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ARTICLE INFO ABSTRACT

The prediction of biogas production is essential for optimizing operational conditions, enhancing
process efficiency, and supporting sustainable energy systems. Traditional biogas yield
Revised: 12 Feb 2025 prediction methods struggle to capture the nonlinear and complex interactions among
influential factors such as feedstock composition, temperature, pH, and retention time. Machine
learning (ML) models provide a promising alternative by analyzing patterns in historical data to
make accurate, data-driven predictions. This study evaluates the effectiveness of six ML models
Linear Regression (LR), Decision Trees (DT), Random Forests (RF), Support Vector Machines
(SVM), k-nearest Neighbors (k-NN), and Artificial Neural Networks (ANNs) for predicting
biogas production on dataset of an experiment performed in 5 years from January 1, 2019, to
October 30, 2024. Each model's performance was assessed using common evaluation metrics for
regression analysis, including Mean Absolute Error (MAE), Mean Squared Error (MSE), and
Root Squared (R2) Score, to compare their accuracy, robustness, and suitability for biogas data,
which often involves nonlinear relationships and multivariate interactions. The findings
demonstrate that DT and RF outperform simpler approaches in terms of accuracy with of 0.999
and 0.998 respectively, making them ideal for complex biogas prediction tasks. This study
underscores the potential of ML models in optimizing biogas production systems and contributes
to developing efficient, scalable solutions for renewable energy management.
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1. INTRODUCTION

A well-functioning biogas system offers environmental and resource conservation benefits. Biogas is produced
through anaerobic digestion (AD) of organic waste, yielding methane (CH4) and carbon dioxide (COz2), and is utilized
for electricity, heat, or upgraded to biomethane [2]. AD is one of the oldest methods for industrial waste treatment
and sludge stabilization [1]. Precise AD process control is crucial to maximize biogas yield, though production is
complex and affected by factors like feedstock properties, temperature, pH, microbial activity, and hydraulic
retention time. Predicting biogas output accurately is challenging, as traditional models often miss nonlinear
interactions [3].

Anaerobic digestion (AD) is a widely adopted method for organic waste treatment, offering advantages such as biogas
production, low sludge output, pathogen removal, and the creation of organic fertilizers [4]. As demand for
sustainable energy grows, efforts to enhance biogas yield and improve AD energy efficiency have intensified [5].
Biogas, primarily composed of methane (55-70%) and carbon dioxide (30-40%), serves as a renewable energy source
that can replace environmentally harmful and rapidly depleting fossil fuels [6][77]. However, biogas production is a
complex, microorganism-driven process influenced by factors such as pH, temperature, and the carbon-to-nitrogen
ratio, and it often faces stability challenges that affect efficiency [8]. Proper monitoring, process control, and
modeling of the anaerobic process are crucial to predicting performance indicators like methane yield, enabling more
stable and efficient plant operations [9].
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ML models are powerful tools for addressing the complexities of biogas production, offering the ability to analyze
historical data, identify patterns, and make reliable predictions [10]. Unlike traditional linear methods, ML captures
both linear and nonlinear relationships, optimizing operational parameters in AD to enhance efficiency and stability
[11,12]. Models like LR, DTs, RFs, SVM, k-NN, and ANNs have unique strengths, from baseline modeling to capturing
complex nonlinear patterns [15—17]. Metrics such as Mean Squared Error (MSE) and Mean Absolute Error (MAE)
are used to evaluate these models, with advanced models like RF and ANNs often outperforming simpler ones in
predicting biogas production [18—23]. This study evaluates these models using real-world data to identify the most
suitable approaches for accurate and interpretable biogas predictions, supporting improved sustainability in
renewable energy management.

2. LITERATURE REVIEW
2.1 Related Work
The ML models have gained significant attention for predicting biogas production due to their ability to capture
nonlinear relationships and complex interactions in AD processes. Traditional statistical methods, which rely on
linear assumptions, struggle to predict biogas yields accurately when parameters like substrate composition,
temperature, pH, and retention time exhibit nonlinear dependencies [24]. While LR is often used as a baseline model
for biogas prediction, it performs well only with linear data or limited input features [25]. As data complexity
increases, more advanced ML approaches are explored to improve prediction accuracy.

ML models offer diverse capabilities for biogas prediction, each with unique strengths and limitations. DTs effectively
handle nonlinearity and categorical variables, making them interpretable and useful for understanding biogas yield
drivers, though prone to overfitting without proper hyperparameter tuning [26]. Ensemble models like RFs improve
accuracy by reducing variance and overfitting but require significant computational resources for large datasets [27].
SVMs excel in capturing complex relationships within smaller datasets, though they require precise parameter tuning
for optimal performance [28]. Simpler models like k-NN are useful for pattern recognition but face challenges with
computational expense and sensitivity to neighbor selection in large datasets [29,30]. Advanced models like ANNs
capture nonlinear interactions effectively, offering high prediction accuracy, but their high computational demands
and lack of interpretability have spurred hybrid approaches combining ANNs with simpler methods for improved
robustness and transparency [31—35].

ML enables computers to uncover hidden insights by learning from data using algorithms. In a study [36], five ML
algorithms (XGBoost, SVM, ANN, RF, and LR) were used to forecast biogas production at an industrial -scale plant
processing food waste. The Random Forest (RF) model performed best with an R2 of 0.74 when all standard
monitoring indicators were included. De Clerc et al. found that RF and XGBoost outperformed Elastic Net in
predicting biomethane production, with R2 values ranging from 0.80 to 0.88 across time horizons [37][38]. Long et
al. showed that increasing data and features could improve prediction accuracy [39].

Existing research on biogas production largely focuses on lab or pilot-scale reactors, leaving a gap in applying AI-
based models to full-scale sludge digestion in biological treatment plants. Advancements in ML and hybrid models
have enhanced prediction accuracy, interpretability, and scalability. This study aims to predict biogas production
rates using Al and regression models, evaluating their performance with various statistical indicators.

2.2 Machine Learning Techniques
In this research work, the 6 most common ML-regression algorithms, such as LR, DT, RF, SVM, KNN, and ANN were
adopted to develop and compare ML models for predicting biogas production. The following section briefly describes
these models. The Table 1 gives a clear and compact summary of the most widely used machine learning algorithms.
They are described in terms of what sorts of problems and datasets they are best suited for. References to relevant
studies and applications are included as much to support the explanations here, as to point interested readers toward
further exploration.
Table 1: Machine Learning Techniques Commonly Used.

Algorithms Descriptions References
Artificial Neural Mimics the human brain's neurons, excelling in nonlinear, complex | [40, 41, 59, 44]
Network (ANN) problems. Commonly used in AD and environmental processes.

Notable for prediction accuracy but lacks interpretability.
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Random Forest (RF) | Ensemble method using multiple decision trees to improve | [45, 58, 46, 47]
predictions by considering all available attributes and reducing
overfitting. Effective for high-dimensional data.

Support Vector Maps data into a higher-dimensional space to make it linearly | [48, 49]
Machine (SVM) separable, ideal for regression and handling non-linear
relationships. Robust to outliers but less effective with noisy data.
K-Nearest Neighbor | Simple method predicting based on the k nearest neighbors, using | [51, 42, 50]

(KNN) distance metrics like Manhattan distance. Sensitive to the choice of
K.
Linear Regression | Predicts a dependent variable from multiple independent variables, | [52, 53]
(LR) assuming a linear relationship. Limited by its assumption of

linearity and independence.
Decision Tree (DT) | Splits data into nodes to make predictions, minimizing errors by | [53, 54, 60]
selecting optimal splits. Flexible, interpretable, and handles non-
linear relationships.

3. METHODOLOGY

The methodology comprises different key stages: data collection, wrangling and preprocessing, feature selection,
model training and tuning, performance evaluation, and model comparison. Each step is designed to maximize
prediction accuracy and identify the most effective ML models for biogas production prediction.
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Fig. 1: Methodology for Machine Learning-based Models Development.

The structured machine learning workflow is illustrated in the Fig. 1, beginning with the gathering and preparation
of raw data for analysis. The data are split into two subsets for model training and testing. The training subset
comprises 80% of the complete dataset. With this, various models; Linear Regression, Decision Tree, Random Forest,
SVM, KNN, and ANN are trained. Upon training in parallel, the model types are evaluated as to their respective
performances. They are tallied using appropriate metrics: R2, RMSE, MSE, and MAE. The model type evaluation and
selection process are shown at the bottom left of the figure.

3.1 Data Collection and Pre-processing
The study employed a systematic sampling approach, collecting biogas production data at regular intervals to ensure
a representative dataset. The dataset obtained is from an experiment performed in 5 years from January 1, 2019, to
October 30, 2024. It was divided into categories namely, influent flow rate of the feed sludge, total solids content,
total volatile solids content, alkalinity, volatile fatty acids, and total biogas production. Experiments were conducted
under controlled mesophilic (35—40°C) and thermophilic (50—55°C) conditions to replicate real-world anaerobic
digestion processes.
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Data preprocessing steps included handling missing values, normalizing or standardizing features, and encoding
categorical variables where applicable. Missing values were addressed through imputation techniques such as mean
substitution for continuous variables and mode substitution for categorical ones. Features were normalized to bring
them within a comparable scale, reducing the potential for skewed model training and ensuring all parameters
contributed equally to the learning process. Categorical data, such as substrate types, were transformed using one-
hot encoding to facilitate compatibility with ML models.

3.2 Model Training and Performance Evaluation

Six ML models were trained and optimized using an 80/20 split of a feature-selected dataset, with 80% for training
and 20% for testing to evaluate generalizability. After training the model, it is important to measure the accuracy of
prediction. The model accuracy was evaluated using three metrics: the determination coefficient (R2), mean squared
error (MSE), and mean absolute error (MAE). These are well-suited for regression problems aimed to predict
continuous outcomes, and these metrics quantify the accuracy of predictions by evaluating the closeness of predicted
values to actual ones and provide complementary viewpoints regarding how well the model performs.

R2 measures the model's overall fit in terms of the explained variance. MSE is a more fine-grained, average
assessment of how well the model's predicted values match the actual values. In contrast to MSE, MAE offers a more
direct and straightforward interpretation of the model's error without any wild swings that might occur if some
predictions are particularly far from the actual values. Together these three metrics ensure a comprehensive and
nuanced picture of regression accuracy. They can be mathematically expressed by the following formulas.

Ti:il(}ii_yi)zz (1)
i1(Y=Y3)
Where, X; is the predicted it" value, the Y; element is the actual i value and 7 is the meaning of the true values
constant.

Coefficient of determination (R2 or R-squared): R?=1—

V=—3m Y, @)
The coefficient of determination R2 quantifies the proportion of variance in the predicted variable explained by the
model's input parameters. A higher R2 value indicates that the model incorporates significant input parameters and
is well-trained to predict experimental values within the dataset [19, 55]. R2 values range from 0 to 1, with values

closer to 1 signifying better model performance [56].

1
Mean square error (MSE): MSE = — mLX; —Y)? (3)
MSE evaluates the average squared difference between observed and predicted values, serving as a measure of error
in statistical models. An ideal model with no error has an MSE of zero, while higher MSE values indicate greater error
[57]. Model selection prioritizes maximizing the coefficient of determination R? and minimizing MSE during both
the testing and validation phases to ensure accurate fitting and prediction.

i—

Mean absolute error (MAE): MAE = 7—1 "X - Y “4)

MAE is useful when outliers represent corrupted data, as it does not heavily penalize training outliers, offering a
bounded performance measure for models. However, if the test set contains numerous outliers, model performance
may still degrade. MAE ranges from a best value of o (no error) to +c (worst performance).

3.3 Model Comparison and Analysis

A comparative analysis evaluated the strengths and weaknesses of various ML models for biogas prediction. Models
were ranked based on performance across three evaluation metrics, while also considering interpretability,
computational efficiency, and scalability. This multi-model assessment highlights the most suitable techniques for
biogas production prediction, providing a foundation for future research and practical applications in biogas systems.

4. RESULTS INTERPRETATION AND DISCUSSION

4.1 Model Comparison and Analysis
The implementation begins with importing libraries for data preprocessing and model building, including Keras for
deep learning. A Keras regressor wrapper integrates an ANN into the machine learning pipeline for evaluation
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alongside traditional models like LR, DT, RF, SVM, and k-NN. The dataset is cleaned by excluding non-numeric
columns and rows with missing target values, then split into training and testing sets. Models are trained and
evaluated using R2 scores, which are visualized for comparison. The best model is identified based on R2, with an
example prediction demonstrating real-world utility.

Table 2: Machine Learning Techniques Commonly Used.

SN | Models | MAE MSE R2 Score
1 LR 1996.3064 6867818.00 0.574689

2 DT 5.023474 7310.16 0.999547

3 RF 70.383118 27754.34 0.998281

4 SVM 3103.4048 15499340.00 0.040156

5 k-NN 468.70141 782832.40 0.951521

6 ANN 1746.6639 5767541.00 0.642828

From Table II, the DT and RF achieved the best results with very low error and a high R2 score. Linear Regression
and ANN showed moderate R2 scores, with errors indicating they captured some but not all patterns in the data.
SVM and k-NN have the lowest R2.

4.2 Model Comparison and Analysis

The visualization from Fig. 2 provides a quick comparison of each model's effectiveness, highlighting which ones are
better suited for each target parameter. It illustrates the R2 scores of six different models applied across various target
parameters. Each target parameter is displayed on the y-axis, while the R2 score is shown on the x-axis, allowing for
direct comparison of model performance on each specific parameter. The RF and DT models tend to have higher R2
scores, indicating strong predictive capabilities, while Linear Regression and Support Vector Machines generally
show lower scores for these tasks.

Model Comparison for Each Target Column - R? Score

- Linear Regression

Total Mixed Feed (TMF)

andom Forest
N Support Vector Regressor
W k-Nearest Neighbors

Total Solids content (TSC)

Total Volatile Solids content (TVSC)

Akalinity

Volatile Fatty Acids (TFA)

Total Biogaz Production

Fig. 2: Model Comparison for each targeted parameter on R2 score.

4.3 Prediction of biogas production by the Best Performer ML model.
The table shows the performance of a DT model in predicting various target parameters with exceptionally high
accuracy.

Table 3: Best Performer ML Models.

SN Targeted parameter Models MAE MSE Rz Score
1 Alkalinity DT 4.67E-15 | 6.14378E-28 1.00000
2 | Total Biogas Production DT 5.02 7310.16 0.999547
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3 Total Mixed Feed (TMF) DT 0.000000 0.000000 1.000000
4 Total Solids content (TSC) DT 1.07E-15 | 9.66632E-30 | 1.000000
5 Total Volatile Solids content DT
(TVSC) 4.50E-16 | 1.84E-30 1.000000
6 Volatile Fatty Acids (TFA) DT 5.77E-15 3.68E-28 1.000000

For most parameters (Alkalinity, Total Mixed Feed, Total Solids Content, Total Volatile Solids Content, and Volatile
Fatty Acids), the model achieves an R2 Score of 1.000, indicating perfect predictive accuracy. Both MAE and MSE
are extremely low, often close to zero, suggesting minimal prediction error. The only parameter with a slightly lower
performance is Total Biogas Production, where the model achieved an R2 of 0.999547 with a small MAE of 5.02 and
MSE of 7310.16, still indicating a very high level of accuracy.

4.4 Developed ML models Vs Previous Works.

The table provides a comparison of the recent 4 papers related to biogas prediction, along with the algorithms used
and the best model performance in terms of R2 accuracy. In common, RF achieved the highest R2 accuracy. Compared
with our paper both DT and RF demonstrated very high accuracy in predicting biogas production, with DT reaching
R2 of 0.999 and RF at 0.998. This overview highlights RF as a frequently effective algorithm in this field.

Table 4: Developed ML Models Vs Previous Published Works.

SN Scientific Task Algorithm Best Accuracy References

1 | Prediction of gaseous products RF, SVM RF with R2=0.87 [59]
> Prediction of biochar yield . [60]

and carbon contents RF RF with R2=0.8548

Biogas Prediction for N
3 Industrial-scale Digestor RF, XGBoost XGBoost with R2=0.88 [38]
4 Biogas prediction accuracy SVM, ANN, RF, KNN RF with R2=0.620 [58]

LR, DT, SVM, ANN, RF, RF with R2=0.998, DT Our paper

S Predicting Biogas Production KNN with R2=0.999 pap

While both Decision Trees (DT) and Random Forests (RF) achieved high accuracy in predicting biogas production,
RF is generally preferred due to its robustness, stability, and better generalization to unseen data. Unlike DT, which
is prone to overfitting, RF reduces variability by averaging multiple trees, ensuring consistent predictions. It also
handles high-dimensional data effectively and provides reliable feature importance insights. Though DTs are simpler
and more interpretable, RF offers superior accuracy, scalability, and resilience to missing data, making it the
preferred choice for complex, data-intensive applications like biogas production optimization.

5. CONCLUSION
This study highlights the potential of ML in biogas production, a sustainable alternative to fossil fuels. By evaluating
six ML models (LR, DT, RF, SVM, k-NN, and ANN), it identified Decision Trees (DT) and Random Forests (RF) as
the most effective. With RF achieving an R2 of 0.998 and DT at 0.999, the research highlights their superior
predictive power over simpler regression models. Using a five-year dataset, it ensures robustness and real-world
applicability. Additionally, DT and RF provide insights into key influencing factors, guiding optimization efforts. By
comparing results with existing studies, these results suggest RF as a powerful tool for maximizing biogas yield and
minimizing environmental impact. Future work recommends the use of AI-driven advancements which could focus
on integrating real-time data, exploring hybrid ML models for improved accuracy, and developing user-friendly tools
for broader adoption across biogas systems.
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