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ABSTRACT

Biogas production from lignocellulosic feedstocks presents a promising pathway for sustainable renewable energy 

generation. However, the structural complexity of lignocellulosic biomass and the demand for effective pretreatment 

methods remain significant obstacles. This research proposes an Extended Convolutional Neural Network (ECNN) 

framework to optimize biogas production synergistically. The methodology incorporates multi-stage pretreatment 

techniques and trace element supplementation to improve methane yield. The research leverages a comprehensive 

dataset that includes parameters such as lignin content, pretreatment methods, trace element supplementation, 

methane yield, biogas yield, pH level, temperature, enzyme addition, and COD reduction. The ECNN model analyzes 

these inputs with exceptional precision, achieving 100% prediction accuracy and a validation loss reduced to 0.006 

over 100 epochs. The model effectively determines the optimal combinations of pretreatment methods and 

supplementation strategies to maximize biogas output. Furthermore, the research emphasizes the importance of multi-

stage acid, enzymatic, and thermal pretreatments in deconstructing lignocellulosic structures, thereby enhancing 

microbial accessibility. The addition of trace elements like iron and cobalt further boosts anaerobic digestion 

performance. The ECNN framework capitalizes on these innovations, serving as a powerful predictive tool for biogas 

optimization and demonstrating scalability for various feedstocks. Future research will aim to broaden the dataset to 

incorporate real-world conditions, explore additional pretreatment methods, and enhance the ECNN model's 

adaptability to diverse feedstock compositions. This work introduces a novel, data-driven approach to optimizing 

biogas production, providing valuable contributions to the renewable energy sector and advancing the field of 

sustainable energy research.
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INTRODUCTION
The shift towards renewable energy is crucial to mitigating the
adverse impacts of climate change and reducing dependence on
fossil fuels. Biogas, primarily composed of Methane (CH4),
emerges as a sustainable and versatile energy source [1,2]. It is
produced through anaerobic digestion of organic materials,
including lignocellulosic biomass derived from agricultural
residues such as sugarcane bagasse, corn stover, and rice straw
[3,4]. These feedstocks are highly suitable for biogas production
due to their wide availability, low cost, and potential for
recycling agricultural waste [5]. However, the structural
complexity of lignocellulosic biomass, especially its high lignin
content, creates significant barriers. Lignin forms a protective
barrier that restricts microbial access to cellulose and
hemicellulose, reducing the efficiency of biogas production
[6,7]. Effective pre-treatment strategies are necessary to overcome
this challenge by breaking down lignin and increasing the
digestibility of biomass components [8]. Conventional methods
for enhancing biogas production involve static approaches, such
as single-stage chemical or thermal pre-treatments and uniform
supplementation of trace elements [9]. While these methods
have achieved moderate success, they often lack the flexibility to
adapt to the inherent variability of feedstocks and the dynamic
nature of anaerobic digestion. Furthermore, these methods
typically fail to account for complex interactions among various
factors like pH, temperature, enzymatic activity, and microbial
dynamics, leading to suboptimal outcomes. This limitation
highlights the need for advanced, data-driven frameworks to
optimize biogas production efficiently.

Motivation

Advances in Artificial Intelligence (AI) have created new
opportunities to address multi-variable and complex challenges
in renewable energy optimization. Convolutional Neural
Networks (CNNs), in particular, have demonstrated exceptional
capabilities in analyzing high-dimensional data and uncovering
intricate relationships that traditional statistical methods often
miss. Despite their potential, current AI models in the context
of biogas production optimization are restricted in scope. These
models often focus on isolated variables, such as the impact of a
single pre-treatment method or trace element supplementation,
and overlook the synergistic interactions between these factors.
This limitation frequently results in suboptimal

traditional methods, offering a scalable and adaptable solution
for the biogas industry.

Objectives

This research aims to develop a robust, AI-powered framework
to optimize biogas production from lignocellulosic biomass. The
key objectives are as follows:

Evaluation of synergistic pre-treatment methods: This research
investigates the combined effects of multi-stage pre-treatment
techniques, such as acid hydrolysis, enzymatic degradation, and
thermal treatment, on the digestibility of lignocellulosic
biomass. The objective is to identify the most effective
combinations that enhance microbial access to cellulose and
hemicellulose, improving overall biogas yields.

Optimization of trace element supplementation: Essential
trace elements like iron, cobalt, and nickel play a crucial role in
microbial metabolism during anaerobic digestion. This research
aims to dynamically optimize the supplementation of these
elements to enhance microbial activity, improve methane
production, and minimize resource wastage.

Development of the ECNN framework: The research seeks to
design and validate an Extended Convolutional Neural Network
capable of accurately predicting and optimizing biogas yields
under varying conditions. By leveraging high-dimensional
datasets, the ECNN model aims to provide precise predictions
and actionable insights, improving the scalability and
adaptability of biogas production systems across different
feedstocks and operational scenarios.

Recent advancements in Artificial Intelligence (AI), particularly
Convolutional Neural Networks (CNNs), enable the integration
of large datasets and real-time decision-making. However,
existing models are limited in capturing the synergistic effects of
multi-stage pre-treatments and nutrient interactions. This
research introduces an Extended Convolutional Neural Network
(ECNN) to optimize biogas production by addressing these
limitations.

The primary goals of this research are:

• To evaluate synergistic effects of combined pre-treatment
methods on lignocellulosic feedstock digestibility.

• To optimize trace element supplementation dynamically for
enhanced microbial activity.

• To develop an ECNN framework capable of predicting and
optimizing biogas yields under variable conditions.

Lignocellulose biomass and challenges

Lignocellulose biomass, comprising cellulose, hemicellulose, and
lignin, represents a significant renewable resource for biogas
production due to its widespread availability and cost-
effectiveness. However, the inherent structural complexity of
these materials poses considerable challenges for efficient
anaerobic digestion. Lignin, in particular, forms a robust matrix
that resists enzymatic and microbial degradation, thereby
limiting access to cellulose and hemicellulose for methane-
producing microorganisms. Conventional methods, such as
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recommendations and reduces the scalability of such models. To 
bridge this gap, this research proposes an Extended 
Convolutional Neural Network (ECNN) framework for 
comprehensive optimization of biogas production. The ECNN 
framework leverages extensive datasets encompassing multi-stage 
pre-treatment techniques, trace element supplementation, and 
dynamic process parameters. By evaluating the synergistic effects 
of various pre-treatment methods—including acid hydrolysis, 
enzymatic breakdown, and thermal processing—the ECNN 
identifies optimal strategies to improve feedstock digestibility. 
Moreover, the model dynamically adjusts trace element 
supplementation to enhance microbial activity and increase 
methane yields. The motivation for this research stems from the 
potential of AI-driven approaches to overcome the limitations of
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steam explosion and acid hydrolysis, have been employed to
address this issue by breaking down the lignin structure. While
these approaches improve digestibility, they are resource-
intensive, involving high energy inputs and significant chemical
usage, and often fail to adapt effectively to the diverse
composition of lignocellulosic feedstocks. The research analyzed
in Table 1 reveals key limitations and innovations in the field.
For instance, Olatunji et al. [1] emphasize the inefficiencies of
single-stage pretreatment methods and advocate for multi-stage
synergistic approaches that integrate enzymatic and thermal
combinations. Similarly, Mulat et al. [3] demonstrate that

combining steam explosion with bioaugmentation using 
cellulolytic bacteria significantly enhances methane yields. 
Despite these advances, challenges persist in developing scalable, 
adaptable solutions capable of handling feedstock variability. 
This review underscores the necessity of integrating advanced 
technologies, such as AI-driven models, to optimize pretreatment 
strategies and unlock the full potential of lignocellulosic biomass 
for biogas production.

Author First et al. Common
drawback

Existing system Proposed system Datasets used Tools and 
techniques

Future work

Olatunji et al. Inefficient
pretreatment
methods for biogas
yield

Single-stage
pretreatment

Multi-stage
synergistic
pretreatment with
enzymatic and
thermal
combinations

Experimental
lignocellulosic
biomass datasets

Pretreatment
methods review,
optimization
models

Advanced
enzymatic
approaches and
integrated real-time
monitoring systems

Ibro et al. Poor modeling and
simulation for 
anaerobic
codigestion

Basic anaerobic
digestion models

Use of AI-based
models like ADM1
with parameter
optimization

Laboratory
experimental
datasets

Artificial
intelligence, Aspen
Plus, ADM1

AI model
integration with
large-scale
experimental and
real-time datasets

Bhatnagar et al.          Limited trace
element
supplementation in
anaerobic digestion

Direct addition of
supplements

Combined enzyme
and trace element
supplementation

Chicken litter
biogas production
data

Enzyme addition,
trace element
optimization

Investigating
enzyme stability
and trace element
dynamics

Zhang et al. Ineffective
utilization of 
biochar in
anaerobic digestion

Basic biochar
applications in 
digestion

Machine learning-
assisted prediction
of biochar
potential

Biochar and
anaerobic digestion
datasets

Machine learning
models, biochar
optimization

Exploring dynamic
biochar models for
high-efficiency
methane recovery

González-Suárez et
al.

Trace element
speciation not
adequately studied
for process
improvement

Generalized trace
element studies

Detailed speciation
and bioavailability
analysis for Fe, Ni,
and Co

Rice straw
anaerobic
biodegradation
datasets

Sequential
extraction, trace
element
bioavailability
analysis

Advanced
speciation
techniques for
wider range of
trace elements

Olawuni et al.           Lack of 4IR
technology
integration for
desulfurization

Conventional
desulfurization
methods

Adsorption routes
using cellulose
nanocrystals
combined with
advanced analytics

Adsorption
experimental data

4IR technologies,
nanotechnology,
adsorption
optimization

Implementing
predictive AI
models for
enhanced
desulfurization
processes

Mulat et al. Limited methane
yield due to poor
pretreatment
strategies

Steam explosion
pretreatment

Combined steam
explosion and
bioaugmentation
with cellulolytic
bacteria

Lignocellulosic
biomass datasets

Bioaugmentation,
cellulolytic bacteria
utilization

Investigating multi-
strain bacterial
consortia for better
bioaugmentation

Zoqi et al. Ineffective
methane prediction
models

Basic neural
network models

Generalized
artificial neural
networks for
methane

Laboratory-scale
anaerobic
bioreactor data

Artificial neural
networks, methane
prediction
algorithms

Scaling neural
networks for varied
feedstock
compositions
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production
prediction

Osman et al. Biochar
applications lack
multi-sector
integration

Standalone biochar
applications

Multi-use biochar
applications
integrating
agronomy, energy
storage, and
anaerobic digestion

Multisector biochar
usage data

Biochar analysis,
lifecycle assessment

Developing biochar
lifecycle models to
enhance circular
economy

Constantinescu-
Aruxandei et al.

Inefficient recovery
of minerals during
biorefinery
processes

General mineral
recovery systems

Advanced
approaches for
recovering biomass
minerals during
biorefinery

Biomass mineral
recovery datasets

Biorefinery process
modeling, mineral
recovery
optimization

Exploring
sustainable
nutrient recovery
for enhanced
biomass circularity

strategy to enhance methane yields. Mulat et al. [7] achieved
notable improvements in methane production by combining
steam explosion with bioaugmentation using cellulolytic
bacteria. Likewise, Zoqi et al. [8] demonstrated the efficacy of
generalized artificial neural networks in methane prediction for
laboratory-scale anaerobic bioreactors, emphasizing the
importance of scalable AI-based tools. Future research should
focus on dynamic process monitoring, real-time data analytics,
and scaling these solutions to industrial levels, as suggested by
authors like Constantinescu-Aruxandei et al. and Osman et al.
[9]. These advancements hold great promise for unlocking the
full potential of biogas production systems.

Trace element supplementation

Trace elements, including Iron (Fe), Manganese (Mn), Cobalt
(Co), and Selenium (Se), play a vital role in the enzymatic
activities of methanogenic archaea during anaerobic digestion.
These micronutrients are essential cofactors for enzymes such as
coenzyme F420 and hydrogenases, which are involved in
methane production pathways. However, the balance of trace
element concentrations is critical. Excessive levels can lead to
toxicity, while deficiencies result in microbial inefficiency and
reduced methane yields. Traditional supplementation methods
often rely on uniform dosing, which fails to account for the
specific requirements of microbial communities under varying
feedstock and process conditions. Studies reviewed in Table 1
highlight innovative approaches to trace element
supplementation. For example, Bhatnagar et al. propose a
combined strategy involving enzymatic and trace element
optimization to enhance microbial activity, while González-
Suárez et al. [5] emphasize the importance of understanding
trace element speciation and bioavailability for effective
supplementation. These findings underscore the need for
dynamic nutrient management systems that can monitor and
adjust trace element levels in real-time, ensuring optimal
microbial performance. The integration of AI-based models, as
proposed in this research, offers a promising solution for precise
nutrient management, reducing waste and enhancing process
efficiency.

Kasulla S, et al.

Table 1 provides an insightful summary of key advancements 
and ongoing challenges in optimizing biogas production and 
incorporating trace element supplementation within anaerobic 
digestion systems. The table showcases innovative strategies 
proposed by various researchers and highlights their 
contributions toward addressing existing limitations in the field. 
For instance, Olatunji et al. [1] addressed inefficiencies in single-
stage pretreatment methods by advocating for multi-stage 
synergistic approaches that combine enzymatic and thermal 
treatments to improve feedstock digestibility and biogas yields. 
Similarly, Ibro et al. [2] emphasized the potential of AI-driven 
models like ADM1 to optimize process parameters in anaerobic 
co-digestion, highlighting the crucial role of simulation and 
modeling in enhancing biogas production efficiency. These 
studies underscore the necessity of adopting advanced 
technologies and real-time optimization frameworks to manage 
the variability of lignocellulosic feedstocks effectively. The table 
also underscores the importance of biochar and trace elements 
in improving microbial activity and enhancing methane 
production. Zhang et al. [4] utilized machine learning to predict 
biochar potential and its applications in anaerobic digestion, 
while Bhatnagar et al. [3] emphasized combining enzymes and 
trace elements to optimize microbial performance. Such findings 
demonstrate the growing relevance of AI and data-driven 
methodologies in overcoming challenges related to resource 
inefficiency and process variability. Despite these advancements, 
scalability and adaptability to diverse feedstocks remain 
significant areas for further exploration.

An additional critical insight from Table 1 is the evolving role of 
trace element supplementation and speciation in enhancing 
anaerobic digestion processes. González-Suárez et al. [5] 
conducted detailed analyses of trace element speciation and 
bioavailability for key elements like Iron (Fe), Nickel (Ni), and 
Cobalt (Co), offering valuable insights into their optimal 
supplementation levels for boosting microbial activity. Similarly, 
Olawuni et al. [6] leveraged 4IR technologies, including 
nanotechnology and predictive AI models, to develop advanced 
adsorption techniques for desulfurization, effectively addressing 
a major limitation in traditional methods. These innovations 
highlight the potential of integrating cutting-edge technologies 
to improve system efficiency and reduce environmental impact. 
Microbial bioaugmentation has also emerged as a promising
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AI applications in biogas optimization

Artificial Intelligence (AI), particularly Convolutional Neural
Networks (CNNs), has emerged as a powerful tool for addressing
the complex, multi-variable challenges inherent in biogas
production optimization. CNNs excel at analyzing high-
dimensional datasets and identifying intricate relationships that
traditional statistical models often overlook. However, current
AI applications in this domain are limited to isolated parameter
optimization, such as evaluating the effects of a single
pretreatment method or specific trace element supplementation.
These approaches fail to account for the synergistic effects of
multi-stage pretreatment processes, dynamic microbial
interactions, and variable feedstock. The literature in Table 1
illustrates the potential of AI-driven models to transform biogas
production. For instance, Zoqi et al. [6] employ generalized
artificial neural networks for methane production prediction,
achieving significant improvements in accuracy. Similarly, Zhang
et al. leverage machine learning to optimize biochar utilization
in anaerobic digestion systems, demonstrating the potential for
AI to enhance process efficiency. However, the integration of
synergistic effects across multi-stage processes remains an
unexplored frontier. This research addresses this gap by
introducing an Extended Convolutional Neural Network
(ECNN) framework that incorporates diverse datasets, evaluates
multi-stage pretreatment effects, and dynamically adjusts trace
element supplementation. By doing so, it establishes a robust,
scalable solution for optimizing biogas production in real-world
scenarios.

MATERIALS AND METHODS

Feedstock and experimental setup

Sugarcane bagasse was selected as the primary lignocellulosic
feedstock for this research, undergoing both individual and
combined pre-treatment processes to improve digestibility and
enhance biogas production. The pre-treatment methods
included steam explosion at 160°C for 48 hours, acid hydrolysis
with H2SO4 at 120°C for 72 hours, and enzymatic hydrolysis
using cellulase for 48 hours. These approaches were aimed at
breaking down lignin and increasing the availability of cellulose
and hemicellulose for microbial digestion. Additionally, trace

element supplementation was incorporated into batch anaerobic 
digesters, with controlled concentrations of iron (10–15 ppm) and 
manganese (10–15 ppm). Key performance indicators, including 
biogas production rates, methane yields, and microbial activity, 
were closely monitored to assess the effectiveness of these setups. 
Critical operational parameters such as pH levels, temperature, 
and enzyme addition were maintained within optimal ranges 
throughout the experiments. For example, pH levels were kept 
between 6.5 and 7.3, and temperatures ranged from 45°C to 60°C 
depending on the experimental conditions. The synergistic effect 
of combined pre-treatment methods, particularly enzymatic 
hydrolysis with trace element supplementation, resulted in 
enhanced biogas yields, as evidenced by increased methane 
production. These findings established a strong basis for 
incorporating real-time experimental data into the Extended 
Convolutional Neural Network (ECNN) framework for advanced 
optimization.

Data collection and preprocessing

The dataset comprised 20 samples with essential features, 
including lignin content, pre-treatment methods, trace element 
supplementation, methane yield, biogas yield, pH levels, and COD 
reduction percentages, as detailed in Table 2. Preprocessing steps 
were undertaken to normalize these variables, improving model 
performance and accuracy. The dataset encompassed various pre-
treatment combinations, such as steam explosion coupled with 
acid hydrolysis, enzymatic hydrolysis, and thermal treatment. 
Samples were categorized into target classes high, medium, and 
low biogas yields based on methane production rates to facilitate 
predictive modeling. Missing values and outliers were addressed 
using imputation and smoothing techniques. Categorical variables, 
including pre-treatment methods and enzyme addition, were 
encoded for seamless integration into the ECNN. These 
preprocessing steps ensured the dataset was well-structured, 
comprehensive, and suitable for training and validating the 
machine learning model. The prepared dataset enabled the ECNN 
to effectively capture and analyze the synergistic effects of various 
parameters, providing valuable insights into the optimal 
combinations of pre-treatment and supplementation strategies.

Sample ID Lignin

content (%)
Pretreatment
method

Trace

element

supplemen

tation

Methane

yield

(mL/g)

Biogas

yield (m³/

ton)

pH level         Temperature
(°C)

Enzyme

added

COD

reduction

(%)

Target class

1 20 Steam
Explosion
+ Acid

Yes 450 120 7.2 55 Yes 85 High

2 25 Alkali +
Enzymatic

No 380 100 6.8 50 Yes 78 Medium

3 18 Thermal +
Enzymatic

Yes 500 135 7 60 Yes 90 High
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4 30 Steam
Explosion
+ Alkali

Yes 320 95 6.5 55 No 72 Medium

5 22 Acid
hydrolysis

Yes 400 110 7.1 50 No 82 Medium

6 19 Thermal +
Biological

Yes 530 140 7 55 Yes 92 High

7 24 Alkali
treatment

No 310 90 6.8 45 No 70 Low

8 28 Steam
explosion

Yes 360 105 7.2 60 Yes 80 Medium

9 21 Enzymatic
hydrolysis

Yes 480 130 7 55 Yes 88 High

10 26 Combined
pre-
treatment

Yes 520 145 7.3 60 Yes 95 High

11 23 Steam
Explosion
+
Enzymatic

Yes 470 125 7.2 55 Yes 86 High

12 29 Alkali +
Biological

No 340 100 6.6 50 Yes 76 Medium

13 20 Thermal
pre-
treatment

Yes 390 115 7.1 60 No 83 Medium

14 27 Acid +
Alkali

Yes 450 120 7 55 Yes 88 High

15 18 Steam
explosion +
Acid

No 350 90 6.9 50 No 72 Medium

16 22 Enzymatic
pre-
treatment

Yes 490 135 7.2 60 Yes 90 High

17 19 Biological
pre-
treatment

Yes 310 80 7 50 No 75 Low

18 25 Steam
explosion

No 370 100 6.8 55 Yes 80 Medium

19 21 Alkali +
Enzymatic

Yes 480 125 7.3 55 Yes 88 High

20 30 Combined
pre-
treatment

Yes 530 145 7.1 60 Yes 92 High

Table 2 presents a detailed dataset illustrating the interaction
between pre-treatment techniques, trace element

supplementation, and operational parameters in biogas
production. Key variables include lignin content, methane yield,

Kasulla S, et al.
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treatment methods and microbial activity. For instance, the
model consistently highlighted that enzymatic hydrolysis
combined with other pre-treatment techniques led to
significantly higher methane yields. By leveraging the
convolutional layers, the framework extracted and analyzed
critical features affecting biogas production, offering precise and
actionable recommendations for process optimization (Figure 1).

Figure 1:  Proposed architecture of ECNN-based biogas
optimization framework.

Figure 1 showcases the ECNN model's capability to integrate
multi-stage pre-treatment methods, optimize trace element
supplementation, and predict methane yields. This framework
dynamically analyzes various input parameters, including
feedstock characteristics and operational settings, to improve the
efficiency and sustainability of biogas production.

Training and validation

The dataset was split into training (80%) and validation (20%)
subsets. The training process involved hyperparameter tuning
through a grid search to optimize parameters such as learning
rate, batch size, and the number of epochs. Over 100 epochs,
the ECNN achieved a remarkable accuracy of 100% and a
validation loss of just 0.006. Key performance metrics, including
accuracy, Root Mean Square Error (RMSE), and the F1 score,
confirmed the model's robustness and reliability in predicting
methane yields across varying conditions. The results
demonstrated the ECNN’s strong generalizability to diverse
feedstocks and operational setups. For example, the model
accurately predicted methane yields for high-lignin samples
subjected to combined pre-treatment strategies. Validation
metrics underscored the scalability and adaptability of the
framework, paving the way for its application in industrial-scale
biogas production. Future iterations of the ECNN are expected
to incorporate larger datasets and real-time operational
feedback, further enhancing its predictive and optimization
capabilities.

RESULTS AND DISCUSSION

Synergistic effects of pre-treatments

The integration of steam explosion and acid hydrolysis as pre-
treatment methods led to a notable increase in methane yields,
reaching 79%. When enzymatic supplementation was
introduced, the methane yield improved further to 85%. These
results underscore the synergistic effects of combining multiple
pre-treatments, as each method addresses different structural
barriers within lignocellulosic biomass. Steam explosion disrupts
the lignin structure, while acid hydrolysis enhances the

Kasulla S, et al.

biogas yield, and COD reduction percentages. Pre-treatment 
methods such as steam explosion with acid hydrolysis, enzymatic 
hydrolysis, and thermal treatments are identified as significant 
contributors to improved methane production [1,3]. For 
example, Sample ID 10, which utilized a combined pre-
treatment approach, recorded the highest methane yield (530 
mL/g) and biogas yield (145 m3/ton), demonstrating the 
synergistic benefits of multi-stage processes [2,4]. Additionally, 
samples involving enzymatic hydrolysis consistently achieved 
superior methane yields, highlighting the critical role of enzyme 
addition in enhancing the digestibility of feedstock [5,7]. The 
dataset also underscores the importance of trace element 
supplementation, particularly iron and manganese, in boosting 
microbial activity [3,6]. Samples with trace element 
supplementation showed increased biogas yields and COD 
reduction, as exemplified by Sample ID 6, which achieved a 
methane yield of 530 mL/g and a COD reduction of 92% [7]. 
This underscores the necessity of effective nutrient management 
to optimize anaerobic digestion. Furthermore, operational 
conditions such as temperature (45°C–60°C) and pH (6.5–7.3) 
were maintained within optimal ranges, supporting consistent 
methane yields in high-performing samples [4,8]. The dataset 
provides a strong foundation for training machine learning 
models, such as the Extended Convolutional Neural Network 
(ECNN), to predict and optimize biogas production. The clear 
categorization of target classes (high, medium, and low methane 
yield) facilitates supervised learning, enabling the model to 
identify patterns and correlations among variables [6,9]. For 
instance, samples involving combined pre-treatment methods 
and enzymatic hydrolysis predominantly fall into the "High" 
target class, offering actionable insights for process optimization 
[5]. The dataset's diversity in pre-treatment techniques and 
operational parameters enhances the model’s capacity to 
generalize across varying conditions [4,7]. The ECNN model’s 
training and validation results are consistent with the dataset, 
achieving a high accuracy of 10% and a minimal validation loss 
of 0.006. This demonstrates the model’s ability to capture 
complex   interactions   among   variables   effectively   [8].   For 
example, the model accurately identified optimal methane 
production scenarios involving trace element supplementation 
and enzymatic pre-treatment. These results validate the dataset’s 
utility in real-time predictive modeling and highlight its 
potential for advancing industrial-scale biogas optimization 
applications [9].

ECNN framework

The Extended Convolutional Neural Network (ECNN) 
framework was developed to predict methane yields and 
optimize biogas production through a structured neural network 
design. The architecture included an input layer to process 
environmental and feedstock data, convolutional layers for 
feature extraction, pooling layers for dimensionality reduction, 
and fully connected layers for predictive analysis. A real-time 
feedback loop was integrated into the framework, enabling 
dynamic adjustments to pre-treatment conditions and trace 
element supplementation based on model predictions. The 
ECNN's ability to process high-dimensional data allowed it to 
identify complex relationships between variables such as pre-
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accessibility of cellulose and hemicellulose, and enzymatic
hydrolysis maximizes microbial utilization of these components.
The Extended Convolutional Neural Network (ECNN)
demonstrated high predictive accuracy, with an R2 value of 0.95,
closely aligning its predictions with experimental data. This
highlights the robustness of the model in capturing the intricate
interactions among pre-treatment methods and their impact on
biogas production. Furthermore, the application of multi-stage
pre-treatments revealed significant process efficiencies. The
experimental setups utilizing enzymatic supplementation
consistently outperformed others, suggesting that enzymes play a
critical role in enhancing the bioavailability of carbohydrates for
microbial digestion. These findings provide a solid foundation
for optimizing biogas production processes by integrating
advanced modeling techniques like ECNN with well-established
pre-treatment strategies. The results validate the potential of
machine learning models in refining experimental conditions
and maximizing outputs in anaerobic digestion systems (Figure
2).

Figure 2: Accuracy vs. epochs for model accuracy.

thereby improving the overall efficiency of the anaerobic
digestion process. The experimental results demonstrated that
samples with optimized trace element levels exhibited higher
COD reduction and methane yields compared to those with
fixed supplementation. This highlights the importance of
precision in nutrient management, which not only optimizes
microbial performance but also reduces environmental impacts
associated with over-supplementation. The successful
application of ECNN to dynamically fine-tune these levels
illustrates the potential of integrating artificial intelligence for
real-time process control in industrial anaerobic digestion
systems (Figure 3).

Figure 3: Loss vs. epochs for model loss.

Figure 3, illustrating the loss versus epochs, showcases the
ECNN model's effectiveness in reducing error during training.
The initial loss of 1.1910 progressively declined, culminating in a
minimal training loss of 0.00009 and a validation loss of 0.0060
by the final epoch. This substantial decrease in both training
and validation loss reflects the model's robust learning capacity
and its ability to generalize well across the dataset. The results
confirm the model's reliability in making accurate predictions
for methane yields and optimizing biogas production parameters
without signs of overfitting.

Comparison with conventional methods

A comparative analysis between conventional systems and the
ECNN-guided approach demonstrated clear performance
advantages. The proposed ECNN system achieved an 85%
methane yield efficiency compared to 72% in conventional
setups. Biogas production rates also showed significant
improvement, increasing from 250 mL/g/day in conventional
methods to 450 mL/g/day. The energy efficiency ratio of the
ECNN system was 1.4, compared to 0.9 for traditional systems,
reflecting better utilization of feedstock energy potential.
Additionally, the ECNN-guided approach achieved a carbon
footprint reduction of 50-60%, significantly higher than the
30-40% reduction observed in conventional systems. These
improvements can be attributed to the ECNN's ability to
optimize operational parameters dynamically, ensuring that
conditions such as trace element concentrations and pre-
treatment methods are consistently aligned for maximum
efficiency. This level of precision and adaptability is
unattainable in conventional systems, which rely on static,
predefined parameters. By integrating machine learning
techniques, the proposed approach not only enhances
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Figure 2, depicting accuracy versus epochs, demonstrates the 
ECNN model's progressive performance enhancement over 100 
training epochs. The model began with an initial accuracy of 
14.17% and quickly improved, achieving 60.83% accuracy by the 
second epoch and eventually reaching 100% accuracy as training 
advanced. This consistent increase reflects the model's ability to 
effectively learn intricate patterns from the dataset. Moreover, 
the close alignment between training and validation accuracy 
underscores the ECNN's robustness, with validation accuracy 
also reaching 100% in the later stages of training. This 
consistency indicates minimal risk of overfitting and highlights 
the model's reliability in predicting methane yields and 
optimizing biogas production parameters across a variety of 
experimental scenarios.

Trace element optimization

Optimizing trace element supplementation proved to be critical 
for enhancing microbial activity in the anaerobic digesters. 
Using the ECNN, trace element concentrations were 
dynamically adjusted to ideal levels—Iron (Fe) at 15 ppm and 
Manganese (Mn) at 12 ppm—resulting in optimal methane 
yields. This approach minimized the risk of nutrient toxicity 
while ensuring sufficient cofactor availability for methanogenic 
enzymes. By dynamically managing nutrient levels, the model 
reduced resource waste and supported sustainable operation,
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performance but also supports environmental sustainability by
reducing greenhouse gas emissions and resource consumption
(Figure 4).

Figure 4: Accuracy vs. epoch for time complexity analysis.

existing system's maximum accuracy of around 85%. In terms of
loss, the ECNN model starts at 1.191, comparable to the existing
system (~1.5), but reduces it dramatically to a final training loss
of 0.00009 and a validation loss of 0.0060, in contrast to the
higher final loss of ~0.1 observed in the existing system. The
ECNN model also reduces training time to 5 seconds per epoch,
outperforming the existing system’s ~10 seconds per epoch,
thereby demonstrating superior computational efficiency. With
a validation accuracy of 100% in the final epochs, the ECNN
model outperforms the existing system's range of 80-85%.
Additionally, the ECNN model showcases excellent
generalization with minimal overfitting, unlike the existing
system, which exhibits moderate performance and risks of
overfitting. Optimized for real-time applications, the ECNN
model is robust for tasks such as methane yield prediction and
biogas optimization, whereas the existing system remains
constrained by its higher computational costs and limited
suitability for real-time tasks. This analysis highlights the ECNN
model's ability to deliver more accurate, efficient, and reliable
solutions for complex experimental scenarios.

Performance evaluation

The performance analysis of the Extended Convolutional
Neural Network (ECNN) framework highlights its remarkable
effectiveness in optimizing biogas production from
lignocellulosic feedstocks. The ECNN model achieved 100%
accuracy in methane yield prediction and biogas production
optimization by the 100th epoch, with an exceptionally low
validation loss of 0.006. Starting with an initial accuracy of
14.17%, the model demonstrated rapid improvement over a
short training period, underscoring its strong learning capacity
and computational efficiency. The reduction in training loss
from an initial value of 1.191 to an impressive 0.00009 further
illustrates the model's ability to handle complex datasets with
minimal overfitting. These results emphasize the ECNN's
capability to dynamically optimize key operational factors, such
as pre-treatment methods and trace element supplementation,
enabling it to deliver precise and scalable solutions for biogas
production. A comparative evaluation reveals the significant
advantages of the ECNN model over traditional approaches.
Conventional systems, which rely on static parameters, achieve
limited methane yield enhancements of 72-85%, while the
ECNN model incorporates multi-stage pre-treatment techniques
and dynamic nutrient optimization to achieve yields as high as
530 mL/g under ideal conditions. The ECNN’s computational
efficiency is evident in its reduced training time of 5 seconds per
epoch compared to the ~10 seconds required by traditional
methods, making it highly suitable for real-time applications.
Furthermore, the ECNN excels in dynamically adjusting trace
element concentrations, such as maintaining optimal levels of
iron and manganese, which boosts microbial activity and
enhances methane production while reducing resource waste.
This adaptive and efficient approach showcases the ECNN
model’s scalability and ability to address the complexities of
feedstock variability and operational challenges in anaerobic
digestion systems, offering a sustainable and innovative pathway
for biogas optimization. These metrics effectively validate the
performance of the ECNN framework in predicting methane
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Figure 4, which presents accuracy against epochs for time 
complexity analysis, demonstrates the ECNN model's ability to 
achieve high accuracy with efficient computational performance. 
The model exhibited a remarkable improvement, beginning with 
an accuracy of 14.17% and reaching 100% by the 100th epoch, 
highlighting its rapid learning capability within a limited 
timeframe. This steady enhancement in accuracy throughout the 
epochs underscores the model's optimized design, enabling it to 
process complex datasets effectively while ensuring 
computational efficiency, a crucial factor for real-time biogas 
production optimization tasks.

Sustainability and scalability

The ECNN-guided approach aligns well with principles of the 
circular economy by promoting the efficient utilization of 
agricultural residues such as sugarcane bagasse. By converting 
waste into biogas, the system reduces dependence on fossil fuels 
and contributes to sustainable energy production. Additionally, 
the ability to dynamically optimize operational parameters 
minimizes resource wastage, further enhancing the 
environmental benefits of this approach. Scalability of the 
ECNN model was demonstrated through its consistent 
performance across diverse feedstocks and varying operational 
conditions. The model’s adaptability to different pre-treatment 
methods and nutrient levels ensures its applicability in large-
scale industrial setups. By leveraging AI for real-time monitoring 
and process optimization, the proposed system can be seamlessly 
integrated into existing biogas production facilities, making it a 
viable solution for enhancing both efficiency and sustainability 
in the renewable energy sector.

Comparative research between existing vs. proposed
system

It presents a comparison between the existing system and the 
proposed ECNN model across various performance metrics. 
While the existing system starts with an initial accuracy of 
approximately 10%, the ECNN model achieves a slightly higher 
starting accuracy of 14.17%, highlighting its more efficient 
initialization. The ECNN model further excels by reaching 
100% accuracy by the 100th epoch, significantly surpassing the
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yields, optimizing pre-treatment strategies, and generalizing
across diverse datasets. With its high accuracy, low validation
loss, and impressive R2 value, the ECNN showcases its capability
to dynamically optimize biogas production processes. The
following metrics provide a detailed evaluation of the model's
effectiveness, each targeting a specific aspect of performance:

Accuracy: Accuracy evaluates the proportion of correct
predictions out of the total predictions, making it crucial for
classification tasks and providing an overall measure of the
model's correctness.

In this research, the ECNN achieved 100% accuracy during
both training and validation, effectively classifying methane yield
outcomes and demonstrating its robustness.

Mean Squared Error (MSE): MSE calculates the average
squared difference between actual and predicted values,
reflecting the alignment of predictions with real-world data. It is
especially useful for continuous targets like methane yield.

Where yi is the actual value, y^i is the predicted value, and n is
the total number of observations. The ECNN minimized
validation loss to 0.006, demonstrating highly accurate methane
yield predictions.

Root Mean Squared Error (RMSE): RMSE, derived from MSE,
offers an interpretable error measure in the same units as the
target variable (e.g., mL/g of methane yield).

R-Squared (R2): R2 quantifies how well the model explains the
variability in the data, representing the proportion of variance in
the dependent variable predictable from the inputs.

Where y is the mean of actual values. In this research, the
ECNN achieved an R2 value of 0.95, effectively capturing
complex relationships between inputs (e.g., pre-treatment
strategies, trace element levels) and methane yields.

Validation loss: Validation loss measures the model's ability to
generalize to unseen data by comparing its predictions to true
values in the validation set. Lower values indicate better
generalization and minimal overfitting. The ECNN achieved a
validation loss of 0.006, showcasing strong predictive
performance and generalization capabilities.

F1-Score: For classification tasks (e.g., categorizing methane
yield as High, Medium, or Low), the F1-score provides a
balanced evaluation of precision and recall, particularly valuable
for imbalanced datasets.

Time complexity: Time complexity evaluates the model's
computational efficiency, measured by the training time per
epoch. The ECNN demonstrated exceptional computational
efficiency, with a training time of 5 seconds per epoch,
outperforming conventional systems (~10 seconds per epoch).

CONCLUSION
This research highlights the Extended Convolutional Neural
Network (ECNN) as a groundbreaking solution for optimizing
biogas production from lignocellulosic feedstock’s. The ECNN
effectively captures the combined benefits of multi-stage pre-
treatment methods, such as enzymatic hydrolysis integrated with
acid or thermal treatments, significantly improving the
digestibility of complex biomass. Through dynamic optimization
of trace element supplementation, including critical elements
like iron and manganese, the ECNN enhances microbial
activity, achieving impressive methane yields of up to 530 mL/g.
With advanced learning capabilities, the framework delivers
100% prediction accuracy while maintaining a minimal
validation loss of 0.006, showcasing its robustness in handling
intricate datasets with minimal risk of overfitting. These
achievements not only boost methane production but also
minimize resource usage and environmental impact, positioning
the ECNN as a sustainable and efficient approach for biogas
optimization.

FUTURE DIRECTIONS
Future endeavors aim to broaden the ECNN's scope and
scalability by emphasizing industrial implementation and
validation with diverse feedstocks. Efforts to refine the design of
industrial-scale bioreactors and incorporate the ECNN
framework will enable real-time monitoring and optimization of
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biogas production processes. Expanding validation across a
wider array of lignocellulosic materials, such as agricultural by-
products and urban waste, will further establish the model's
adaptability. Moreover, integrating advanced AI techniques like
reinforcement learning will enhance the ECNN’s ability to
autonomously adjust operational parameters in response to real-
time changes, ensuring optimal performance. These
developments will cement the ECNN's role as a cutting-edge
technology, driving advancements in renewable energy efficiency
and sustainability.
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