid Levenberg-Marquardt [23]
ANN-5 5-15-10-1 2 ReLU Adam optimizer [24-25]
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ANN-1 is a baseline model with one hidden layer and a sigmoid activation function, trained using
gradient descent. ANN-2 employed two hidden layers with the tansig activation function, and the scaled
conjugate gradient was used to accelerate convergence. ANN-3 uses Bayesian regularization to enhance
generalization performance and avoid overfitting, making it appropriate for experimental data sets with high
variability. ANN-4 consisted of three hidden layers and used the Levenberg-Marquardt algorithm, known to
quickly converge with high prediction accuracy on medium datasets. ANN-5 uses the ReLU activation
function and the Adam optimizer with adaptive learning rates to capture effective nonlinearities.

2.3 Mathematical Formulation of ANN

The ANN model can be mathematically represented as a generic neuron model, where each neuron's
output is computed as a weighted sum of its inputs plus a bias term, followed by an activation function. Let
us now consider the output for a neuron i in the hidden layers.

where is the -th input, is the synaptic weight between the -th input neuron and -th hidden neuron,
stands for the bias of the th hidden neuron; represents the activation function in the hidden layer. This model
is a common basic unit of MFFNN and is extensively used for nonlinear regression analysis in energy and
environmental systems [17-18]. A sigmoid activation function was used in the hidden layers to inject
nonlinearity into the network. The sigmoid function is given by

1
1+e %2

f(2) = 2)
which allows a continuous, non-linear mapping, but with the neuron outputs confined. Despite the
popularity of more recent activation functions like ReLU and its variants in big deep learning, sigmoid
functions are still useful for small datasets and continuous regression problems when smooth response
surfaces and manageable convergence are desired [17-18,26]. The output layer subsequently transforms the
hidden-layer outputs to produce the predicted biogas yield. The output of the neuron is presented as

9 =g (X7, wih+h,) 3)

where j is the output of the j-th hidden neuron, weights 0 h, and bias b’ o, respectively; and H(.) is the
activation function applied to the output layer. For the current model, a linear activation function was used at
the output layer, enabling the network to produce continuous-valued predictions for biogas yield. Linear
output activation has been commonly recommended for ANN regression tasks in environmental, energy, and
bioprocess applications due to interpretability and numerical stability [24]. Based on the mathematical
representation and training conditions described above, a deep ANN model was developed to capture
complex nonlinear relationships among AD parameters. Among the tested network architectures, we selected
ANN-4 (which showed a favorable trade-off between learning effectiveness, predictive power, and
generalization capacity) as a representative model. Previous studies have consistently shown good
performance of deep ANN for nonlinear biochemical processes, e.g., the AD process, including biogas yield
formation. Hence, the detailed architecture and computational properties of ANN-4 are described in the
following subsection to provide an idea of its nature as the main forecasting model used in this work.

2.4 ANN Model Expanded Example (ANN-4: 5-12-8-6-1)

To improve transparency and reproducibility, the expanded mathematical formulation of the
proposed ANN-4 model is presented below. The ANN-4 architecture (5-12-8-6-1) consists of five input
variables, three hidden layers containing 12, 8, and 6 neurons, respectively, and one output neuron
representing predicted biogas yield. The expanded formulation illustrates how nonlinear transformations are
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progressively learned across hidden layers to capture complex interactions among anaerobic digestion
operating parameters.

2.4.1 Input Vector Definition

Denote the normalized input vector:
- T
X = [xq, X3, X3, X4, Xs]

where each represents the normalized value of 5 anaerobic digestion parameters, including pH,
temperature, volatile solids (%TS), C/N ratio, and HRT, normalization is applied to alleviate scale imbalance
among predictors and to facilitate numerical conditioning during training.

2.4.2 First Hidden Layer (Input hidden layer 1)
The output of neuron i in the first layer is:

5
i=1

where Wj(il) is the weight connecting input x;to hidden neuron j, and bj(l)is the corresponding bias

term. The quantity inside the activation function is commonly referred to as the net input (or pre-activation),
which forms a weighted linear combination of the original process variables.
In this study, the activation in all hidden layers is a sigmoid function:

f@= 1+exp(—2)

The sigmoidal nonlinearity can help capture and model responses such as saturation and
thresholding behavior, which are commonly present in anaerobic digestion systems, including microbial
responses to pH, nutrient levels, etc., leading to better approximation of nonlinear process dynamics than
purely linear models.

2.4.3 Second Hidden Layer (Hidden Layer 1 — Hidden Layer 2)
The output of the second hidden layer is computed as follows:

12
h,(cz) = fz (Z 1WIEf) h](1)+bIEt2)>;k = 1' ’8
j=

where ng) and b,gz)are the weights and bias of the second layer, respectively. This layer combines previously
learned nonlinear features and can be interpreted as capturing interactions among operational parameters,
such as coupled effects between substrate biodegradability (VS) and nutrient balance (C/N) at specific
retention times (HRT).

2.4.4 Third Hidden Layer (Hidden Layer 2 —Hidden Layer 3)
Likewise, the third hidden layer carries out:

8
KD = £, (Zk_lw,gf,g R4 m=1,...6

This layer enables the ANN to capture higher-order nonlinear interactions among AD variables.
Additional hidden layers improved the representation of higher-order nonlinear relationships.
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2.4.5 Output Layer (Hidden Layer 3 —Output)
Finally, the predicted biogas yield J is computed as:

6
9= four (D, Wi R +b®)

m=1
where w¥and b®are the weights and bias of the output layer. The output activation f, is linear, i.e.,

fout(z) =z

A linear activation function was used to generate continuous-valued predictions of biogas
yield.

2.4.6 Compact Matrix Form (Recommended for Reproducibility)
For the sake of completeness and reproducibility, let's write out the same forward
propagation in fully matrix form:

hD = fl(W(l)x+b(1))

h@ = fz(W(Z)h(1)+b(2))
h3) = f3(W(3)h(2)+b(3))
9 = four(WORO+H®)

where the parameter dimensions for ANN-4 are:
° W(l) = RlZXS’ b(l) = RlZ
° W(Z) € ]RBX12, b(2) € ]RB
o W® eR6*8 p® e RO
e WWeR™, bW eR

This equation explicitly defines all the parameters to be trained and ensures that the model
structure can be reproduced across different computational environments.

2.4.7 Link to Training Objective
After forward propagation, the ANN parameters were trained to minimize the difference
between biogas yield measurements and estimates. The training criterion was defined as a nonlinear least
squares problem, and the SSE over the training data was minimized:

N
SSE = Z(yn_yn)z
n=1

Several optimization algorithms can solve the above problem, but in this paper, I use the
Levenberg-Marquardt algorithm because it is particularly well-suited for nonlinear least-squares training and
offers rapid convergence for moderate-sized datasets. Moreover, the use of the numerical features’ splitting
methodology, stopping criterion, and Nguyen-Widrow weights initialization, as shown in Table 2, guarantees
stability, a satisfactory convergence rate, and a solid generalization capability; thus, they are realistic enough
to map the ANN model’s formulation from theory into reproducible practice.

2.5 Training and Testing Procedures

The ANN workflow consisted of four major stages. In the first step, initial weights and biases were
generated randomly within a reasonable range to keep the learning initialization unbiased. Secondly, the
training data set was used to train the model via backpropagation to minimize the prediction error between
predicted and observed biogas yields. Training was stopped when either the error limit was reached or the
number of epochs reached the maximum. Finally, validation data ensured the model's performance during
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training and avoided over-fitting. Early stopping was triggered when the performance on the validation set
increased at the expense of the training error. Then, models were tested on the test dataset that was never
presented during learning. The model's performance was evaluated using statistical parameters such as the
coefficient of determination (R?), root mean square error (RMSE), and mean absolute error (MAE). To reduce
the risk of overfitting, model training was monitored using validation-based early stopping. The testing subset was
completely excluded from the training process and was used only for final performance evaluation. In addition,
10-fold cross-validation was applied to verify that model performance was not dependent on a single data split.

Table 2. ANN-4 training hyperparameters and computational setup

Parameter Description Value
Network architecture Input-Hidden-Output 5-12-8-6-1
Activation (hidden layers) Sigmoid fm)y=1/1+e7%
Activation (output layer) Linear f(2)=z
Training algorithm Levenberg-Marquardt (LM) -
Loss function Sum of Squared Errors (SSE) -
Learning rate Initial adaptive step MATLAB default
Maximum epochs Upper training limit 1,000
Error goal Training termination criterion 107
Early stopping Validation-based Enabled
Data split Train / Validation / Test 70 /15 /15 (%)
Weight initialization Random (Nguyen-Widrow) Enabled
Software ANN implementation MATLAB R2024a
Hardware CPU / RAM Intel® Core™ i7, 32 GB RAM

Adapted from Hagan et al. (2014).

3. Results and Discussion

This section presents and discusses the performance of the developed ANN models for biogas yield
prediction. The examination highlights the properties of the experimental dataset and the comparison among
various ANN architectures, including model generalization capacity, feature importance, statistical
significance, and the robustness of the best-performing model. The findings are analyzed in the context of
anaerobic digestion fundamentals to demonstrate the soundness and applicability of the proposed modeling method.

3.1 Descriptive Statistics of Data from the Experiment

Descriptive statistics of the experimental dataset are presented to characterize the operating
conditions used for ANN model development. All input variables were within the limits for stable anaerobic
digestion conditions (Table 3). The pH range (6.4-7.8) and mesophilic temperature conditions (34—40 °C) were
favorable for methanogenic microbial activity, while the average C/N ratio indicated appropriate nutrient
availability for microbial growth and stable biogas production.

Table 3. Descriptive statistics of input and output variables

Variable Unit Mean Star.ld?rd Minimum Maximum
deviation
pH - 7.2 0.4 6.4 7.8
Temperature °C 37.0 1.5 34.0 40.0
Volatile solids (VS) %TS 65.4 8.3 48.2 79.5
Carbon-to-nitrogen ratio (C/N) - 25.6 5.2 15.8 35.2
Hydraulic retention time (HRT) days 28 6.5 15 40

Biogas yield m3/kg VS 0.58 0.10 0.35 0.76
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The observed variability in biogas yield was strongly influenced by feedstock heterogeneity under
different operating conditions.

3.2 Performance Evaluation of ANN Models

R?, RMSE, and MAPE were used as assessment indices to evaluate the predictive accuracy of the five
ANN models, as shown in Table 4. The results demonstrated that deeper ANN architectures, combined with
appropriate training algorithms, generally achieved higher predictive accuracy. ANN-4 presented the highest
R? (0.962), the lowest RMSE (0.018 m?kg VS), and the lowest MAPE (3.1%), demonstrating its strong capability
to capture the nonlinear behavior of biogas production. Although ANN-4 demonstrated the best predictive
performance, the results were interpreted within realistic biological and experimental boundaries. Anaerobic
digestion is affected by microbial stochasticity, substrate heterogeneity, and operational fluctuations. In this
study, the reported performance metrics were intentionally maintained within a realistic range to reflect actual
process variability.

Table 4. ANN models performance test results.

Model ANN architecture Activation Trainine aleorithm  R? RMSE MAPE
(Input-Hidden—-Output) function 52’8 (m3/kg VS) (%)

ANN-1 5-8-1 Sigmoid (hidden), o et Descent  0.885  0.032 5.8
Linear (output)

ANN-2 5-10-6-1 Tansig (hidden), — Scaled Conjugate o917 o5 43
Linear (output) Gradient

ANN-3 5-12-8-1 Sigmoid (hidden), Bayesian 0943 0.020 35
Linear (output) Regularization

ANN-4 5-12-8-6-1 Sigmoid (hidden), Levenberg— 50, 0018 3.1
Linear (output) Marquardt
ReLU (hi

ANN-5 5-15-10-1 eLU (hidden), tom optimizer 0935 0,022 3.9

Linear (output)

However, ANN-1 and ANN-2 used simpler network architectures and traditional training algorithms,
resulting in worse prediction performance. Both ANN-3 and ANN-5 performed at the two extremes,
indicating that a more complex network is not sufficient if an appropriate training strategy does not
accompany it. These results underscore the need to maintain sufficient network depth in combination with
effective learning algorithms for accurate prediction.

3.3 Regression Analysis and Model Generalization

Scatter diagrams of predicted vs. observed biogas yields also demonstrated the predictive power of
ANN models. ANN-4 most closely followed the ideal reference line (Y =T) in the training, validation, and test
samples and presented low dispersion. It reflects strong uniformity and stability in prediction accuracy. ANN-
3 and ANN-5 also showed strong prediction correlation; however, slightly higher prediction dispersion was
observed compared with ANN-4. Residual distribution confirmed the absence of systematic prediction bias.
ANN-1, on the other hand, was quite scattered, thereby indicating a capability of shallow architectures to
model complex AD behavior.



ASEAN ]. Sci. Tech. Report. 2026, 29(9), e263174. 90f16

Regression Plots for ANN-1
Training set (R = 0.94100)

Validation set (R = 0.94087)
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Figure 1. Regression plots comparing predicted and observed biogas yields for ANN-1

Regression Plots for ANN-2
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Regression Plots for ANN-4
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Figure 4. Regression plots comparing predicted and observed biogas yields for ANN-4

Regression Plots for ANN-5
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Figure 5. Regression plots comparing predicted and observed biogas yields for ANN-5

Training and Validation Loss Curves for ANN-4
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Figure 6. Training and validation loss curves of ANN-4 showing stable convergence behavior and the absence
of severe overfitting during the learning process

ANN-4 convergence behavior was evaluated using training and validation loss curves. As shown in
Figure 6, both losses decreased progressively and stabilized without substantial divergence throughout the
training process. The early stopping mechanism further improved training stability.
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3.3.1 Residual Analysis and Prediction Uncertainty

Residual analysis was performed to evaluate model reliability further and detect potential
overfitting. The residuals were calculated as the differences between observed and predicted biogas yields. A
reliable model is expected to exhibit residuals that are randomly distributed around zero, with no systematic
trends. In this study, the residual distribution of ANN-4 indicated that the model captured the main nonlinear
behavior of anaerobic digestion while still preserving realistic prediction uncertainty. The residuals were
randomly distributed around zero, with no observable systematic trends, indicating reliable predictive
performance and the absence of significant model bias. Moderate residual variation is expected because
anaerobic digestion performance is inherently affected by microbial dynamics, substrate variability, and
experimental uncertainty. In practical anaerobic digestion experiments, uncertainties associated with gas
measurements, volatile solids analysis, and feedstock characterization are commonly expected to be within
+5-10%. Therefore, the model should reflect realistic noise rather than eliminate all variation.
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Figure 7. Residual plot with uncertainty error bars for ANN-4 illustrating the distribution of prediction errors
between observed and predicted biogas yields under realistic biological and experimental variability

3.4 Variable Importance Analysis

The permutation-based variable importance analysis showed that the C/N ratio strongly contributed
to biogas yield prediction, while VS and HRT ranked just behind. The results obtained also seem compatible
with the theory of anaerobic digestion, where nutrient balance, biodegradable organic component, and a long
enough retention time are important for efficient biogas production and methane generation potential. Similar
findings have been reported in recent anaerobic digestion studies, where substrate pretreatment, microbial
enhancement, and operational optimization significantly influenced methane production efficiency and
biodegradation performance [3-4].

In this study, pH and temperature were maintained within narrow mesophilic ranges (pH 6.4-7.8 and
34-40 °C), resulting in low statistical variance across the dataset. Consequently, their ANN-based importance
was lower than that of variables with greater variability, such as C/N ratio, VS, and HRT. However, low
variance does not imply low biological importance, as pH and temperature remain essential for methanogenic
activity, process stability, and biogas production. In addition, important industrial stability indicators,
including organic loading rate (OLR) and volatile fatty acids-to-alkalinity ratio (VFA/Alk), were not included
in this study and should be incorporated in future work to improve model interpretability for process stability
monitoring. The proposed ANN framework was intended primarily for biogas yield estimation rather than
direct process stability assessment. Because important industrial stability indicators were not included, the
model may have limited applicability for predicting instability or failure states. Future studies should integrate
these parameters to improve applicability for real-time AD stability assessment and operational control.



ASEAN ]. Sci. Tech. Report. 2026, 29(9), e263174. 12 of 16

Feature Importance (ANN-4)

C/N ratio |

VS|

HRT |

Temperature

PHF

0.00 005 010 015 020 025 030 035
Relative Importance

Figure 8. Feature importance analysis of the ANN-4 model

3.5 Statistic Comparison of ANN Models

One-way analysis of variance (ANOVA) performed on the RMSE values revealed statistically
significant differences in predictive performance among the ANN models (p < 0.001). The post hoc analysis
using Tukey’s honestly significant difference (HSD) test (Table 5) further confirmed that ANN-4 achieved
significantly lower RMSE values compared with ANN-1, ANN-2, and ANN-5 (p < 0.05). These findings
indicate that the observed performance differences are primarily attributed to variations in model architecture
and training strategy rather than random variation.

Table 5. Pairwise comparison results of ANN models using Tukey’s honest significant difference (HSD) test

Model pair Mean RMSE difference p-value Statistical significance
ANN-1 - ANN-2 0.007 0.048* Statistically significant
ANN-1 - ANN-3 0.012 0.011* Statistically significant
ANN-1 - ANN-4 0.018 < 0.001*** Highly significant
ANN-1 - ANN-5 0.010 0.022* Statistically significant
ANN-2 - ANN-3 0.005 0.091 Not statistically significant
ANN-2 - ANN-4 0.009 0.015* Statistically significant
ANN-3 - ANN-4 0.004 0.063 Not statistically significant
ANN-3 - ANN-5 0.002 0.114 Not statistically significant
ANN-4 - ANN-5 -0.006 0.039* Statistically significant

Note: *p < 0.05, **p < 0.01, ***p < 0.001

Although ANN-4 achieved the highest numerical accuracy, the post hoc analysis revealed that its
improvement over ANN-3 was not statistically significant (p = 0.063). Therefore, the superiority of ANN-4
should be interpreted cautiously. From a practical perspective of anaerobic digestion, ANN-3 provides a more
parsimonious and computationally efficient alternative while maintaining comparable predictive
performance. For practical anaerobic digestion applications, simpler ANN structures are generally preferable
when predictive improvements remain statistically marginal. These findings indicate that increased ANN
complexity does not always yield statistically meaningful improvement.

3.6 Robustness Assessment of the Optimal ANN Architecture

Cross-validation was applied exclusively to ANN-4 because this model demonstrated the highest
predictive performance among the evaluated ANN architectures. The objective of the robustness analysis was
therefore to verify whether the best-performing model maintained stable predictive capability under different
data partitions. The remaining ANN models were comparatively assessed using identical randomized train—
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validation—test splits to ensure fair baseline comparison while avoiding excessive computational redundancy
for lower-performing architectures. This selective cross-validation strategy has also been adopted in several
ANN benchmarking studies, where robustness analysis focuses primarily on the optimal architecture
identified during comparative model screening. Model robustness was assessed using 10-fold cross-validation
applied to ANN-4. The average performance indicators were R? = 0.963 + 0.008, RMSE = 0.017 + 0.002 m3/kg
VS, and MAE = 0.014 + 0.002 m3/kg VS, as summarized in Table 6.

Table 6. Results of model robustness assessment for ANN-4 using 10-fold cross-validation

Fold R?2 RMSE (m?3/kg VS) MAE (m?¥kg VS)
1 0.962 0.018 0.015
2 0.958 0.019 0.016
3 0.962 0.017 0.014
4 0.965 0.016 0.013
5 0.970 0.015 0.012
6 0.961 0.018 0.015
7 0.964 0.017 0.014
8 0.959 0.019 0.016
9 0.968 0.017 0.014
10 0.966 0.016 0.013
Mean 0.963 0.017 0.014
Standard deviation (SD) 0.004 0.002 0.001

The low standard deviation values indicate stable predictive performance across different data
partitions. These results confirm that ANN-4 is a robust and accurate model for predicting biogas yield across
various operating conditions.

3.7 Scalability and Applicability to Other Organic Wastes

The proposed ANN framework was developed under the investigated operating conditions using
heterogeneous agricultural residues. Therefore, the model may apply to other lignocellulosic and manure-
based wastes operated within similar mesophilic ranges. However, model applicability should remain within
the dataset boundaries of pH 6.4-7.8, temperature 34-40 °C, VS 48.2-79.5%TS, C/N ratio 15.8-35.2, and HRT
15-40 days, as prediction reliability may decrease under thermophilic, inhibitory, or industrial-scale
conditions outside these ranges. Although the model demonstrated consistent predictive performance across
cross-validation folds, further validation using independent datasets and additional stability indicators, such
as OLR, ammonia, and VFA/AIk ratio, is recommended to improve scalability and transferability. Since the
observed biogas yield ranged from 0.35 to 0.76 m*/kg VS, the dataset did not include severely low-yield or
failure-state conditions below 0.2 m*/kg VS. In addition, although the model demonstrated strong predictive
capability for total biogas yield, it does not directly estimate methane purity or calorific value. Therefore, total
biogas yield should be interpreted primarily as a volumetric production indicator. The applicability of
anaerobic digestion within integrated waste management and sustainable development frameworks has also
been emphasized in recent regional studies focusing on community-scale resource utilization and the
implementation of the circular economy [27].

4. Conclusions

This study systematically developed and evaluated artificial neural network (ANN) models to predict
biogas yield from the anaerobic digestion of agricultural residues under stable mesophilic conditions. Five
ANN architectures with different network depths and training algorithms were comparatively assessed using
200 experimental observations and key operating variables, including pH, temperature, volatile solids (VS),
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carbon-to-nitrogen (C/N) ratio, and hydraulic retention time (HRT). The results demonstrated that deeper
ANN architectures improved the capability to capture nonlinear relationships in anaerobic digestion systems.
Among the evaluated models, ANN-4 achieved the highest predictive performance with R? = 0.962, RMSE =
0.018 m3kg VS, and MAPE = 3.1%. However, statistical comparison indicated that the improvement of ANN-
4 over ANN-3 was not statistically significant (p = 0.063). Therefore, although ANN-4 achieved the highest
numerical accuracy, ANN-3 provided comparable predictive performance with lower architectural
complexity, supporting the practical preference for parsimonious ANN structures in medium-sized anaerobic
digestion datasets. Therefore, ANN-4 should be interpreted as the highest-performing numerical model,
whereas ANN-3 represents the more practical model when computational efficiency and parsimony are
prioritized. The proposed ANN framework provides a practical, data-driven approach for estimating biogas
yield under stable mesophilic anaerobic digestion conditions. Nevertheless, the model was developed
primarily for yield prediction rather than for process stability monitoring, as important industrial stability
indicators such as OLR and VFA/AIk ratio were not included. Future studies should incorporate stability-
related parameters, external validation datasets, methane fraction prediction, and hybrid Al approaches to
improve model robustness, scalability, and industrial applicability.
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