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Abstract

The problem of modeling the biogas production process in biogas plants based on regression analysis of data
obtained from a specific biogas plant is considered. The influence of factors such as pH level and the
composition of organic materials, taking into account specific time points and the volume of their addition
to the fermentation medium (substrate), on the efficiency of this process is demonstrated.

The Lasso regression method (Least Absolute Shrinkage and Selection Operator) from the Python sklearn
library was used to build the model.

It was established that changes in the operating parameters of the biogas plant can have a delayed effect,
and based on this, the constructed regression model also considers the impact of previous values in the data
sample in the form of the pH_lag2 parameter. To assess the accuracy of the obtained model, metrics such as
R? and mean relative error were used. After applying the derived equation to the test dataset, the R* value
reached 0.8889, and the mean relative error was 7.86%.
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1. Introduction

The increase in greenhouse gas emissions, particularly carbon dioxide (CO.) and methane (CH.,),
is one of the main factors contributing to global warming [1-2]. This underscores the importance of
finding and implementing renewable energy sources, among which biogas plays a significant role.
Biogas is produced through the anaerobic decomposition of organic waste, such as agricultural
residues, food waste, and livestock manure [3-7]. It primarily consists of methane and carbon dioxide,
with minor amounts of water vapor and other gases, allowing for a significant reduction in harmful
atmospheric emissions [8-10].

Biogas production is an effective method of organic waste management, as it converts waste into
a renewable energy resource. Anaerobic digestion helps reduce methane emissions, which would
otherwise be released from landfills, while simultaneously creating an energy source that can be used
for electricity, heat, or biofuel production [11-12]. Estimates suggest that with proper policy
regulation and the implementation of efficient technologies, the biogas industry could reduce global
greenhouse gas emissions by 3.29 — 4.36 gigatons of CO, equivalent, accounting for 10% to 13% of
total global emissions [13-14].

Despite its significant environmental potential, the use of biogas production technologies is
associated with several challenges, such as maintaining the continuous operation of production
processes and stabilizing technological parameters.

For biogas plants to operate efficiently, it is essential to monitor key indicators, including
temperature, pH level, methane concentration, and the carbon-to-nitrogen ratio. Proper control of
these parameters allows for the maximization of biogas yield and ensures the stability of the
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production cycle [15-17]. Therefore, the search for new methods to control these parameters,
including software-based approaches, is crucial for the development of biogas energy systems. The
implementation of such control requires the development of a mathematical model. In the theory of
mathematical modeling, there are two main approaches: deductive and inductive [18]. In the
deductive approach, the mathematical model is built based on physical principles [18]. This method
requires adjusting the model for a specific type of biogas plant, and the model itself must incorporate
physical parameters that need to be measured, which poses a challenge. In the inductive approach,
the mathematical model is developed specifically for a given biogas plant, based on empirical data
obtained from its operation [18-19]. This study adopts the inductive approach to model biogas
production.

At the same time, in the inductive modeling approach, an important consideration is ensuring the
accuracy of experimental results. When dealing with a limited dataset, interval data analysis is
typically used for model construction [20-25]. However, if the dataset is sufficiently large, it is more
appropriate to apply regression analysis [26]. Additionally, since structuring a regression model is
inherently an intelligent process, it is beneficial to use a well-established software environment for
this purpose. In our case, we chose Python libraries [27]. The choice of this environment was
influenced by the availability of the Least Absolute Shrinkage and Selection Operator (Lasso) from
the sklearn library. A key advantage of this method is its built-in regularization procedure, which
helps prevent overfitting and enables automatic elimination of low-significance parameters.

2. Literature review

The authors of the work [28] investigate the stages of fermentation, taking into account
biochemical processes, with the aim of ensuring the stability of biogas production. In [28], a new
modified dynamic mathematical model is presented for simulating the biochemical and physico-
chemical processes of biogas production during anaerobic fermentation. It should be noted that the
proposed model includes data on the biochemical structure along with additional information about
the physico-chemical processes of fermentation. In this work, the researchers confirmed the ability
of the proposed mathematical model to generate accurate data on anaerobic fermentation processes
using static indicators. The processes of anaerobic fermentation are discussed in works [29-31].

In works [32-35], models in the form of "black boxes" are investigated, which are built based on
experimental data. These models can account for possible deviations at any stage of biogas
production, and it is to this class that regression models belong, which are suitable for considering
the type and structure of bioresources, as well as technological process parameters, including
temperature, humidity, etc. Additionally, in work [35], a logistic equation is discussed for optimizing
fermentation processes.

Although regression analysis is an effective method for identifying relationships, standard linear
or polynomial regression does not always provide an accurate model, especially if there are nonlinear
dependencies between variables. A serious issue with such models is overfitting, which occurs when
the model memorizes the training data too well and identifies incorrect relationships. This negatively
affects the accuracy of predictions for future data. To combat overfitting, a technique called
regularization is used: by adding certain constraints to the loss function, a more flexible model can
be obtained, preventing overfitting.Cepen momysisgpHuUX MeTORIB, III0 BKJIIOYAIOThH peryJIIpuU3alliio,
MoskHa Bufinnty Lasso-perpecito ta Ridge-perpecito [36-37].

Both approaches aim to reduce the influence of coefficients on the final model. The main difference
between them is that Lasso zeros out variables that have a weak influence on the prediction, while
Ridge only reduces their values in the model. For this task, which involves predicting the volume of
biogas produced based on dynamic substrate and acidity data, Lasso regression has proven to be more
effective. The reason for this is that we need to eliminate values that create excessive noise when
calculating the results. Specifically, this applies to the acidity values and their lags. Since we do not
know at what moment and for how long the acidity influences the gas volume, we need to highlight
only those values that had a significant effect on the prediction. According to the results, the strongest
effect occurred after 2 days. All other variations only reduced the accuracy of the model and decreased
its flexibility. Thus, Lasso regularization allowed us to remove redundant or insignificant coefficients
from the final equation.



Separate approaches to solving regression tasks, based on the use of decision trees, include
Random Forest and XGBoost. They also effectively find dependencies for dynamic data but do not
allow for obtaining a mathematical equation. The result of their training is an ensemble of decisions,
which is not suitable for this specific task. For the implementation of the regression described in this
work, the scikit-learn (sklearn) library [38] was used. This is a popular Python library for machine
learning. Its main advantages are ease of use, speed, and a wide range of algorithms for writing
regression models. Additionally, Python is one of the most popular programming languages for
machine learning, and its environment includes a large number of tools for solving related tasks. This
allows for further improvements to the model, including combining different approaches to increase
prediction accuracy. Moreover, Python tools allow for integrating this software solution into real
projects, particularly by implementing an interface for working with the program on any platform.

3. Problem statement

The aim of this study is to develop a model for predicting the volume of biogas production in
biogas plants based on regression analysis of data. Thus, the research task is to develop a
mathematical model that would allow forecasting the output of biogas as a result of anaerobic
microbiological fermentation in a biogas plant, depending on technological factors. As mentioned
above, such technological factors include the pH level and the composition of organic materials,
considering specific moments in time and the volumes of their addition to the fermentation medium
(substrate). Based on this, it will become possible to optimize the operation of biogas plants, thus
increasing the efficiency of biogas production.

In our case, for the development of a mathematical model for the pH of the environment in the
biogas plant, the measurement results provided by LLC "Teofipil Energy Company" were used, in
accordance with the project "Modeling the Dynamics of Processes in Biogas Plants," state registration
number 0123U103785, commissioned by LLC "Zakhid Trade Ternopil," from September 12, 2023, to
September 30, 2024, as well as the Ministry of Education and Science of Ukraine grant "Mathematical
Tools and Software for the Prototype of a High-Efficiency Biogas Plant" (January 2024 — December
2025, state registration number 0124U000076), and the experimental data were obtained over 3
months - from May 1, 2024, to July 31, 2024.

A fragment of the measurement results is presented in Table 1. In the specified month, additional
biomass was periodically loaded into the reactor for anaerobic fermentation.

Table 1
Results of experimental studies on the characteristics and parameters of the fermentation
process

Date pH Gas volume Substrate composition
01.05.2024 8,02 20800 s-0, p-107, m-20, c-5, st-260
02.05.2024 8,18 28380 s-0, p-122, m-17, ¢-5, st-317
03.05.2024 8,13 31600 s-0, p-80, m-14, c-5, st-274
04.05.2024 7,97 23293 s-0, p-58, m-10, c-6, st-300
05.05.2024 7,99 28908 s-0, p-87, m-14, c-6, st-280
06.05.2024 8,04 33518 s-0, p-77, m-17, c-6, st-300
07.05.2024 8,07 33347 s-0, p-71, m-10, c-6, st-310

It is also worth noting that these data include information about the date of biogas production and
substrate loading, acidity (pH), substrate composition, and the volume of gas produced per day. It
should be noted that changes in the operational parameters of the biogas plant can have a delayed
effect, so the influence of previous indicators should also be considered when creating the model. The
data on organic materials (substrate) contain information about the type and volume of each
component: pulp (p), silage (s), manure (m), stillage (st), and chicken manure (c).

Thus, in this study, during the process of constructing a mathematical model of the pH
environment in a biogas plant based on the analysis of interval data, the following tasks are addressed:



1) the selection of an appropriate regression analysis method, as well as the tools for its
implementation using the Python library;

2) obtaining the structure of the regression model and identifying the model based on the use of
the aforementioned library;

3) investigating the accuracy of the constructed regression model.

4. Method and results

4.1. Building a regression model

For modeling, the Lasso regression method (Least Absolute Shrinkage and Selection Operator)
from the Python sklearn library was used. Its main advantages are the built-in regularization, which
helps prevent overfitting of the model, and the automatic elimination of parameters that have a very
low impact on the result. Through parameter tuning, the model was configured with a regularization
parameter alpha = 0.01. To account for the delayed effect of changes in acidity, the parameter
pH_lag2, representing a 2-day lag, was also added. Among various options, this value showed the
best results when predicting the volume of biogas produced. In the future, as the number and values
of the lag parameters increased, the model's accuracy decreased, indicating that the effect of acidity
changes is highest after 2 days.

Before using the biogas production data for model training, they needed to be prepared and
formatted. For this, a function was used.

prepare_data

def prepare_data(df, min_lag, max_lag):

for material in materials_columns:
df[material] = 0
for index, row in df.iterrows():
for material in materials_columns:
match = re.search(rf{material}-(\d+)', row['Materials'])
if match:
df.at[index, material] = int(match.group(1))
for lag in range(min_lag, max_lag + 1):
df{fpH_lagflag}'] = df['pH'].shift(lag)
df['Date'] = pd.to_datetime(df['Date'])
df['pH'] = df['pH].astype(float)
df['Gas'] = df['Gas'].astype(float)
df.dropna(inplace=True)
return df

To ensure correct results, data scaling was applied. Without scaling, features with larger values
can dominate over features with smaller values, distorting the model's weight coefficients and its
results. The StandardScaler method was used for scaling. The formula used by this method is as
follows:

x—p

Xscaled = —5 1)

where
i — the mean value of the feature across the entire dataset
o — the standard deviation of the feature

scaler_X = StandardScaler()

scaler_y = StandardScaler()

X_scaled = scaler_X.fit_transform(X)

y_scaled = scaler_y.fit_transform(y.values.reshape(-1, 1)).ravel()
After this, the scaled data were fed into the Lasso model, which in turn returned the

coefficients for each of the parameters.

lasso = Lasso(alpha=0.01)

lasso.fit(X_scaled, y_scaled)

coefs = lasso.coef



intercept = lasso.intercept_

As a result, the coefficients and parameters allow us to obtain the final regression equation.

final_coefs = [coef * scale_y / scaler_X.scale_[i] for i, coef in enumerate(coefs)]

final_intercept = mean_y + scale_y * (intercept - sum(coef * scaler_X.mean_[i] / scaler_X.scale_[i]
for i, coef in enumerate(coefs) if coef != 0))

equation = f"Gas = {final_intercept:.4f}"

for feature, coef in zip(features, final_coefs):

if coef = 0:
equation += f" + {coef:.4f} * {feature}"

4.2. Final regression equation

The final regression equation obtained during the program's execution is as follows:

FE Vi) =Bo+B %+ Bo Vi—a (2)

where f (X, Vy_,) — the function that predicts the biogas volume (m*); X = (X1, X2, X3, X4, X5) —the
substrate mass vector (kg); x; — the mass of stillage; x, — the mass of pomace; x3 — the mass of
manure; X, — the mass of chicken manure; x5 — the mass of silage; y,_, — the pH value with a 2-day

lag; fo = —9551.4717, E = (49.6650,78.9349,127.7447,91.6091,160.5516); B, = 2051.2383.

The coefficients of the variables determine their contribution to the prediction of biogas volume.
The greatest influence is exerted by y,_, (acidity two days later), which indicates the importance of
historical acidity values of the environment. The contributions of silage and manure are also
significant. At the same time, the acidity value on the same day was determined by the model as
secondary and was excluded when constructing the corresponding equation.

To determine the accuracy of the obtained model, metrics such as R* and mean relative error were
used. After applying the obtained equation to the test sample, R* showed a value of 0.8889, and the
error was 7.86%.

Figure 1 shows the relationship between the predicted values of the produced biogas (Predicted
gas amount) and the actual volume of biogas produced per day (Actual gas amount). The green area
highlights the data that were used during the model training. It can be concluded that based on the
obtained model, we can predict the volume of biogas produced for given input factors with sufficient
accuracy. This is confirmed by the results of comparing the predicted gas volume with experimentally
obtained values. However, there are still certain points where the obtained equation showed slightly
inaccurate results. To ensure higher accuracy of the model, it is necessary to also consider other
influencing factors in the construction of the model. Such factors may include temperature and
humidity.
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Figure 1: Results of comparing simulated values of biogas production and actual.

5. Conclusions

As a result of the conducted research, a mathematical model for predicting the volume of biogas
production in biogas plants based on regression analysis was developed, which allowed for the
consideration of technological parameters and time dependencies. For building the model, the use of
the Python programming language was proposed and justified, specifically the sklearn library, which
implements the Lasso regression method (Least Absolute Shrinkage and Selection Operator). The
application of regularization in this method ensured the elimination of the "overfitting" effect and
provided the simplest form of the model among the adequate models. Additionally, the model
included a 2-day lag parameter, which accounts for the delayed effect of substrate acidity changes.

To determine the resulting accuracy of the model, metrics such as R? and mean relative error were
used. After applying the obtained equation to the test sample, R* showed a value of 0.8889, and the
error was 7.86%. Further development of the model may include expanding the data set, considering
additional parameters such as temperature or humidity, and integrating with automated control
systems for real-time monitoring. This will not only improve forecasting but also contribute to scaling
up biogas technologies as an important element of green energy.

Declaration on Generative Al

The authors have not employed any Generative Al tools.

References

[1] Tian-yu Chen, Chao-qiang Wang, Lin-xiao Cheng, Jing-jie Zhang. Carbon dioxide resource
utilization in methanol products: Carbon emission projections, visual analysis, life cycle
assessment. Journal of the Indian Chemical Society, Volume 101, Issue 10, 2024.
https://doi.org/10.1016/j.jics.2024.101336

[2] Yingzi Li, Haiyan Lu, Meifen Wu, Ruyin Long. "Climate change" vs. "Global warming": Different
public perceptions, sentiments and explanatory factors in China, Journal of Cleaner Production,
Volume 484, 2024, https://doi.org/10.1016/j.jclepro.2024.144324

[3] Flaviana John Ngabala, Jovine Kamuhabwa Emmanuel. Potential substrates for biogas
production through anaerobic digestion-an alternative energy source, Heliyon, Volume 10, Issue
23, 2024. https://doi.org/10.1016/j.heliyon.2024.e40632

[4] Mohammadmahdi Mohammadianroshanfekr, Maryam Pazoki, Mohamad Bagher Pejman, Reza
Ghasemzadeh, Abolghasem Pazoki. Kinetic modeling and optimization of biogas production
from food waste and cow manure co-digestion. Results in Engineering, Volume 24, 2024.
https://doi.org/10.1016/j.rineng.2024.103477

[5] T. Sathish, K. Muthukumar, R. Saravanan, Jayant Giri. Optimized thermal pretreatment for
lignocellulosic biomass of pigeon pea stalks to augment quality and quantity of biogas
production. International Journal of Thermofluids, Volume 24, 2024.
https://doi.org/10.1016/j.ijft.2024.100911

[6] Reem M. Alharbi. Anaerobic co-digestion of cow manure and microalgae to increase biogas
production: A sustainable bioenergy source. Journal of King Saud University — Science. Volume
36, Issue 9. 2024. https://doi.org/10.1016/j.jksus.2024.103380

[7] Hotaj-Krzak, J.T.; Konieczna, A.; Borek, K.; Gryszkiewicz-Zalega, D.; Sitko, E.; Urbaniak, M.;
Dybek, B.; Anders, D.; Szymenderski, J.; Koniuszy, A.; et al. Goat Manure Potential as a Substrate
for Biomethane Production—An Experiment for Photofermentation. Energies 2024, 17, 3967.
https://doi.org/10.3390/en17163967

[8] Raman Kumawat, Lata Gidwani, Kunj Bihari Rana. Comparative analysis of life cycle assessment
of biogas-powered and coal-powered power plant for optimized environmental operation,
Heliyon, Volume 10, 2024. https://doi.org/10.1016/j.heliyon.2024.e39155


https://doi.org/10.1016/j.jics.2024.101336
https://doi.org/10.1016/j.jclepro.2024.144324
https://doi.org/10.1016/j.heliyon.2024.e40632
https://doi.org/10.1016/j.rineng.2024.103477
https://doi.org/10.1016/j.ijft.2024.100911
https://doi.org/10.1016/j.jksus.2024.103380
https://doi.org/10.3390/en17163967
https://doi.org/10.1016/j.heliyon.2024.e39155

[9] Sevda Jalali Milani, Gholamreza Nabi Bidhendi. Biogas and photovoltaic solar energy as
renewable energy in wastewater treatment plants: A focus on energy recovery and greenhouse
gas emission mitigation, Water Science and Engineering, Volume 17, Issue 3, 2024.
https://doi.org/10.1016/j.wse.2023.11.003

[10] S. Lehtoranta, E. Tampio, S. Rasi, J. Laakso, K. Vikki, S. Luostarinen. The implications of
management practices on life cycle greenhouse gas emissions in biogas production. Journal of
Environmental Management, 2024. https://doi.org/10.1016/j.jenvman.2024.121884

[11] Daniela Sica, Benedetta Esposito, Stefania Supino, Ornella Malandrino, Maria Rosaria Sessa.
Biogas-based systems: An opportunity towards a post-fossil and circular economy perspective
in Italy. Energy Policy, Volume 182, 2023. https://doi.org/10.1016/j.enpol.2023.113719

[12] Karine Arrhenius, Sandra Hultmark, Iris de Krom, Luuk Meijer, Emma Henderson, Janneke van
Wijk. Quality of biogenic carbon dioxide stream from biogas plants including analytical method
development. Journal of CO2 Utilization, Volume 92, 2025.
https://doi.org/10.1016/j.jcou.2025.103020

[13] Tae Hyun Chung, Simran Kaur Dhillon, Chungheon Shin, Deepak Pant, Bipro Ranjan Dhar.
Microbial electrosynthesis technology for CO2 mitigation, biomethane production, and ex-situ

biogas upgrading. Biotechnology Advances, Volume 77, 2024.
https://doi.org/10.1016/j.biotechadv.2024.108474
[14] Renewables 2023. Special section: Biogas and biomethane

https://www.iea.org/reports/renewables-2023/special-section-biogas-and-biomethane

[15] Wael El-Kolaly, AbdelGawad Saad, Yunfeng Wang, Heba Abd El Halim, Ming Li, Yin Fang.
Production of biogas from various types of spent mushroom substrate under different growth
conditions. Bioresource Technology Reports. Volume 28, 2024.
https://doi.org/10.1016/j.biteb.2024.101964

[16] Thomas Amon, Barbara Amon, Vitaliy Kryvoruchko, Werner Zollitsch, Karl Mayer, Leonhard
Gruber. Biogas production from maize and dairy cattle manure—Influence of biomass
composition on the methane yield. Agriculture, Ecosystems & Environment. Volume 118, 2007.
https://doi.org/10.1016/j.agee.2006.05.007

[17] Yangyang Li, Yu Li, Difang Zhang, Guoxue Li, Jiaxin Lu, Shuyan Li. Solid state anaerobic co-
digestion of tomato residues with dairy manure and corn stover for biogas production.
Bioresource Technology, Volume 217, 2016. https://doi.org/10.1016/j.biortech.2016.01.111

[18] Dyvak M., Pasichnyk R. Inductive and Deductive Approaches to Modeling the Daily Cycle of
Carbon Monoxide Concentrations Due to Air Pollution by Motor Vehicles (2024) Proceedings -
International Conference on Advanced Computer Information Technologies, ACIT, pp. 77 - 82,
DOI: 10.1109/ACIT62333.2024.10712476

[19] M. Dyvak, "Parameters Identification Method of Interval Discrete Dynamic Models of Air
Pollution Based on Artificial Bee Colony Algorithm," 2020 10th International Conference on
Advanced Computer Information Technologies (ACIT), Deggendorf, Germany, 2020, pp. 130-
135. https://ieeexplore.ieee.org/document/9208972

[20] M. Dyvak, A. Pukas, I. Oliynyk and A. Melnyk, "Selection the “Saturated” Block from Interval
System of Linear Algebraic Equations for Recurrent Laryngeal Nerve Identification," 2018 IEEE
Second International Conference on Data Stream Mining & Processing (DSMP), Lviv, Ukraine,
2018, pp. 444-448. https://ieeexplore.ieee.org/document/8478528

[21] Dyvak, M.; Spivak, L; Melnyk, A.; Manzhula, V.; Dyvak, T.; Rot, A.; Hernes, M. Modeling Based
on the Analysis of Interval Data of Atmospheric Air Pollution Processes with Nitrogen Dioxide
due to the Spread of Vehicle Exhaust Gases. Sustainability 2023, 15, 2163.
https://doi.org/10.3390/su15032163

[22] M. Dyvak, P. Stakhiv, A. Pukas, Algorithms of parallel calculations in task of tolerance ellipsoidal
estimation of interval model parameters, Bull. Pol. Acad. Sci. 60.1 (2012).
https://doi.org/10.2478/v10175-012-0022-9

[23] N. Ocheretnyuk, I. Voytyuk, M. Dyvak and Y. Martsenyuk, "Features of structure identification
the macromodels for nonstationary fields of air pollutions from vehicles," Proceedings of
International Conference on Modern Problem of Radio Engineering, Telecommunications and
Computer Science, Lviv, Ukraine, 2012, p- 444,
https://ieeexplore.ieee.org/abstract/document/6192692


https://doi.org/10.1016/j.wse.2023.11.003
https://doi.org/10.1016/j.jenvman.2024.121884
https://doi.org/10.1016/j.enpol.2023.113719
https://doi.org/10.1016/j.jcou.2025.103020
https://doi.org/10.1016/j.biotechadv.2024.108474
https://www.iea.org/reports/renewables-2023/special-section-biogas-and-biomethane
https://doi.org/10.1016/j.biteb.2024.101964
https://doi.org/10.1016/j.agee.2006.05.007
https://doi.org/10.1016/j.biortech.2016.01.111
https://ieeexplore.ieee.org/document/9208972
https://ieeexplore.ieee.org/document/8478528
https://doi.org/10.3390/su15032163
https://doi.org/10.2478/v10175-012-0022-9
https://ieeexplore.ieee.org/abstract/document/6192692

[24] Darmorost, M. Dyvak, N. Porplytsya, T. Shynkaryk, Y. Martsenyuk and V. Brych, "Convergence
Estimation of a Structure Identification Method for Discrete Interval Models of Atmospheric
Pollution by Nitrogen Dioxide,” 2019 9th International Conference on Advanced Computer
Information Technologies (ACIT), 2019. https://ieeexplore.ieee.org/document/8779981

[25] Francisco de Asis Lopez, Javier Roca-Pardifias, Celestino Ordoériez. Regression analysis with
spatially-varying coefficients using generalized additive models (GAMs). Chemometrics and
Intelligent Laboratory Systems. Volume 255. https://doi.org/10.1016/j.chemolab.2024.105254

[26] Alexander L.R. Lubbock, Carlos F. Lopez, Programmatic modeling for biological systems. Current
Opinion in Systems Biology, Volume 27, 2021. https://doi.org/10.1016/j.coisb.2021.05.004

[27] Andrews, ]J.F.; Graef, S.P. Dynamic modelling and Simulation of the Anaerobic Digestion Process.
In Anaerobic Biological Treatment Processes; American Chemical Society: Washington, DC,
USA, 1971; Volume 105, pp. 126—162 https://pubs.acs.org/doi/abs/10.1021/ba-1971-0105.ch008

[28] Miriam Mihi, Badr Ouhammou, Mohammed Aggour, Brahim Daouchi, Soufyane Naaim, El
Mahdi El Mers, Tarik Kousksou. Modeling and forecasting biogas production from anaerobic
digestion process for sustainable resource energy recovery. Heliyon, Volume 10, Issue 19, 2024,
https://doi.org/10.1016/j.heliyon.2024.e38472

[29] Waliszewska, B.; Waliszewska, H.; Grzelak, M.; Majchrzak, L.; Gawel, E.; Murawski, M
Sieradzka, A.; Vaskina, I.; Spek-Dzwigala, A. Evaluation of Changes in the Chemical Composition
of Grasses as a Result of the Methane Fermentation Process and Biogas Production Efficiency.
Energies 2024, 17, 4100. https://doi.org/10.3390/en17164100

[30] Zhijie Xie, Siyuan Huang, Yuqin Wan, Fang Deng, Qin Cao, Xiaofeng Liu, Dong Li. Power to
biogas upgrading: Effects of different H2/CO2 ratios on products and microbial communities in
anaerobic fermentation system. Science of The Total Environment. Volume 865, 2023.
https://doi.org/10.1016/j.scitotenv.2022.161305

[31] Mohd Hakimi, M. Devendran Manogaran, Rashid Shamsuddin, Siti Aminah Mohd Johari,
Muzamil Abdalla M Hassan, Totok Soehartanto, Co-anaerobic digestion of sawdust and chicken
manure with plant herbs: Biogas generation and kinetic study. Heliyon, Volume 9, Issue 6, 2023.
https://doi.org/10.1016/j.heliyon.2023.e17096

[32] Brulé, M,; Oechsner, H.; Jungbluth, T. Exponential model describing methane production kinetics
in batch anaerobic digestion: A tool for evaluation of biochemical methane potential assays.
Bioproc. Biosyst. Eng. 2014. https://link.springer.com/article/10.1007/s00449-014-1150-4

[33] Hadjer Sadoune, Rachida Rihani, Francesco Saverio Marra. DNN model development of biogas
production from an anaerobic wastewater treatment plant using Bayesian hyperparameter
optimization. Chemical Engineering Journal. Volume 471, 2023.
https://doi.org/10.1016/j.cej.2023.144671

[34] Wojciech Czekala, Tomasz Jasinski, Jacek Dach. Profitability of the agricultural biogas plants
operation in Poland, depending on the substrate use model. Energy Reports. Volume 9,
Supplement 10, 2023, Pages 196-203. https://doi.org/10.1016/j.egyr.2023.05.175

[35] M. Meraz, P. Castilla, E.J. Vernon-Carter, J. Alvarez-Ramirez. Biogas production modeling:
Developing a logistic equation satisfying the zero initial condition, Renewable Energy. Volume
237, 2024. https://doi.org/10.1016/j.renene.2024.121816

[36] Gholamreza Hesamian, Arne Johannssen, Nataliya Chukhrova. An explainable fused lasso
regression model for handling high-dimensional fuzzy data, Journal of Computational and
Applied Mathematics, Volume 441, 2024. https://doi.org/10.1016/j.cam.2023.115721

[37] Viviana Consonni, Giacomo Baccolo, Fabio Gosetti, Roberto Todeschini, Davide Ballabio, A
MATLARB toolbox for multivariate regression coupled with variable selection, Chemometrics and
Intelligent Laboratory Systems, Volume 213, 2021,
https://doi.org/10.1016/j.chemolab.2021.104313

[38] Zhiyuan Liu, Ziyuan Gu, Pan Liu, Chapter 2 - Data analysis in Python, Transportation Big Data,
Elsevier, 2025, Pages 13-49, https://doi.org/10.1016/B3978-0-443-33891-5.00013-2


https://ieeexplore.ieee.org/document/8779981
https://doi.org/10.1016/j.chemolab.2024.105254
https://doi.org/10.1016/j.coisb.2021.05.004
https://pubs.acs.org/doi/abs/10.1021/ba-1971-0105.ch008
https://doi.org/10.1016/j.heliyon.2024.e38472
https://doi.org/10.3390/en17164100
https://doi.org/10.1016/j.scitotenv.2022.161305
https://doi.org/10.1016/j.heliyon.2023.e17096
https://link.springer.com/article/10.1007/s00449-014-1150-4
https://doi.org/10.1016/j.cej.2023.144671
https://doi.org/10.1016/j.egyr.2023.05.175
https://doi.org/10.1016/j.renene.2024.121816
https://doi.org/10.1016/j.cam.2023.115721
https://doi.org/10.1016/j.chemolab.2021.104313
https://doi.org/10.1016/B978-0-443-33891-5.00013-2

	1. Introduction
	2. Literature review
	3. Problem statement
	4. Method and results
	4.1. Building a regression model
	4.2. Final regression equation

	5. Conclusions
	Declaration on Generative AI
	References

