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Executive Summary 

 In the recent decade, global energy demand has increased in importance driven by 

industrialization, urbanization, and population growth. The government of Rwanda has been 

placing significant emphasis on adopting renewable energy sources as essential elements for 

sustainable energy strategies, to reduce reliance on fossil fuels. Bioenergy is a renewable energy 

source globally available with agricultural residues being a primary supplier to bioenergy 

production. This makes it a promising alternative energy source, as its characteristics ensure 

accessibility and affordability for the local community. 

Recently, Rwanda like other Eastern African Countries (EAC) has promoted biogas as an 

alternative source of cooking energy through various initiatives, specifically for rural communities.  

Despite various governments’ support policies, the adoption and diffusion of biogas technology 

have been considerably low. This research reported a lack of computing technology controlling 

the operating parameters and predicting biogas yield within biogas production supply chains as 

challenges for efficient biogas production. 

This research aims to achieve three objectives, first to develop an Internet of Things (IoT)-

based system for controlling biogas production and analyse the correlation between environmental 

data and biogas output. Second, to identify the most suitable power harvesting method to sustain 

the designed sensor nodes, and third, to design a machine learning (ML) model for predicting the 

biogas yield, and compare its performance against traditional models using the collected dataset. 

The research was executed in three sequential phases. For the first stage, an IoT prototype for 

data acquisition was developed, and tested to collect real-time data. During this phase, the 

thresholds for environmental parameters were determined experimentally and the actuation 

mechanisms were set to regulate the optimum condition. Additionally, an assessment of 

environmental data correlation was made with statistics and regression model, the variables are 

correlated in such a way that gives insights, and variability in biogas production is explained by R 

Squared (R2) 73.4% for the environment parameters explored, indicating a relatively good fit. 

In the second stage, an analysis of the power harvesting approach was made to ensure the 

sustainability of the deployed sensor node, and the power harvesting system specification was 
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derived from the sensor node energy consumption calculation. Further, a mathematical model 

predicting solar panel size was derived from two simultaneous functions, and global horizontal 

irradiation (GHI) as experimental input data. As a result, the designed sensor node can be powered 

by a solar panel size varied from 17.8 cm2 to 21.7 cm2. The model was tested on values data and 

it is generic to be adopted anywhere.  

In the third phase, the research focuses on improving biogas yield prediction using a hybrid 

ML approach. This approach integrates two data-driven models such as a light gradient-boosting 

machine (LightGBM)  and categorical boosting (CatBoost) as based models. The hyperparameter 

turning using random search optimization with 5-fold cross-validation is adopted to avoid 

overfitting in each model. Further, the evolutionary strategy optimization technique is adopted to 

optimize the metal model. The hybrid model is applied to environmental data from biogas 

facilities, the model achieved superior performance with a mean squared error (RMSE) of 0.004 

and mean absolute error (MAE) of 0.0024, surpassing k-nearest neighbor (KNN), random forest 

(RF), and decision tree (DT) models. The findings underscore the potential of accurate biogas yield 

prediction for optimizing energy production. This research demonstrates the contribution of 

emerging technology solutions as a way to meet growing global energy needs and advance 

sustainable biogas operations.  

 In summary, developing and integrating IoT and predictive modeling for biogas production 

monitoring and prediction aligns with the  International Energy Agency's (IEA) Net Zero by 2050 

resolution. First, optimization of biogas production can lead to a reduction in greenhouse gas 

emissions, as the captured methane can be used for energy generation instead of being released 

into the atmosphere. Moreover, integrating these technologies can have a broader impact on the 

waste management sector, as optimizing biogas production from organic waste can incentivize the 

diversion of waste from landfills, decreasing the overall emissions and environmental impact. 
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Chapter 1  

Introduction  

This chapter provides the background of the study, including the problem area, aims, and 

objectives. Furthermore, it examines the research contributions and the thesis structure for the rest 

of the chapters. 

1.1 Introduction 

In early 2021, the IEA unveiled the NZE2050 plan, a comprehensive long-term strategy to 

achieve net-zero CO2 emissions across the global energy sector by 2050[1]. This pathway is pivotal 

for enhancing air quality ensuring universal access to energy and addressing the pressing need for 

sustainable energy solutions, such as biogas, within communities.  

Biogas energy is a renewable energy source generated from the degradation of organic waste 

under anaerobic conditions, and it is generated via several stages including hydrolysis, 

acidogenesis, acetogenesis, and methanogenesis, resulting in a mixture of gases primarily 

composed of methane (CH4) and carbon dioxide (CO2) [2]. Biogas is derived from prominent 

chemical materials including carbohydrates, proteins, and rich fat organic materials originating 

from various sources such as food waste, cow manure, and human extraction [3]. In addition to 

feedstock characteristics, several operating parameters such as temperature, organic loading rate, 

and moisture level, contribute to the performance of the anaerobic digestion process and the overall 

biogas production.  

Researchers on factors affecting the production of biogas in the anaerobic digestion (AD) 

process have increased in importance over the past years [3,4]. The feedstock characteristics, 

organic loading rate, hydraulic retention time, digester structures, and environmental parameters 

present high importance [6]. To optimize biogas production, it is crucial to manage certain factors 

within practical and achievable ranges, although some of these factors may be beyond control. 

Today with emerging technologies like the IoT and Artificial Intelligence (AI), it is feasible to 

improve the adaptability of measurements across various environments. Therefore, advancing 

technologies to control biogas systems will be essential for energy-efficient systems, and provide 

potential operational support to biogas beneficial. 
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This thesis outlines the development of three essential aspects of the research project: (1) an 

IoT-based system for monitoring and controlling biogas production, (2) a modeling approach for 

solar energy harvesting, and (3) a hybrid prediction model. Each component is thoroughly 

discussed in the following subsections.  

1.1.1 Internet of Things-based Biogas Monitoring and Control System  

In the recent decade, bioenergy has been a promising renewable energy source globally 

available with agricultural residues, animal, and food waste being the primary supplier of 

bioenergy production. Moreover, challenges related to the management of various biomass types, 

and process control within supply chains are gradually increasing. Thus, process monitoring and 

control help to explain the functional behavior of anaerobic digesters and to achieve efficient 

production. 

The increasing interest in biogas production has driven the exploration of advanced 

technologies, including the integration of IoT to enhance monitoring and control processes. As 

demonstrated in [6], IoT-based systems are utilized to monitor real-time parameters such as 

temperature, pH, and gas composition, enabling operators to make data-driven decisions and 

optimize biogas production. However, the system lacks an activation mechanism to control key 

influencing parameters. Another study [7] examined the use of IoT in sewage wastewater treatment 

for monitoring biogas yield. While the gas volume monitoring platform was successfully 

implemented and validated, the reliance on a cloud computing paradigm in these systems may 

introduce challenges related to high data latency and bandwidth consumption. Similarly in [7], an 

IoT-based system is proposed to remotely measure and monitor various gas compositions such as 

methane, carbon dioxide, oxygen, and nitrogen in the biogas production environment. However, 

the proposed solution relies on energy-constrained communication protocol which may require 

extra power consumption for the low-power IoT device.  

The prior research demonstrates the contributions of IoT in the biogas generation process. 

However, lack of activation mechanisms and integration with other emerging data analytics 

technologies to optimize the decision-making capabilities of IoT-based biogas systems. There is a 

critical need to advance research towards utilizing real-time data for precise predictions. However, 

the existing literature relies on the cloud computing paradigm which may result in bandwidth, and 
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data latency limitations since biogas facilities often operate in remote locations where continuous 

internet supply is not assured.  

This research aims to develop an IoT-based intelligent system to control the biogas energy 

generation process. To address the existing limitation, The proposed system relies on wireless 

hybrid sensor networks, actuation mechanisms, energy-efficient communication protocol, and 

edge-based computing paradigms.  

1.1.2 Solar Energy Harvesting Model Approach  

Biogas energy is often proposed in environments with limited access to electrical power. To 

ensure the continuous operation of IoT-based intelligent systems deployed in biogas production 

settings, exploring energy harvesting as an alternative power source is crucial. This approach can 

enhance the efficiency and extend the lifespan of IoT applications in these constrained 

environments. 

This research will analyze the energy harvesting techniques suitable for powering the designed 

Hybrid Wireless Sensor Node (HWSN). The proliferation of IoT devices has led to increasing 

demand for efficient and reliable power sources to support their continuous operation [9]. Energy 

harvesting has emerged as a promising approach to address energy challenges, enabling IoT 

devices to generate power from ambient sources.  

This research investigated power harvesting techniques applied in IoT applications, including 

kinetic, thermal, radio frequency, and solar. Kinetic energy harvesting involves converting 

mechanical energy, such as vibrations or motion, into electrical energy [10]. This approach is 

particularly suitable for IoT devices that are exposed to ambient vibrations or movements, such as 

wearable sensors or industrial machinery [11][12]. Alternatively, thermal energy harvesting 

utilizes temperature gradients to generate electricity [13]. This technique is advantageous for IoT 

devices in environments with stable temperature differences, such as in industrial settings or near 

heat sources [14]. Radiofrequency energy harvesting focuses on capturing and converting ambient 

electromagnetic radiation into usable electrical energy [15]. This method is particularly useful for 

IoT devices in densely connected environments, where RF signals are abundant [16]. In contrast, 

Solar energy harvesting involves converting sunlight into electrical energy and is also a widely 

adopted power harvesting technique for IoT applications [17]. This approach suits IoT devices 
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exposed to sufficient sunlight, such as outdoor applications [18]. In this research context, solar 

energy harvesting is a viable approach to address IoT devices' energy constraints in a biogas 

production environment which is an outdoor application.  

The prior research on solar energy harvesting adoption in IoT ecosystems focuses on analyzing 

power harvesting circuit design and energy harvesting computation applied in precision agriculture 

[19][20]. Another research proposed a novel solar energy harvesting for WSN nodes [21]. The 

research focus was to increase the overall harvesting system efficiency. The state of the arts focuses 

on the analysis of power harvesting solutions that are generic for IoT devices. However, the 

uniqueness of the embedded systems' power requirements must be considered. There is a need for 

an analysis of power harvesting focused on the power requirement of individual systems to avoid 

insufficient supply.  

This study examines the solar energy required to ensure the long-term viability and scalability 

of the designed IoT system. This research takes advantage of sensor node energy consumption, 

and solar irradiation differences in various environments to develop a mathematical model 

predicting the solar panel size required, eventually resulting in experimental analysis of the 

expected energy harvesting.   

1.1.3 Hybrid Prediction Model  

The integration of ML techniques in the field of biogas production has gained significant 

attention in recent years, as researchers and industry professionals seek to enhance the optimization 

of this renewable energy source [22][23]. The application of ML in biogas production has led to 

several key features, including improved process control, and enhanced stability [24]. Leveraging 

the power of data-driven models, biogas beneficial can make more informed decisions, and 

optimize process parameters. 

ML algorithms have been successfully applied to various aspects of biogas production, 

including feedstock selection, process optimization, and real-time monitoring. One of the most 

commonly used ML models in biogas production is the artificial neural network (ANN), which 

has demonstrated its ability to accurately predict biogas yield, methane content, and other key 

performance indicators [25]. Another widely adopted model is the support vector machine (SVM), 

which has been used for classification tasks, such as identifying optimal operating conditions [26]. 
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Additionally, genetic algorithms (GA) have gained popularity in the field of biogas optimization, 

as they can effectively explore the complex and nonlinear relationships between process variables 

and the overall system performance [27].  

The explored ML techniques have proven effective in learning from historical datasets to 

forecast outcomes, their application in biogas generation primarily relies on laboratory data for 

prediction and relies on a single model [28][29]. However, the applicability of these models may 

be limited to specific feedstock types or process conditions, and they may not fully capture the 

dynamic and nonlinear nature of the biogas production system [25] [10]. In addition, the lack of 

integration of ML models with other modeling approaches can limit the accuracy and robustness 

of biogas predictions required in modeling the complex biological processes involved in biogas 

production [30][31][32][33]. There is a need to integrate multiple modeling techniques to 

potentially enhance predictive accuracy and robustness. 

This research explored the stacking ensemble modeling approach. The proposed model 

combines data-driven ML techniques with an optimization algorithm to predict the biogas yield. 

These hybrid models have the potential to provide more accurate and robust predictions of biogas 

production, as they can leverage the strengths of both modeling approaches. The simulations of 

the hybrid model were benchmarked against each model such as a decision tree, random forest, 

and k-nearest neighbors to find the highest accuracy system based on MAE, and RMSE. 

Furthermore, the fitness of the model was evaluated using R2 metrics. 

 

1.2 Motivation 

The existing research studies proposed an IoT-based adaptive system for biogas management 

highlighting various IoT infrastructures as solution for biogas operatoring in the communities. The 

potential system should provide biodigester’s environmental parameters control mechanisms and 

alert the users to ensure the stability of the AD process and enable informed decision-making. 

Another consideration of the system will be energy harvesting, it will require a power harvesting 

mechanism to ensure the continuous operations of the system. As biogas energy plays a significant 

role in the renewable energy sector, an accurate predicting system for a biogas yield should be in 

place. However, it should not require high-cost equipment or inflexible infrastructure, as these 

would lead to significant expenses and hinder adaptability. In conclusion, this research should 
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integrate IoT with AI technologies, such as ML techniques for promoting data analytics and 

forecasting biogas production to enhance the optimization and decision-making capabilities of 

IoT-based biogas management systems. The key selection of the Rwandan context is motivated by 

the national initiative to ensure that the network coverage is almost the same in all districts and 

sectors of the country, to allow system usability by the community. 

1.3 Problem Statement 

As the global community faces the challenges of climate change and energy security, finding 

sustainable ways to meet energy needs is critically important. Research indicates that worldwide 

fossil fuel reserves may only last for another 25 years, underscoring the urgent need to shift to 

alternative sources such as renewable energy [35]. Currently, global awareness of renewable 

energy adoption is a key pillar for economic growth, regulating environmental pollution, and 

decreasing dependence on fossil fuels [36]. In rural areas with restricted access to conventional 

energy sources, alternative energy solutions like biogas production show great potential. Utilizing 

bio-waste resources sustainably for biogas production is an effective way to address rural energy 

needs. Agricultural residues, food waste, and animal manure are substantial sources of organic 

material that can be transformed into biogas through anaerobic digestion [37]. 

Biogas is a renewable energy source derived from the anaerobic digestion of organic matter 

and holds immense potential in addressing the global energy crisis and environmental concerns. 

Despite this, biogas production is still inefficient. However inaccurate prediction of the input 

materials as well as inefficient control of environmental parameters and the fermentation process 

is reported as challenges. This research aims to investigate the best approach for designing and 

developing an IoT-Driven Predictive Control System for Biogas Management. The research 

outcome enables precise control of the fermentation process improving overall biogas production 

efficiency. 

1.4 Research Questions 

The main objectives of this research work are to contribute to renewable energy growth and 

access to clean cooking. This research intends to provide an IoT-Driven Predictive Control System 

for Biogas Management for controlling environmental parameters with biogas yield prediction 

capability. The research outcomes intend to address the following research questions: 
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1. How can IoT technology be integrated into the biogas production environment to control 

operational parameters and address the current needs and challenges biogas operators face? 

2. How can an experimental analysis of power harvesting be conducted to identify the most 

suitable approach for powering IoT sensor nodes applied in a biogas generation context? 

3. How can the existing ML models be enhanced to outperform the classical models applied 

in the biogas generation context? 

The primary hypothesis of this research is to investigate whether the integration of IoT-based 

sensors with ML algorithms can optimize the anaerobic digestion process, leading to a significant 

increase in biogas yield and operational efficiency compared to traditional monitoring methods.  

This hypothesis will be examined through the design and development of an IoT-based monitoring 

system and ML algorithms designed to enhance biogas production and system performance. 

1.5 Research Objectives 

This research aims to design and develop an IoT-based intelligent system with an energy 

harvesting mechanism for controlling the effect of environmental parameters on biogas 

production. The development is feasible with the help of various technologies such as ML, cloud 

services, web technology, and IoT. 

The specific objectives of the research are: 

1. To develop an IoT-based system applied in a biogas context, and perform correlation 

between environmental data and biogas production. 

2. To analyze the most appropriate power harvesting approach for sustaining the designed 

sensor node. 

3. To develop an ML model for predicting biogas production and perform a comparative 

analysis with the classical models on the gathered dataset. 

1.6  Research Methodology 

This research employs a comprehensive, multi-faceted methodology to integrate IoT, energy-

harvesting mathematical modeling, and ML approaches for enhancing biogas production. The 

proposed solution is designed to be relevant and cost-effective for biogas operators, addressing 

needs at both local and industrial levels. 
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The methodology encompasses qualitative, quantitative, and experimental approaches. The 

qualitative phase involved interviews and focus groups with stakeholders, including biogas 

operators, technicians, and industry experts, to understand their challenges and expectations. The 

data collected has been analyzed to identify themes and guide the IoT and ML solution design. 

The quantitative phase collected numerical data through surveys on production rates, raw material 

usage, and efficiency, which was analyzed using statistical methods to validate qualitative findings 

and refine the models. The experimental phase tested the IoT, ML, and energy harvesting models 

in selected sites. Sensors monitor production parameters, while ML algorithms analyze and predict 

biogas production. Energy harvesting mathematical models are used to optimize energy capture 

and utilization in the biogas production process. This comprehensive approach aims to develop an 

innovative tool for more efficient and sustainable biogas production. The detailed workflow is 

presented in Figure 1.1. 

 

                                      Figure 1.1: Research implementation flow 

                

       During the need assessment phase, the interview was conducted with key stakeholders gaining 

insight into the needs, challenges, and expectations of the integration of IoT and ML in biogas 

generation. The interview was conducted in four selected districts, namely Rwamagana, Musanze, 

Bugesera, and Gasabo as samples.  The interviewers are classified into three categories (Rwanda 

Energy Group, technicians, and biodigester owner) based on their role and knowledge in the biogas 

industry. The interview questions were designed with the following considerations: the current 
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biogas generation practices, perceived needs, and challenges, expectations on potential integration 

of IoT, and ML monitoring tools. Structured questions are chosen to ensure uniformity in 

responses and facilitate participants in the process. A sample size of a thousand interviewers was 

selected in the mentioned districts.  

Figure 1.2  indicated that 47.7% of respondents cited feedstock supply and quality as a 

significant issue, making it the clear top challenge for biogas producers. According to 30.6% of 

respondents, monitoring and control systems are also a big concern, highlighting the need for 

efficient process management. Although less noticeable, equipment dependability and 

maintenance 23.0% and budget and financial constraints 16.7% are noteworthy. 

 

                                     Figure 1.2: Results on main challenges for biogas operators.  

Figure 1.3 presents the result indicating the most operational parameters affecting biogas 

production. The most important operational characteristic was found to be temperature, as 

indicated by 50.6% of respondents. A significant consensus regarding its impact was indicated by 

the volume of feeding, which came in at 35.7%. Also, 14.2% of respondents mentioned the 

composition of the feedstock, whilst 5.7% and 7.2% of respondents focused more on moisture 

level and pH, respectively, and 18.2% were unaware of the precise factors influencing the 

formation of biogas. 
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                                   Figure 1. 3: Results for operating parameters affecting biogas production. 

The category of responses for identifying technological tools used to monitor biogas 

production is depicted in Figure 1.4. It demonstrates that there is a monitoring tools access gap in 

the biogas generation industry. The 99% of respondents shown that they did not know any 

monitoring tools that are used to track the biogas production process. While 1% of respondents 

knew anything about monitoring technologies. This implies that more information about the 

various monitoring options has to be shared. 

 

 

                                           Figure 1.4: Results for technological tools used in monitoring. 
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Figure 1.5 indicates that the majority of respondents 81.8% strongly endorse the idea that real-

time monitoring will likely increase the efficiency of biogas production. Nonetheless, a lower 

percentage of respondents 10.5% do not recognize the benefits of real-time monitoring, and there 

are still some uncertainties equivalent to 14.3%. Overall, while there is broad agreement on the 

potential benefits. 

 

                                                                 Figure 1.5: Results for the belief of improved production efficiency by 

real-time monitoring of the biogas production process. 

 The main outcome of the first objective is to develop a smart system capable of monitoring 

environmental parameters in a biogas generation context and analyzing their impact on biogas 

yield. The smart system's development involves integrating IoT technology to monitor and control 

environmental parameters. This integration addresses the needs and challenges identified through 

qualitative research with stakeholders, ensuring that the system is both relevant and practical. By 

deploying this system in real-world settings and continuously refining it based on feedback, the 

research demonstrates how IoT technology can be effectively utilized to optimize biogas 

production processes, thus directly answering the first research question. Data are acquired at a 

home digester for three months. Additionally, the correlation of environmental data on biogas yield 

was made using Pearson distribution and a multiple linear regression model. 

To ensure the sustainability of the deployed sensor node, the second objective of this research 

is to analyze appropriate power harvesting to power the device. To achieve this objective sensor 

node energy consumption was computed, power harvesting system specification was analysed, 
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and a polynomial base mathematical model was developed for predicting the expected solar panel 

size. By generating data on the efficiency and reliability of different power harvesting methods, 

the research provides concrete answers to the second research question, offering new knowledge 

on how to sustain power IoT sensors in biogas facilities. 

 The third objective aims to develop AI-based algorithms integrated with IoT-based 

architecture. The stack assemble-based model was developed and compared with an existing 

model from the collected dataset. This comparison is grounded in quantitative and experimental 

data, validating the superior performance of the new ML models. Consequently, the research 

answers the third question by demonstrating the practical improvement and benefits of using 

hybrid ML models in biogas production. 

1.7  Major Contributions 

During the development of this study, the following contributions have been achieved: 

 This research contributes by developing an intelligent IoT system that monitors and 

controls environmental parameters in real-time within biogas production. By integrating 

IoT technology and addressing stakeholder needs through quantitative insights, the system 

optimizes biogas production processes effectively. 

 The study provides new insights into energy harvesting methods for powering IoT sensor 

nodes in biogas facilities. Through rigorous experimental analysis, it identifies sustainable 

approaches, enhancing operational efficiency and reliability in biogas production 

environments. 

 This research advances ML models tailored for biogas yield prediction. By leveraging 

advanced ML algorithms and comparing them with classical models using quantitative 

data, the study demonstrates improved prediction accuracy and efficiency, thus optimizing 

biogas production processes. 

 

1.7 Thesis Outline 

The thesis structure is illustrated in Figure 1.6. Chapter 2 presents the literature review on 

bioenergy, key influencing factors, and the existing technology-based mechanisms to monitor 

production. Chapter 3 details the effect of environmental parameters on biogas yield using an IoT 
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system. Chapter 4 presents the experimental analysis of power harvesting required to sustain the 

sensor node. Chapter 5 discusses the biogas yield prediction modeling using a stacking assemble-

based approach. Chapter 6 presents the thesis conclusion and recommendation. 

 

 

                       Figure 1.6: The Structure and organization of the thesis. 

 

 

 

Chapter 2 

Literature Review 

2.1 Introduction 

This section details the literature review of the current research field and proposes a way 

forward for this research. Firstly the current status and challenges of biogas energy adoption 

globally, in East Africa, and particularly in Rwanda. It also presents the details of the AD process 

and performance-influencing parameters. Additionally, the IoT-based architecture and its current 
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application and limitations biogas generation context are presented. Lastly, the ML techniques and 

their application in biogas prediction are detailed.   

       2.2 The Current Status and Challenges for Biogas Production in Rwanda  

In recent decades, the importance of global energy consumption has escalated, forced by 

industrialization, urbanization, and population growth. Consequently, there has been a significant 

emphasis on the adoption of renewable energy sources as integral to sustainable global energy 

strategies. It has been recognized that renewable energy sources have the potential to provide 

reliable and affordable energy while reducing greenhouse gas emissions and improving access to 

energy [34][35]. According to a global report in 2023, the renewable energy technology workforce 

has doubled from 7.3 million in 2012 to 13.7 million in 2022 [36].  

Biogas energy holds a significant appeal among renewable energy sources due to its versatility 

and potential to address multiple challenges simultaneously. Biomass resources, such as 

agricultural residues, organic waste, and dedicated energy crops, can be readily converted into 

biofuels, or used directly for electricity and heat generation [37]. Moreover, bioenergy can help 

mitigate waste management, produce rich fertilizer for rich agriculture activities, and improve 

sanitation for the local community. 

In the global context, the relevance of biogas has gained considerable attention in line with the 

United Nations' Sustainable Development Goals. Many countries have adopted renewable energy 

support policies, acknowledging the importance of providing clean and green energy [38]. Figure 

2.1  presents, the global biogas energy production that has substantial increase, growing from 0.29 

exajoules in 2000 to 1.46 exajoules by 2020, this growth has been particularly notable in the 

European Union, which accounts for nearly half of the world's biogas production.  
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                                   Figure 2.1: Global biogas production [39]. 

     The East Africa Community (EAC) has made progress in promoting renewable energy, by 

setting ambitious targets and implementing favorable policies for the sector [40]. The renewable 

energy sector is core to East Africa's goal of expanding access to electricity and clean cooking, 

while also supporting entrepreneurship and the region's productive transformation.  However, at 

the end of 2020, only 49% of the population had access to electricity, and a mere 14% had access 

to clean cooking [41]. In the East African region, the potential for biogas production and utilization 

has been recognized as a viable option to meet the energy needs of rural and urban communities. 

An Africa-focused global investment platform for the energy sector demonstrates that Kenya, a 

leader in biogas policies, has made the greatest progress in creating viable biodigester markets 

followed by Tanzania.  

 In recent years, Rwanda's energy efficiency roadmap has emphasized the importance of 

energy efficiency in meeting the country's energy goals [42]. There is much potential for Rwanda 

to rely on bioenergy using native renewable energy resources since its characteristics are naturally 

available in Rwanda's climate presented as subtropical with adorable temperatures to generate the 

energy. The efforts to promote clean energy have been initiated through various projects and 

initiatives [43]. Rwanda Domestic Biogas Programme (RDBP) has successful increased the 

number of biogas installations, as seen in Figure 2.2, along with several larger-scale biogas plants 
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serving institutions and communities. The government has also introduced policies and regulations 

to support the biogas sector, such as the provision of subsidies and the establishment of quality 

standards for biogas systems. 

 

Figure 2.2: Digester distribution in Rwanda 

Despite the abundant availability of organic waste resources, the utilization of biogas 

technology in East Africa remains limited. This is primarily due to a lack of technical knowledge, 

high installation and operation costs, and limited end-user applications.  

Regarding Rwanda, during the needs assessment, this research discovered a high percentage 

of non-operational systems. The primary reasons for this include a lack of technical skills, 

inadequate feeding practices, limited feedstock availability, and the lack of end-user technology 

to control the production environment.  

This section discussed the motivation behind the adoption of renewable energy, particularly 

bioenergy, the current development status, and challenges. The next section presents the bioenergy 

production process, details of its process parameters, and their roles in efficient production.  
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2.3  Biogas Energy Generation  Process 

The effectiveness of biogas production depends on various factors, including biogas plant 

structure,  performance of the AD, and the process parameters. This section discusses the overview 

of the biogas production process from literature papers and site visits gathered information. 

Biogas is the energy produced from an anaerobic digestion process, within the process biomass 

is converted to biogas through various biochemical sequential reactions. During biogas production, 

biomass is placed in a container called a digester. Literature has shown various digesters such as 

fixed domes, floating drums, and low-cost polyethylene tubes [44]. Figure 2.3 illustrates the 

structure and components of a single-stage low-cost polyethylene tube digester experiment. It was 

chosen due to its availability, and flexibility enough to adapt to extra inlets and outlets for small-

scale production. In a single stage, wastes are loaded in the reactor and four processes happen in 

the reactor sequentially. The biodigester is both a storage and mixing room, with an upper layer 

reserved for accumulating biogas produced, the inlet, and outlets. Figure 2.4 presents the deployed 

digester in the experimental site.  

 

                     Figure 2.3: Biogas digester structure and components [45]. 
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                                        Figure 2.4: Experimented home digester 

Anaerobic digestion involves a sequence of biochemical processes in which bacteria 

decompose the organic components of various substrates into a mix of gases including methane 

(CH4), carbon dioxide (CO2), hydrogen (H2), hydrogen sulfide (H2S), under anaerobic conditions 

[46].  Methane is the primary component and is valuable as a renewable energy source, often used 

for electricity generation and heating. The organic materials are mainly a composite of 

carbohydrates, proteins, and lipids which can be degraded to simpler compounds by 

microorganisms with the following process stages: hydrolysis, acidogenesis, acetogenesis, and 

methanogenesis stage [47]  as presented in Figure 2.5. 
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                  Figure 2.5: Biomass decomposition stages in the AD process 

During the initial phase, microorganisms release extracellular enzymes that break down 

complex organic substances like long-chain polymers, proteins, lipids, and carbohydrates into 

simpler forms [48]. During the acidogenesis phase, many of the products from hydrolysis remain 

as large molecules that need to be broken down further into smaller components like acetic acid. 

In the subsequent stage, acidogenic bacteria metabolize simple sugars, amino acids, and fatty acids, 

producing acetate, and CO2. Additionally, volatile fatty acids (VFAs) such as acetic acid, butyric 

acid, propionic acid, and other organic acids are generated during this phase [49]. In a perfect 

operating anaerobic system, approximately 70–80% of the hydrolysis products are transformed 

into hydrogen, CO2, and acetate, that are readily utilized by methanogenic microorganisms. The 

20–30% remaining is converted into various other intermediate products [49]. During the 

acetogenesis phase, agents can either produce or consume hydrogen to generate acetate. Those 

producing hydrogen oxidize acids into acetate [50]. In the last stage, methanogenic 

microorganisms utilize acetate, H2, and CO2 to synthesize methane [51].  
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  2.4  Anaerobic Digestion Process Parameters  

The optimum biogas production mainly depends on the movement and speed of AD bacteria. 

The bacteria are sensitive to several process parameters, impacting the effectiveness of anaerobic 

digestion. The efficient management of process parameters is essential to prevent reactor failure. 

The key factors include the substrate's chemical composition, mixing methods, inoculum-substrate 

ratio (ISR), biological oxygen demand (BOD), chemical oxygen demand (COD), organic loading 

rate (OLR), substrate mixing proportions, nutrient balance, hydraulic retention time (HRT), the 

pH level, and digester operating temperature [52].  

These elements significantly influence anaerobic digestion performance and are extensively 

examined and discussed in subsequent sections, aiming to provide clarity and direction. Table 2.1 

summarises the optimal operating conditions for a better output.  

Table 2.1: Optimum range of parameters for a better digestion process 

Parameters Optumun values References 

pH 6-8.50 [53][54] 

Temperature Mesophilic (35-40oC) [55][56] 

C/N ration 20-3-:1 [57] 

ISR >2:1 [58] 

TA 1000-5000mg caco3/l [48] 

VFA/TA ration 0.20-0.40 [59] 

OLR 1-6 Gvs OR  [60] 

Moisture contents >75% [61] 

 

To guarantee AD's performance, it is essential to maintain the operating factors within the 

desired range. This is practical and possible for some parameters while others are uncontrollable.  

In this research context, we focus only on controlling environmental parameters to optimize the 

digestion process.    
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2.4.1 Temperature 

The anaerobic digestion decomposition rate is influenced by environmental factors. The 

operating temperature is the most important factor determining anaerobic digestion's performance 

since it boosts microorganisms' growth [62]. Thus impacting methane content, production rate, 

and overall system efficiency. Anaerobic digestion processes typically operate under three 

temperature ranges: cryophilic (15–25°C), mesophilic (35–40°C), and thermophilic (50–60°C) 

[63].  

Studies have shown that biogas yield tends to be slightly higher under thermophilic anaerobic 

digestion conditions compared to mesophilic conditions [64]. Example in [65] Researchers have 

investigated the impact of temperature on the anaerobic digestion of lignocellulosic biomass, 

revealing that biogas production rates increase with rising temperatures. However, challenges such 

as operational instability may arise during thermophilic operation.  Another research [55] explored 

the effect of temperature variation on biogas production from the digestion of rice straw and animal 

waste in bench-scale bioreactors. They found that all bioreactors adapted to both mesophilic and 

thermophilic conditions, however, mesophilic conditions offered higher stability thus presenting 

the most promising option for biogas generation. Further investigation of the co-digestion of 

poultry manure and kitchen waste to assess the impact of temperature and mixing ratio on biogas 

production under room temperature (28°C) and mesophilic conditions (37°C) [57]. The literature 

concludes that maximum biogas yield was achieved under mesophilic conditions.  

2.4.2 Potential of Hydrogen 

 The potential of hydrogen (pH) value is key in assessing the stability and efficiency of the 

digestion process. The pH affects microbial activity and methane production yield. The pH value 

varies depending on the types of anaerobic microbes involved in the system. In [66], the analysis 

of the experiment conducted showed the effect of pH levels on CH4 and H2 production in a two-

stage digester on sorghum-based substrates. The result shows the highest H2 yield of 0.92 mol 

H2/mol carbohydrates consumed at a pH equal to 5. According to the research in [67],  the 

preferred pH range for anaerobic digestion is between 6.8 and 7.2. However, they highlight that 

the most suitable pH for methanogenesis falls around 7.0, while for hydrolysis and acidogenesis, 

it ranges between 5.5 and 6.5. This is the reason researchers advise separating the 

hydrolysis/acidification and acetogenesis/methanogenesis processes in two-stage systems.  



22 

 

2.4.3 Moisture Content 

 Moisture content stands out as a crucial factor influencing anaerobic digestion. Research has 

indicated that moisture has the benefit of regulating cell movement facilitating the transport of 

nutrients, and participating in the hydrolysis of complex organic matter [68]. Higher moisture 

levels support anaerobic digestion because water content can significantly influence the process. 

 Anaerobic digestion processes are categorized based on the total solids (TS) content of the 

slurry in the digester reactor. These categories include low solids or wet digestion (less than 10% 

TS), medium solids or semi-dry (10–20% TS), and high solids (more than 20% TS). Most studies 

on degrading the organic fraction of municipal solid waste have focused on dry anaerobic digestion 

processes due to the high solid content of organic municipal solid waste (OMSW) [69][70]. 

However, increasing the moisture content of OMSW by adding water or co-digesting it with low-

solid wastes such as sewage sludge and manure can render it suitable for semi-dry anaerobic 

digestion processes. Research has shown that elevating the initial moisture content in mesophilic 

anaerobic digesters from 90% to 96% resulted in increased methanogenic activity in high-solids 

sludge digestion [71]. A separate investigation [69], indicated that digesters with higher initial 

moisture content exhibited higher methane production rates.  However, a study stated that raising 

the moisture content of organic OMSW decreased the methane production rate in anaerobic 

digesters employing periodic cycles of leachate drainage and water addition [72].  

2.5 Traditional Technologies for Monitoring Anaerobic Digestion  

Bioenergy is a promising renewable energy source globally available with agricultural residues 

being a primary supplier to bioenergy production. Moreover, challenges related to the management 

of various biomass types, and process control within supply chains are gradually increasing. Thus 

process monitoring and control can help to explain the functional behaviour of anaerobic digesters 

and to achieve efficient biogas production. This systematic review examines the traditional 

methods and technologies employed for monitoring and optimizing the key parameters of the 

anaerobic digestion process. The performance of the anaerobic digestion process is highly 

dependent on the careful monitoring and optimization of various process parameters, such as pH, 

temperature, organic loading rate, hydraulic retention time, and nutrient balance.  
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Numerous traditional methods have been employed to monitor and optimize these parameters. 

For example, temperature is a critical parameter that can significantly impact the activity of the 

anaerobic microorganisms and the overall efficiency of the process. Various temperature 

measurement techniques, such as thermocouples and resistance temperature detectors, have been 

used to monitor and control the temperature within the reactor [81, 82]. 

 Similarly, pH is another crucial parameter that must be carefully maintained within an optimal 

range to support the growth and activity of the anaerobic microorganisms. Traditional pH 

measurement methods, such as the use of pH electrodes, have been widely utilized to monitor and 

adjust the pH of the digestion process [75]. 

In addition to these physical parameters, the monitoring and optimization of the biochemical 

parameters, such as volatile fatty acids (VFAs), and nutrient levels, are also essential for the 

successful operation of an anaerobic digestion system. Traditional monitoring tools, such as 

titration, spectrophotometry, and gas chromatography, were adopted to measure these biochemical 

parameters and inform the decision-making process for process optimization [84[77].   

The traditional biogas monitoring approaches provide valuable insights into the fermentation 

process by monitoring key parameters and making informed decisions to optimize the system. 

However, those approaches often rely on manual data collection and intermittent measurements, 

which can lead to incomplete and inaccurate data. Moreover, traditional monitoring approaches 

can be labor-intensive and time-consuming, requiring dedicated personnel for data collection and 

analysis. This can be particularly challenging for remote or decentralized biogas plants, where on-

site monitoring may be logistically difficult or cost-prohibitive. 

To address traditional monitoring limitations, this research has explored the potential of 

emerging technologies, such as the IoT and cloud platform to enhance biogas monitoring 

capabilities. The combination of those technologies can provide real-time, continuous data on the 

biogas production process, enabling more precise control and optimization. The next section 

highlights the recent potential of AI and the IoT to address bioenergy challenges and foster a 

sustainable future. 
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2.6  IoT Concept and Architecture   

 The concept of the IoT refers to an interconnected system of Internet-enabled devices [78]. 

These devices are designed to carry out three primary functions: receiving data, processing data, 

and transmitting data [79]. The function of IoT is to enhance daily practices by presenting 

significant real-time monitoring capabilities. The IoT ecosystem involves various complementary 

technologies to bridge the gap between virtual and physical spaces. 

IoT technology has been increasingly applied in biogas production systems to enable data 

collection, remote control of the production environment, and energy management. The key IoT 

Architectures in biogas systems comprises three, four, and five layers. However, the three-layer 

architecture is the most widely adopted [80][81]. Figure 2.6 presents a generic IoT architecture 

adopted in biogas generation systems comprised of three layers. 

 

                                             Figure 2.6: Generic IoT architecture 

Device layer: Involves sensors and actuators, and the microcontroller data processing unit that 

collects data from the environment, and makes the necessary processing. 

Network layer: Middleware comprises routers, gateways, and switches that facilitate the 

interaction between the lower and upper layers.  



25 

 

Application layers: comprises of web or mobile app hosted on a cloud platform responsible for 

data storage, processing, and analysis tasks of the acquired device data. To provide specific 

services to end users. 

In addition to IoT architecture, various communication protocols are employed to establish 

connections to the upper layers such as message queuing telemetry transport (MQTT), constrained 

application protocol (CoAP), HyperText Transfer Protocol Secure (HTTPS), and Long Range 

Wide Area Network (LoRaWAN)[82]. Those Communication protocols play a critical role in 

ensuring efficient data transmission and reliable system performance. This review examines the 

various IoT communication protocols applied in biogas systems, highlighting their characteristics, 

advantages, and limitations. The choice depends on specific application requirements such as 

range, power consumption, data rate, and implementation complexity. 

MQTT: It is one of the key communication protocols powering the IoT ecosystem. The MQTT 

is designed for low-power and low-bandwidth devices. It has gained significant traction in IoT 

applications due to its lightweight nature and suitability for resource-constrained devices [83]. In 

the biogas industry, an MQTT-based system for real-time monitoring and control was integrated 

with existing supervisory control and data acquisition systems to improve operational efficiency 

in urban biogas facilities in Europe. 

CoAP: In low-power communication systems, CoAP is particularly recommended for 

applications where energy efficiency, low bandwidth, and limited computational resources are 

crucial, making it an attractive choice for various IoT applications [84].  

HTTP: In the context of the IoT, HTTP plays a crucial role in facilitating communication and 

data exchange between IoT devices, cloud platforms, and various web-based applications and 

services [85]. IoT systems often rely on HTTP to establish a common language for data exchange. 

IoT devices can utilize HTTP to send sensor data to cloud platforms, where it can be aggregated, 

analyzed, and acted upon [86].  

LoRaWAN:  It has emerged as a promising solution for IoT applications in the agricultural 

sector due to its long-range communication capabilities, and low power consumption. LoRa-based 

IoT systems have been utilized in a variety of agricultural applications, such as smart irrigation, 
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soil moisture monitoring, rice field management, and the provision of intelligent agricultural 

services [87].   

In this context, the IoT architecture adopts the MQTT communication protocol due to its 

lightweight nature, which ensures efficient data transmission with minimal bandwidth and power 

consumption, which makes it suitable for real-time monitoring and control in resource-constrained 

environments. 

2.7 Wireless Sensor Networks (WSN) for Biogas System 

WSNs have emerged as vital tools in providing real-time data collection, analysis, and control 

over various parameters. These networks are typically classified based on their deployment 

environment into underground, territorial (aboveground), and hybrid systems [88]. Underground 

WSNs are deployed beneath the surface to monitor critical parameters like soil moisture, 

temperature, and gas emissions. Recent studies have highlighted the importance of underground 

WSNs in applications where precise subsurface monitoring is critical to optimizing biogas 

production [89]. In contrast territorial WSNs, are deployed aboveground and are typically used to 

monitor parameters such as air quality, temperature, and methane levels in open spaces. These 

networks benefit from line-of-sight communication, which reduces signal interference and 

enhances data transmission reliability [90]. Further Hybrid WSNs combine the strengths of both 

underground and territorial networks, offering a more comprehensive monitoring solution for both 

subsurface and surface parameters simultaneously [91]. This research adopts a hybrid WSN due 

to its high capability to support biogas generation systems where indoor and outdoor conditions 

are important. 

2.8 IoT Applications  in Biogas Generation Context 

The rapid advancements in the IoT have paved the way for a wide range of applications in 

various domains, including energy management [93]. In recent years, the energy sector has 

witnessed a remarkable transformation with the advent of IoT technology [94]. Smart grids and 

green IoT have been highlighted as key areas where IoT drives significant improvements, and 

smart grids, in particular, offer immense potential for optimizing energy consumption through 

demand-management applications [95]. Concerning biogas energy, the growing interest in biogas 
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production has led to the exploration of various technological advancements, including the 

integration of the IoT to enhance the monitoring and control of biogas production processes [96].   

 Recently, numerous biogas automated applications aimed at inducing users by sending direct 

responses to remote locations. For example in [97], IoT-based systems have been utilized to 

monitor real-time parameters, such as temperature, pH, and gas composition, enabling operators 

to make informed decisions and optimize the biogas production process. Another example is the 

research that investigated the application of IoT for sewage wastewater treatment processes to 

monitor the biogas yield in real-time [98].  

The application of IoT in biogas production can be observed in various aspects. IoT-based 

sensors can be utilized to collect data on key parameters such as temperature, pH, and organic 

matter content, allowing for precise monitoring and control of the anaerobic digestion process 

[99][100]. Additionally, IoT-enabled devices can regulate the input of feedstock, water, and other 

necessary components, optimizing the overall efficiency of the biogas plant [101]. Furthermore, 

in [102], research introduced a biogas facility integrated with IoT technology, aiming to showcase 

innovative designs. The proposed prototype incorporated pH, temperature, and oxidation-

reduction potential electrodes linked to a programmable logic controller. The system enabled real-

time remote monitoring which is essential for maintaining reactor stability and ensuring quality 

biogas production. Furthermore, in [102], research introduced a biogas facility integrated with IoT 

technology, aiming to showcase innovative designs. The proposed prototype incorporated pH, 

temperature, and oxidation-reduction potential electrodes linked to a programmable logic 

controller. The system enabled real-time remote monitoring which is essential for maintaining 

reactor stability and ensuring quality biogas production.  

The integration of IoT technology in the biogas production industry has gained significant 

attention in recent years, as it offers promising solutions to enhance productivity, monitoring, and 

control of biogas plants. However, the successful implementation of an IoT system requires 

addressing the following limitations: (1) the reliable sensors and consistency of the data 

transmitted by the IoT sensors to the cloud platform; (2) inaccurate data can lead to suboptimal 

decision-making and ultimately undermine the effectiveness of the monitoring system; and (3) the 

integration of IoT technology with the existing biogas production infrastructures is technically 

complex and costly, posing a barrier to scalability. Biogas is mostly adopted as an alternative 
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energy source in an electricity-contained environment, the consistent power supply of the sensor 

node, requires time-consuming battery charging. 

In the existing IoT-based biogas monitoring systems, the real-time data are transmitted 

wirelessly to a central control system, allowing for remote monitoring and providing valuable 

insights into the factors that influence biogas production. However, the following research gaps 

have been identified: (1) the existing IoT-based biogas monitoring systems often lack advanced 

analytics and decision-support capabilities. (2) While these systems can provide real-time data, the 

ability to translate this data into actionable insights and optimize biogas production remains a key 

gap. (3) there remains a deficiency in community-based applications equipped with validated 

datasets to facilitate the AI modeling process.   

Integrating the IoT into biogas production in the Rwanda context presents significant potential 

impacts on both sustainability and scalability. From a sustainability perspective, IoT enhances 

operational efficiency by enabling real-time monitoring and control of key production parameters, 

and maximizes biogas yield, contributing to more efficient feedstock utilization. On the scalability 

front, IoT supports the expansion of biogas production by enabling centralized, remote 

management of multiple sites, which simplifies the supervision and coordination of large-scale 

operations.  

2.9 Machine Learning in Biogas Generation Context  

In the modern world, AI technology mimics human intelligence through the use of a computer. 

Numerous criteria exist for classifying AI due to field complexity  applied. AI is categorized into 

four distinct types: symbolic AI,  ML, heuristics, hybrids, and others [103], and it has been adopted 

in many sectors, such as agriculture, industry, education, health, and energy generation [104], 

[105]. 

ML, a branch of AI, enables machines to learn and enhance themselves autonomously using 

historical data, without requiring explicit programming [106]. This approach enables automatic 

learning by computers, operating independently of human intervention, with a primary focus on 

developing self-learning algorithms through continuous data inputs. An accurate ML model 

increases the predictive performance for the future, and it is achieved through investigating various 

learning algorithm models and selecting the best-suited for the problem [107]. The learning 
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process starts with observing the patterns within the database based on the provided input, and it 

enhances its ability to make decisions by identifying these patterns in the data. Figure 9 illustrates 

the process involved in supervised and unsupervised learning. 

ML is broadly classified into several categories based on the learning approach and the nature 

of the problems being addressed. The major classifications include: 

 Supervised Learning: It trains using a known dataset to develop the learning algorithm 

and tests it with the testing dataset, comparing the results with the correct or intended 

data to assess the accuracy [108]. This process enables modifications and adjustments 

to the model if the results are unsatisfactory. Supervised learning is divided into two 

main sub-categories, classification, where the model learns to predict discrete class 

labels, and regression, where the model learns to predict continuous output values 

[108].  

 Unsupervised Learning: In this approach, the model is not provided with labeled data, 

and it tries to uncover hidden patterns, structures, and relationships within the input 

data. Unsupervised Learning techniques include clustering, dimensionality reduction, 

and anomaly detection [109]. This learning process lacks an accuracy check, but it can 

label data based on identified patterns and derive its solutions. 

 

 Reinforcement Learning: This involves an agent interacting with an environment, 

taking actions, and receiving rewards or penalties based on the outcomes. The agent 

then learns to optimize its behavior to maximize the cumulative reward [110]. 

Reinforcement learning enables machines and software agents to identify the optimal 

behavior to optimize their performance based on a given objective. 

 

 Semi-Supervised Learning: This is a combination of supervised and unsupervised 

learning, and the model is trained on a dataset that includes both labeled and unlabeled 

data [111]. The key idea is to leverage the unlabeled data to enhance the performance 

of the model, as the unlabeled data can provide valuable insights into the underlying 

structure of the data distribution. 



30 

 

The application of ML techniques in the biogas industry is a rapidly evolving field, with 

promising results across various aspects of the process based on their learning style and data 

structures [112]. Supervised and unsupervised learning algorithms have demonstrated their utility 

in tasks such as classification, cluster analysis, and process optimization [108], [109]. For instance, 

ML models can be trained to predict biogas yields, identify optimal operating conditions, and 

detect anomalies in real-time, enabling proactive maintenance and improved resource management 

[22]. The prior classify ML in into three categories such as production, detection,  and energy 

utilization.  

In the digestion process, a successful prediction model for the downdraft gasification with a 

water gas shift unit to generate biohydrogen in the gasification was proposed using an ANN model 

[101]. However, there is a lack of comparison of alternative models to validate the improved 

accuracy.  

In biomass quality measurement, researchers explored the chemical exergy of torrefied 

biomass compared to raw biomass [28], [113]. Their investigations revealed that the SVM method 

exhibited notably superior performance in estimating parameters such as HHV and energy 

recovery. The ANN models tend to yield more consistent and trustworthy prediction accuracy 

compared to the other models explored. However, several other ML techniques were not 

considered in the evaluation process.   

For controlling the production quality, researchers employed partial least squares regression 

(PLSR),  weighted regression, and an ANN model to forecast the biogas flow rate, using Carbon 

(C), Hydrogen (H), and Oxygen (O) as input-independent parameters are presented [29]. It 

included the test on various forecasting algorithms, but the method is only for the detection of flow 

rate without considering the major parameters affecting the biogas yield. 

Similarly in [114], a study developed RF models to predict the biogas yield of bioenergy crops 

using image datasets acquired from drones. The random forest model demonstrated flexibility and 

effective scalability for large datasets. However, there has been a lack of studies comparing it with 

other ML methods, highlighting a deficiency for biogas yield forecasting systems specifically for 

environmental parameters data. 
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Prior research performed predictions based on single models, demonstrating their district 

dominance. However, the lack of integration of ML models with other modeling approaches, such 

as process-based models or hybrid models, which could potentially improve the accuracy and 

robustness of biogas prediction required for the complexity of biological processes involved in 

biogas production, which can be difficult to capture fully using a single ML model.  

 This study explores the use of hybrid modeling approaches, which combine data-driven ML 

techniques with an optimization algorithm strategy that incorporates the underlying biological 

processes. These hybrid models have the potential to provide more accurate and robust predictions 

of biogas production, as they can leverage the strengths of both modeling approaches.  

2.10 Hybrid Modeling Approach  

Modeling complex real-world phenomena often requires a balance between the flexibility of 

data-driven approaches and the interpretability of theory-driven models. In recent years, the field 

of ML has witnessed a growing interest in hybrid modeling strategies that combine the strengths 

of these two paradigms, offering the potential to achieve more accurate predictions. This review 

aims to provide a comprehensive overview of the state-of-the-art in hybrid modeling for ML-based 

prediction, highlighting the key concepts, and methodologies. 

 Physics-informed models: One prominent hybrid modeling strategy is the integration 

of physics-informed models with data-driven ML techniques, known as physics-

informed ML [107]. As explained in [115], this approach is particularly useful in 

scientific problems involving complex processes that are not fully understood. The 

integration of physical knowledge can be achieved through various means, such as data 

and feature engineering, and the development of hybrid architectures that leverage both 

physical and data-driven components.  

 

 Assemble model: In hybrid modeling, the assembled model is another aspect of a 

combination of multiple ML algorithms to capitalize on their complementary strengths 

[116]. This ensemble method can lead to improved prediction performance by 

leveraging the unique capabilities of different models. This approach has been applied 

in a wide range of domains, including environmental modeling, energy systems, and 
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predictive maintenance [117]. Figure 2.6 depicts the integration of multiple base 

models, each trained on a different subset of the data or using a different algorithm. 

The individual predictions from these base models are then combined, often through a 

weighted voting system or a meta-model, to generate the final ensemble prediction. 

 

                            Figure 2.6: Typical ensemble model architecture 

The literature review reveals a wide range of ensemble techniques, including bagging, 

boosting, and stacking [118]. These techniques differ in their underlying mechanisms and the way 

they combine the component models as follows:  

 Bagging: Among the ensemble techniques, bagging involves training multiple models 

on random subsets of the data and aggregating their predictions to improve overall 

predictive accuracy [119]. Bagging has been widely used in various applications due 

to its simplicity, robustness, and ability to reduce the variance of individual models 

[120]. However, in the presence of very small or imbalanced datasets, the random 

sampling process might not be effective, leading to suboptimal performance and 

potential overfitting on the resampled data. 

 

 Boosting algorithms: In ensemble modeling, boosting has emerged as a widely adopted 

approach, offering a powerful way to enhance the predictive capabilities of weak 

learners by iteratively training a sequence of base models, each of which focuses on the 

instances that were misclassified by the previous models [121]. However, one 
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significant limitation is the potential for overfitting, the boosting model becomes too 

specialized to the training data and fails to generalize well to new, unseen instances. 

 The stack-based model: It is an ML architecture that utilizes a series of interconnected 

layers, each with its specialized function, to process and analyze data. the stack-based 

approach is primarily concerned with the accuracy of predictions [122].  

The ensemble models have demonstrated impressive results for improving prediction 

accuracy. However, the overfitting limitations are identified. Effective model selection and 

ensemble optimization techniques are needed to overcome the identified limitation. This study 

proposes a hybrid model that stacks data-driven boosting models (LightGBM, CatBoost) and an 

optimization algorithm (evolutionary strategy) to improve to accuracy of predicting biogas yield. 

LightGBM excels in handling large datasets with high efficiency and speed, while CatBoost 

provides robust performance with numerical data, which is often prevalent in biogas production 

datasets. The integration of these models ensures a comprehensive analysis of various data types. 

In an evolutionary strategy, the model can iteratively optimize and adapt the tuning of its 

parameters, leading to better convergence on optimal solutions. This hybrid approach improves 

the precision of biogas yield. 

2.11. Conclusion 

This chapter provided a detailed analysis of the current state and challenges of biogas 

production in Rwanda, emphasizing the importance of biogas as a renewable energy source. It 

outlined the biogas generation process, focusing on the anaerobic digestion process and key 

parameters that influence efficiency. Traditional monitoring technologies were reviewed, 

revealing their limitations in optimizing biogas production, thereby setting the stage for the 

introduction of modern technological solutions. 

It explored the role of IoT and ML in improving biogas production. It discussed the architecture 

of IoT and the application of wireless sensor networks for real-time monitoring and remote 

management of biogas systems. The potential of ML to analyze complex data and improve 

operational efficiency was highlighted, leading to the introduction of a hybrid modeling approach 

to optimize biogas yield. This sets the foundation for understanding how these technologies can 

drive sustainability and scalability in Rwanda's biogas sector. 
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Chapter 3 

Correlation Analysis with Multiple Regression Modeling of 

Environment Parameters Using Internet of Things Technology 

Applied in Biogas Energy Generation Context 

Recently, the significant demand for biogas energy has increased. However, biogas operators lack 

automated and intelligent mechanisms to produce optimization. The IoT and ML have become key 

enablers for the real-time monitoring of biogas production environments. This research aims to 

develop an IoT-based architecture to gather environmental parameters for biogas generation. In 

addition, data analysis was performed to assess the effect of environmental parameters on biogas 

production. The edge-based computing architecture was designed comprising sensors, 

microcontrollers, actuators, and data acquired for the cloud Mongo database via MQTT protocol. 

Data were captured at a home digester on a time-series basis for 30 days. Further, Pearson 

distribution and multiple linear regression models were explored to evaluate environmental 

parameter effects on biogas production. The constructed regression model was evaluated using R2 

metrics, the result found 73.4% of the variability of biogas yield given the environmental 

parameters experimented. From a correlation perspective, the experimental result shows a strong 

correlation of biogas production with an indoor temperature of 0.78 and a pH of 0.6. On the other 

hand, outdoor temperature presented a moderated correlation of 0.4. This implies that the model 

had a relatively good fit and could effectively predict the biogas production process. 

       3.1 Introduction 

The use of renewable energy is expanding globally due to resource availability and fluctuating 

energy prices, with efforts to mitigate the effects of climate change [123]. By 2015, its usage 

accounted for nearly 22% of the total energy consumed worldwide [124, 125]. Developed nations 

are advancing their use of renewable energy; for example, renewable energy sources are 

anticipated to produce adequate electricity in several United States over the following two decades 

[126]. Further, Africa as a continent presents the highest potential to be the first continent to base 

a major amount of its industrial and economic growth on clean and renewable energy sources [127, 
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128]. Unlikely other renewable energies, biogas is a promising solution since its characteristics are 

available and affordable to the local community. Biogas is a renewable gaseous fuel that is 

generated through the breakdown of organic materials without the presence of oxygen in a process 

called anaerobic digestion [129]. Domestic biogas is made from animal excrement from cow, or 

pig dung, coupled with food waste, agricultural waste, and occasionally human excreta. Biogas’s 

major ingredients are CH4 and CO2, representing 50–60% and 35–45%, respectively [130]. 

Rwanda’s government has invested extreme efforts over recent years to encourage the adoption of 

biogas usage through various initiatives, including the construction of biogas digesters for local 

communities and the Girinka project (One Cow per Poor Family) [131], which has gradually 

increased cattle dung which is a major source of biogas in Rwanda. 

Despite various governments’ support policies, these studies disclosed that the adoption and 

diffusion of biogas technology have been considerably low [132, 133]. This is not isolated to 

Rwanda; the lower adoption of domestic biogas technology has been recognized globally [134, 

135]. These issues are not limited to technical challenges such as a lack of classification 

requirements, as well as insufficient raw materials, and a lack of precise technology for controlling 

the operating parameter. Several works of research on the parameters affecting the production of 

biogas in the AD process have increased in importance over the past few years. Feedstock 

characteristics, digester structures, continuous processing, operating, and environmental 

conditions present importance in biogas production [136].  

Concerning environmental parameters like temperature, pH, moisture content, and humidity 

presented a high impact during biogas generation [137, 138]. For example, Toutian et al. [139] 

discussed a lab-based experiment on the effect of temperature on biogas production during the 

hydrolysis stage. It presented the efficiency of production in the mesophilic environment [140]. 

Abudi et al. [141] detailed the contribution of pH for optimum biogas generation. Optimal biogas 

production was obtained at a pH range between 6.8 and 7.4 [142]. Furthermore, the moisture 

content in the substrate allowed for the free and relaxing movement of microorganisms, resulting 

in high biogas production [143]. Therefore, to ensure the consistent and effective generation of 

biogas, it is essential to maintain proper continuous control over the environmental parameters. 

This research aimed to assess the impact of environmental parameters on biogas production using 

a combination of IoT technology and ML techniques.   
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In recent years, the global renewable energy robot market has been predicted to reach the 

United States dollar (USD) 75.82 Billion by 2030, with a growth rate of 27.9% during 2022–2030 

[144]. Recent researchers have demonstrated the impressive contributions of AI and the IoT on 

renewable energy economies and how these can be implemented in the entire process from energy 

generation to transmission and use [145–147]. The most recent IoT trends indicate the potential 

application of the IoT in energy, including energy utilization monitoring in smart cities, solar plant 

health monitoring, and more [148, 149]. 

This has been commonly applied in other industries, where IoT technology has been adapted 

for designing and optimizing the anaerobic digestion process [150]. For example, research on the 

IoT performance of anaerobic digestion was performed, where an operating condition monitoring 

tool was developed; however, this article lacked intelligent control mechanisms to regulate the 

optimum condition [151]. In [152], technologies covering the IoT architecture, and data analytics 

modeling, were leveraged to explore the existing works in biogas supply chain management. It 

experienced limitations when implementing the proposed architecture in a specific case study. 

Additionally, the authors of [153] proposed an IoT-based biogas measurement monitoring system 

that could classify various gases. However, the authors did not consider monitoring environmental 

conditions and behaviors that could affect production.  

Furthermore, in [154], the security mechanism for IoT applications in biogas generation was 

proposed focusing on cyber-physical systems. Among these related works, the works in [155-157] 

investigated the integration of the IoT and data analytics models approach for anaerobic digestion 

performance. The main emphasis of these two publications was primarily on the algorithms used 

for analysis. Overall, based on the state-of-the-art IoT in AD automation, IoT technology has 

already been integrated by proposing various applications to support people. However, there is 

still a lack of applications in the community with the available validated dataset to support the AI 

modeling process. 

 The main contribution of this thesis is to design and develop an IoT-based architecture for 

gathering data, monitoring, and controlling operating conditions in the biogas generation process 

while addressing some of these existing limitations. This section proposed the application of data 

validation algorithms to avail datasets for further prediction purposes and support the production 

control of biogas in the Rwanda context. The use of multi-linear regression and Pearson 

distribution models to perform a correlation analysis of biogas production by considering 
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multivariant environmental parameters in the biogas generation context is proposed. These models 

were validated using data gathered by the developing IoT-based architecture.  

 The proposed IoT-based architecture comprises sensors to acquire the biogas digester’s 

environmental parameters, such as indoor temperature, ambient temperature, humidity, pH, and 

moisture content. The edge-centric IoT-based architecture proposed here excels by enabling real-

time data processing at the production site. This allows for immediate analysis of parameters, 

leading to quick adjustments and optimized yield [158]. Unlike cloud-centric models, which face 

latency and bandwidth issues from data transmission, edge-centric systems reduce delays by 

processing data locally [159]. This enhances system responsiveness and decreases dependence on 

constant internet connectivity, which is crucial for maintaining productivity in remote or 

challenging environments. In other words, Edge-centric IoT architecture outperforms Device-to-

Devices (D2D), hybrid, and cloud-centric models by offering real-time processing with minimal 

latency and reduced dependence on internet connectivity [160]. Unlike D2D’s scalability issues, 

hybrid’s complexity, and cloud’s latency, edge-centric systems enable immediate adjustments on-

site, optimizing biogas yield efficiently and effectively. 

Figure 3.1 presents the adopted edge-centric architecture with three main components: (1) the 

edge layer with mounted sensors, microcontrollers, and actuators; (2) the network layer made by 

an IoT Wi-Fi gateway; and (3) the cloud layer was made of a web-based platform with persistent 

data management hosted on the cloud server to acquire data from sensing devices. 
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Figure 3.1: The Proposed IoT-based architecture applied in the biogas generation context. 

The proposed system helps to increase biogas production by controlling environmental 

parameters affecting biogas production.  

3.2 Materials and Methods 

 This section detailed the materials and methods adopted for implementing the IoT-based 

architecture, data preprocessing, and data analysis used in the study. Figure 3.2 describes the flow 

of the methodology used to validate the proposed architecture. From a material perspective, the 

IoT-based architecture was developed and deployed on the physical digesters to collect time series 

data. From a method perspective, a series of data pre-processing such as missing values, high peak 

values records removal, and datatype conversion was performed, and further data validation 

analysis was conducted and validated. 
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                               Figure 3.2: Research study methodology 

3.2.1 Interned of Things-based Architecture Design and System Setup 

 During this research, a single-stage low-cost polyethylene tube digester of 4000 liters was 

experimented with, and cow manure and home wastes were considered as input materials. The 

research was conducted in the Eastern province of Rwanda specifically in the Rwamagana district. 

The reason for choosing the indicated area is that it is recognized as a hub for agriculture and 

animal husbandry [161] Therefore, it is a promising supply of biogas from crop residues and 

animal manure.  Furthermore, the selected district experiences a high average temperature, which 

is a crucial factor in biogas production [162].  

This research employs IoT techniques to create a smart digester control system. The proposed 

IoT-based architecture comprises of ground-based nodes mounted on a digester to periodically 

collect related environmental data.  It integrates a microcontroller, sensor elements, and actuators, 

and sends notifications via a web platform to relevant stakeholders. Furthermore, the data is stored 

in a Mongo database, which is later used to display events on a dashboard, for future decision-

making. The process diagram of the proposed architecture follows in Figure 3.3. 
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                             Figure 3.3: The process diagram of the proposed architecture 

The system development consists of six components, as outlined in the IoT architecture structure 

illustrated in Figure 3.3. These components include the application layer, management layer, 

services, communication, security, and device layer. Table 3.1 presents a detailed role of three 

layers during the system implementation. 

Table 3.1: Description of the proposed architecture 

Component  Description Criteria Justification 

Edger layer  - Comprises sensors, 

actuators, and 

microcontrollers. 

- Perform local data 

analysis for 

controlling actuators. 

- Ensure data security 

through 

authentication 

- Real-Time Data 

Processing 

- Data Security 

- Compatibility 

- Real-time data 

processing: Performs 

local data analysis and 

controls actuators to 

optimize biogas yield 

immediately. 

- Data security: Ensures 

data integrity and security 

through authentication 

methods. 

- Compatibility: Must be 

compatible with various 
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sensors and actuators for 

accurate measurements 

and control. 

Network layer - Comprises Wi-Fi 

module. 

- Perform data routing 

and transmission 

- Data Routing 

and 

Transmission. 

- Range and 

Reliability. 

- Bandwidth 

- Data Routing and 

Transmission: Efficiently 

route data from the edge 

layer to the cloud. 

- Range and Reliability: 

Wi-Fi should provide 

reliable connectivity over 

the required range. 

- Bandwidth: Sufficient 

bandwidth to handle data 

transmission needs 

without delays. 

Cloud layer - Allow permanent 

data storage, Allow 

public data access  

- High data 

performance analysis 

- Data Storage 

Capacity. 

- Performance 

Analysis. 

- Access Control 

- Data Storage Capacity: 

Provides ample space for 

storing large amounts of 

historical data. 

- Performance Analysis: 

Enables high-

performance data analysis 

and visualization. 

- Access Control: Allows 

controlled public access to 

data while protecting 

sensitive information. 

  

The detailed system design and configuration of the edge and cloud node are discussed in the next 

subsections.   
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3.2.1.1 IoT Kit Design  

The designed sensor kit comprises various sensors to acquire data such as moisture content, 

pH level, pressure, and temperature respectively.  Sensing devices are connected to a customized 

Raspberry Pi 3 B+ microcontroller, with a built-in Wi-Fi module, used as an IoT gateway. The 

acquired data from the sensors can easily be sent to the database. Each node is connected to a solar 

panel power supply. Table 3.2 describes all the devices required to design the kit. 

      Table 3.2: Components of designed sensor kit. 

Device Description   Basis for 

Selection 

Comparison with 

Alternatives 

DS18b20  Indoor Temperature, 

humidity  

Low power 

consumption; 

accuracy in 

temperature 

sensing 

Compared to 

alternatives like 

TMP36, DS18b20 

is more accurate 

and operates at 

lower power in 

active mode. 

OAT-M-24 Ambient Temperature Extremely low 

power; suitable for 

long-term 

monitoring 

Alternative 

sensors may 

consume more 

power and may not 

offer the same low 

transition period. 

700KPGPN Gas pressure Moderate power 

use; good 

sensitivity for 

Compared to 

BMP180, it offers 

better power 

efficiency 

DIY pH pH Low-cost; 

sufficient accuracy 

for pH monitoring 

in biogas systems 

commercial pH 

sensors, it is cost-

effective but may 

require more 
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frequent 

calibration. 

Capacitive  

Moisture 

Moisture Low power 

consumption; 

durable in soil 

environments 

Compared to 

resistive sensors, it 

is more durable 

and has better 

power efficiency 

Raspberry Pi .3 Microcontroller Balance between 

performance and 

power 

consumption; 

broad community 

support 

Compared to RPi 

4, it consumes less 

power. 

 

Figure 3.4 presents the IoT kit design setup, developed to connect, and control the IoT sensing 

devices, and Figure 3.5 illustrates the real sensor node kit development in the test bed stage. 

 

                              Figure 3.4: IoT Kit Design 
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                             Figure 3.5: Detailed mounted sensor node with related components 

 3.2.1.2 The Actuator's Design 

The designed IoT system is intended to provide an activation mechanism. A set of activation 

tools are developed to provide a stable environment. Figure 3.6 presents the programmed actuation 

logic of the system. It presents a set of actuator devices such as sprinklers, thermostatics, and 

thermal electric actuators proposed. 
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                        Figure 3.6: Actuation control logic 

In the programmed logic, the environmental parameter threshold is defined, when the acquired 

data from the environment are out of the threshold, the microcontroller sends a notification signal 

to a specific actuator to take the necessary action. Table 3.3 presents a detailed description of the 

actuators explored in this study. 

Table 3.3: The actuators Implemented in Smart biodigester. 

Components  Description 

Sprinkler Discharge water when the effect of low moisture is detected. 

A thermostatic Provide heating in the environment when the temperature is below the 

threshold.  

Thermal electric Provide cooling in the environment when the temperature is above the 

threshold. 

 

 



46 

 

3.2.2 Deployment Architecture of the Designed Wireless Sensor Nodes 

Figure 3.7 illustrates the deployment design architecture of the proposed biogas digester 

monitoring system. The system components are shown including Edge, Gateway, and Cloud 

components.  

 

        Figure 3.7: Deployment design of IoT-based digester  monitoring system 

In the system, the sensors will collect environmental data within a digester. This is recorded in 

a persistent database (MongoDB) and data is displayed in the dashboard. The system is intended 

to notify the biogas operators when there are anomalies.   

 

MQTT Protocol  

The MQTT is a communication protocol adapted at the application layer. It acts as a client-

server publish/subscribe messaging protocol designed for machine-to-machine communication in 

a low bandwidth environment [163]. It has been adopted in many IoT-based applications such as 

manufacturing process management and healthcare [164, 165], energy generation and trading 

[166], and agriculture environment monitoring [167]. Developing an IoT system involves IoT data 

transmission with IoT communication protocols. MQTT presents a remarkable contribution to IoT 

applications due to low power consumption, small bandwidth, and less memory, commonly needed 
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in IoT systems [168].  The sensor node publishes data to the Mongo database. The data is sent to 

the MQTT broker followed by the MQTT client subscriber as shown in Figure 3.8. 

 

 

                 Figure 3.8: MQTT communication pathway 

 

Data Storage  

The sensor data is pushed to the MongoDB database hosted on the cloud server. MongoDB is 

an open source used to store semi-structured data (NoSQL). It is a database that saves and retrieves 

documents in either JavaScript Object Notification (JSON) or extensive Markup Language 

(XML). Mongo is recommended to be adapted to big data management due to its characteristics 

[169]. In this research, MongoDB was chosen due to its capability to store and process data in real-

time. The application with MongoDB has key characteristics such as scalability and high 

processing speed [170] supporting our objectives. 

 

Cloud Web Platform 

The web application component is a major part of the developed IoT system. It enables 

intended users to view and understand the status of the biogas station in real-time. ReactJS 

Programming language was adapted to develop the front end, while the back-end web services are 

developed using the Laravel PHP framework. The web application is deployed on the cloud server. 

Table 3.4 presents summarized functionalities of the application. 
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Table 3.4: Web application capabilities 

                                                                                  

3.2.3 Data Acquisition                

As discussed in previous sections, a novel contribution of this research is the development and 

integration of an IoT-based architecture that automates environmental data collection and data 

analysis. Data acquisition is a fundamental and essential task when conducting data analysis. The 

IoT kit was placed for 3 months to collect data in 60 minutes. Figure 3.9 presents the sensor data 

observations acquired on the on-cloud Mongo database and visualized on the web dashboard. The 

dashboard presents the last sensor records in widget form such as temperatures, moisture, pH, and 

biogas variation for a specified period. The developed web application intends to facilitate the 

biogas operators in decision-making processes. 

 

Non-function Functional 

Scalable design enables fast response Dashboard for data visualization  

Security via user authentication Instant Notification 

Responsiveness across multiple devices Data  Analytics 
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Figure 3.9: Captured data sample appearing on the web user interface. 

 

During the data collection period, a dataset of 3000 records is acquired on the Mongo database, 

each record has 6 variables. Table 3.5 presents, the sample of the first five rows displayed using 

the head() method of Pandas library among 3000 records of the dataset.  The description of 

variables within the dataset is the following: (1) moisture content of substances (moisture), 

presents the moisture content level of substances within a biogas digester presented in percentage 

(%). (2) the outdoor temperature (Temp_out), presents the outdoor temperature of the digester in 

degrees Celsius (°C). (3) The temperature of substances within the digester (Temp_in) presents the 

indoor temperature of Celsius. (4) The pH level of the substances (pH), represents the acidity level 

of the substances which ranges from 0-14. (5) gas generated (gaz_change), which presents the gas 

yield from the biogas generation process in a decimeter cube (dm3) and (6) acquisition time 

(time_occur) presenting the timestamp when the data is captured.  
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                       Table 3.5: Dataset Sample 

Moisture  Temp_out Temp_in pH Gaz value Time-occur 

85.24 20.32 36.90 6.86 0.08 3/1/2023 0:01 

85.95 19.59 36.60 7.62 0.07 3/1/2023 0:16 

86.04 20.96 37.77 6.27 0.08 3/1/2023 0:31 

83.31 19.67 35.00 7.31 0.06 3/1/2023 0:46 

85.18 20.33 36.50 6.24 0.08 3/1/2023 1:01 

3.2.4  Data Pre-Processing   

The data acquired from the experiment are extracted in CSV file format to be used in the ML 

model as input data. Data preprocessing was performed using the Anaconda Python programming 

environment. Before preprocessing a set of Python libraries such as Matplotlib, Pandas, Scikit-

learn library, and NumPy are imported for data preprocessing. The dataset is imported using the 

read_csv () function of the panda’s library.  The CSV file contains certain extra columns and rows 

with missing values and high peak values which are impractical. The rows with missing and high 

peak values are replaced with mean values of entire available values via the Imputer class 

of sklearn preprocessing library. In addition, timestamp values are converted from the 12h system 

to 24h using the strftime() function from the datetime library to easily employ time in our model. 

Table 3.6 shows the sample of the dataset after pre-processing. 

 Table 3.6: Dataset after Preprocessing 

Moisture  Temp_out Temp_in pH Gaz value Date Time (12) Time (24H) Day_hour 

85.24 20.32 36.90 6.86 0.08 3/1/2023 12:01 AM 0:01 12.0 

85.95 19.59 36.60 7.62 0.07 3/1/2023 12:16 AM 0:16 12.2 

86.04 20.96 37.77 6.27 0.08 3/1/2023 12:31 AM 0:31 12.3 

83.31 19.67 35.00 7.31 0.06 3/1/2023 12:46 AM 0:46 12.5 

85.18 20.33 36.50 6.24 0.08 3/1/2023 1:01 AM 1:01 1.0 

3.2.5 Data Analysis  

A major objective of the IoT-based architecture is to improve the quality monitoring of 

environmental parameters in biogas generation context using sensors, and data analytics tools. In 

this regard, the multiple linear regression model was adopted to assess the fitness of environmental 
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parameters, subsequently, the Pearson correlation analysis was utilized to examine the relationship 

between environmental parameters and biogas production. 

A multiple linear regression model is a supervised ML model that employs two or more 

independent variables to forecast the outcome of a dependent variable [171]. This research adapted 

Equation (3.1) to validate the contribution of digester environmental parameters in biogas 

generation. The ordinary least squares (OLS) regression analysis technique is employed to find the 

best fitting. In essence, the OLS entails leveraging the parameter estimation from linear regression 

and considering the sum of squared discrepancies between the real sample value and the OLS 

estimation as the main point of reference for parameter estimation [172].  In the context, y 

represents the dependent variable, and βs are the regression coefficients. And a set of Xs presenting 

the independent variable [173]. 

                                                          𝑌 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + ⋯ + 𝛽𝑛𝑋𝑛 + 𝜀                       (3.1) 

Multiple linear regression model can be evaluated by several metrics including RMSE, MAE, 

and R2. This study explores R2 to validate the model since it is very informative compared to others  

Pearson correlation coefficient indicated in Equation (3.2), is a measure of linear correlation 

that can analyze the relationship between two or more variables [174]. In this context, it is adopted 

to express the degree of linear correlation between environmental parameters and biogas 

production.   

                                                                             𝒓𝒙𝒚 =
∑(𝒙−𝒙̅)(𝒚−𝒚̅)

𝐍∙𝑺𝒙𝑺𝒚
                                        (3.2) 

The formula given defines the correlation coefficient for the two variables. In the formula, N 

represents the total number of data samples, while x and y represent the mean values of the two 

sets of variable data. Sx and Sy represent the standard deviations of the respective variable data 

samples.  

3.3  Result  

3.3.1  Model Validation Results   

The validation of the models was assessed using R2 metrics. the model was constructed by 

taking indoor temperature, ambient temperature value, and moisture content as independent 

variables and biogas production value as the dependent variable.  Table 3.7 presents the OLS model 

result, R2 indicates that 73.4% of the variability in biogas production is explained by the 
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environment parameters explored in the regression model. This implies that the model has a 

relatively good fit and can effectively predict the biogas production process.      

 

Table 3.7: OLS multiple regression model results 

 

 

3.3.2 Correlation Analysis 

The relationship between biogas production (y-variable) and environmental parameters (x-

variables) was calculated by Pearson correlation coefficient r. The relationship between 

environmental variables and biogas yields has been constructed using the Seaborn heatmap Python 

data visualization library, which revealed the correlation between temperature, moisture, pH, and 

biogas yield.  

 Figure 3.10 presents the inter-variables correlation matrix, constructed. The value of r falls 

within the range of -1 to +1. When r>0  indicates a positive correlation between the two variables. 

It means that as one variable increases, the other variable increases as well. Conversely, when r<0 

indicates a negative correlation, where if one variable increases, the other variable tends to 

decrease, and the larger the absolute value of r, the stronger the correlation. It is important to note 

that correlation does not imply causation. When r=0 indicates no linear correlation between the 

two variables. 

 

Dep. Variable Gaz-value                                  R2 0.734   

Model                            OLS Adj. R2:                   0.734   

Method                    Least 

Squares                               

F-statistic:                      2066   

 Coef std err           T P>|t|              [0.025  0.975] 

Const -0.3942      0.000      42.463             0.040            -0.376 

Ph 0.6021       0.000         19.186                0.021            0.002 

Temp_in            0.843      0.000        25.460               0.012           0.005 

Temp_out          0.526       0.000       17.903                0.032            0.003 

Moisture 0.0129       0.000      20.974                 0.040            0.003 
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                   Figure 3.10: Inter-correlation matrix  

 

The Pearson correlation result shows that indoor temperature and pH have a strong correlation 

of 0.77, and -0.6, while outdoor temperature and moisture present a moderate correlation of 0.46 

and 0.3 respectively. As presented in Figure 3.10, throughout the experiment, the matplotlib python 

library is imported to create graphs representing the correlation between variables. According to 

its constraints, the premise of the correlation analysis is that the distribution of environmental 

parameters conforms to a normal distribution. Figure 3.11 provides information regarding our 

findings.  
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                   Figure 3.11:   Relationship between biogas yield and environmental parameters. 

In Figure 3.11(a) a correlation between the biogas yield and indoor temperature indicates an 

indoor temperature range between 37–39 °C, inducing the maximum production of about 0.10dm3. 

In Figure 3.11(b), the correlation between the biogas yield and outdoor temperature shows the 

maximum outdoor temperature of (23–24) °C, resulting in the maximum biogas generation of 

about 0.10dm3. In Figure 3.11 (c), the correlation between the biogas yield and pH shows a 

maximum biogas production of 0.10dm3 for a pH range (6-9). Figure 3.11 (d), a correlation 

between biogas yield and moisture indicates a moisture range of 85-86, presenting the maximum 

biogas production. The results indicate that the environmental parameters have a high impact on 

biogas production. Moreover, the temperature increased both outdoors and inside during the 

daytime while it decreased at night. Thus, it can be concluded that the daytime period also has a 

significant impact on biogas prediction. 
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3.4  Discussion and Conclusion 

This research aims to improve Rwanda's biogas industry by developing an IoT-based 

architecture for collecting and managing data on biogas functionality. The prototype, tested in a 

home environment, involves sensor nodes equipped with multiple sensors to capture 

environmental parameters like temperature, pH, and moisture. Each node is uniquely identified 

and linked to specific biogas owners, allowing real-time monitoring and mapping of biogas setups 

across Rwanda. The data from these sensors are transmitted to a central database using the MQTT 

protocol, ensuring real-time, low-bandwidth communication. The system is managed through a 

secure web interface developed using the Laravel PHP framework, and the setup was tested in a 

production environment over 3 months. 

The collected data were analyzed using statistical methods and supervised ML models to 

evaluate the impact of environmental factors on biogas production. Multiple linear regression 

analysis yielded an R2 value of 0.734, indicating a strong predictive capability for biogas 

production. Pearson correlation analysis further revealed that indoor temperature and pH had 

strong correlations with biogas output, with coefficients of 0.78 and -0.6, respectively, while 

outdoor temperature showed a moderate correlation of 0.46. These findings suggest that the 

developed IoT-based architecture when integrated with the ML model can effectively predict 

biogas production and offer valuable insights for optimizing biogas systems in Rwanda. 

  The impact of IoT-based monitoring extends beyond the immediate benefits of improved 

production. However, IoT systems can play a vital role in ensuring the quality and accessibility of 

biogas, a crucial fuel source for many.  While developing the abovementioned architecture, the 

following was found as a limitation: a lack of benchmarks for sensor calibrations, and there is a 

need for industrial sensors for precise accuracy.   
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Chapter 4 

Analysis of Energy Harvesting for Self-Powered Internet of Things 

Edge Node Devices Applied in  Biogas Generation Context 

The IoT ecosystem has become a key enabling for the development of intelligent systems. 

Various IoT hardware components such as sensors, microprocessors, and communication devices 

require power to operate, and they are often deployed in an electrical power-constrained 

environment. Therefore, investing in energy harvesting as an alternative power source can 

improve the efficiency and lifetime of IoT applications. This section presents the designed IoT 

sensor node to monitor the biogas production environment and investigates the energy harvesting 

techniques suitable to power the WSN. The appropriate power harvesting sub-system capacity was 

analyzed. The result shows that the proposed IoT-based architecture can be powered by solar 

panel PV of 15W, 12V, 1.25A, directly connected to the output of maximum power point tracking 

(MPPT) type charge controller of 12V, 2A, the rechargeable battery of 12V, 12Ah. Furthermore, 

in this research, a mathematical model for predicting a solar panel size for a given global solar 

radiation is developed. The model result shows that the proposed sensor node can be powered by 

a solar panel size varied from 17.8 cm2 to 21.7 cm2, for a given GHI available in the deployment 

environment. The model was validated for different values, and it is generic to be adopted 

anywhere. Decision-makers can adopt the result of this work to achieve precision energy. 

4.1 Introduction 

Recently, IoT technology has changed our daily living practices in various fields such as 

agriculture, manufacturing, smart cities, and energy management [175-179]. Regarding energy 

management, biogas is one of the most promising renewable energy sources affordable by local 

communities in developing countries. The benefits of adopting IoT in biogas generation are to 

improve productivity, and quality of biogas yield, through regular environmental parameters 

monitoring. The designed IoT system comprises a WSN with various sensors to monitor the 

environment such as temperature, humidity, pH various gases, and moisture levels, and a set of 

actuators to take necessary action in case a given threshold is surpassed [180]. Biogas energy is 

one of the alternative sources of energy available in electricity-constrained environments. 
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Considering this, the WSN is powered by rechargeable batteries, and the lifetime of the WSN is 

based on the powered battery capacity. Therefore, to maximize WSN utilization, there is a need to 

apply the appropriate energy harvesting technology.  

Energy harvesting is the technique of turning ambient energy into electrical energy, and it is 

classified based on the source that is being harvested, they are grouped into five categories namely: 

mechanical, ambient, organic human, and hybrid [181-183].  

The researchers adapted different renewable energies such as solar, wind, and hybrid as the 

primary source of supplying power for the remote network nodes [184,185]. In this research, solar 

energy is adopted due to its remarkable optimum power density providing adequate energy for 

powering systems [186]. Solar energy is harvested through three processes such as photosynthesis, 

photovoltaic converter, and helio-thermal, the photovoltaic source is our focus, the PhotoVoltaic 

(PV) effect, occurs when two different materials transform sun rays into direct current (DC) power 

when exposed to light [187]. Solar cells, often known as photovoltaic cells, are solid-state electrical 

junction device that uses sunlight to generate electricity [188].  

To analyze an appropriate power harvesting method, various parameters such as energy source 

characteristics, storage device type, power management unit, sensor node operational mode, 

communication protocols, and sensor node specification must be considered [189]. The power 

harvesting prior research work focuses on analyzing power harvesting circuit design and energy 

harvesting computation [190-193]. Also, the state of the arts focuses on the analysis of power 

harvesting solutions that are generic for all IoT devices. However, the embedded systems behave 

differently, there is a need for a power harvesting solution focused on the power requirement of 

individual systems.  

  The contribution of this thesis is to analyze the energy harvesting system and develop a solar 

panel size prediction model for a designed sensor node. The proposed model suggests a solar 

energy PV size, of an optimum 17.8 cm2 for a given solar irradiation available in the deployment 

environment. In addition, this research analyzed the specification of the energy harvesting sub-

system based on the electrical parameters. The results propose that WSN can be powered by solar 

panel PV of 15W, 12V, 1.25A, and it is directly connected to the output of MPPT type charge 

controller of 12V, 2A, the rechargeable battery of 12V, 12Ah. The proposed solar energy 

harvesting capability makes it suited for wireless sensor nodes which require daily energy 

consumption of 9.8Wh.  
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4.2  Related Works  

The proliferation of IoT devices has led to increasing demand for efficient and reliable power 

sources to support their continuous operation [187]. With the IoT network growth, traditional 

battery-powered solutions may not be viable due to the challenges of battery replacement.  

The selection of an appropriate energy harvesting method depends on the specific deployment 

scenario and the energy requirements of the IoT devices. The piezoelectric harvesters could be 

advantageous in environments with significant mechanical motion, and piezoelectric materials are 

used for converting mechanical vibrations into usable energy [188]. Hybrid approaches combining 

multiple energy harvesting techniques have been explored to improve the reliability and resilience 

of the power supply [189]. Furthermore, Solar energy is well-suited for outdoor applications with 

sunlight. Solar energy harvesting uses photovoltaic cells to convert sunlight into electrical current. 

In this research, solar energy harvesting has been identified as the best to power outdoor 

applications biogas system. 

Solar energy harvesting involving the conversion of solar radiation into electrical energy, has 

been proposed as a viable approach to address the energy constraints faced by IoT devices [191], 

particularly in regions with high solar irradiation. This technique allows IoT devices to be self-

powered, reducing the need for frequent battery replacement. Several studies have explored the 

application of solar energy harvesting in IoT devices. For example in [192] an energy harvesting 

system specification was made focusing on its circuit design simulation. Similarly in [193], a 

hybrid sustainable energy system is designed, using solar photovoltaic and wind turbines. the 

proposed system uses a single-ended primary-inductance converter to boost the electrical energy 

generated to attain the required voltage level when charging the battery.  

Solar energy harvesting current studies propose generic solutions that have made a significant 

impact on supporting IoT applications. However, each embedded system has unique power 

requirements that need to be considered. Furthermore, there is a need for a generic model that can 

predict the solar energy required for a device in any deployment location. 

This research contributes by analyzing the solar energy system capacity needed to power the 

designed sensor node and developing a mathematical model for predicting the solar energy 

requirement given solar irradiation as the dependent variable. 

4.3 Methodology of Power Harvesting System Design  
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This section presents the methodology for investigating the appropriate solar energy to power 

the designed wireless sensor node. In this research solar energy harvesting depends on the sensor 

nodes' energy budget, and solar irradiation is found in the deployment geographical location. The 

sensor node power harvesting capacity was computed referring to electrical parameters, and a 

mathematical model for predicting the solar PV size was derived from derivatives function that 

converge at a point theorem. 

4.3.1 Power Harvesting System for the Wireless Sensor Node Block Diagram 

 Figure 4.1 presents the block diagram comprising an IoT-based system for monitoring the 

biogas digester status and the corresponding energy harvesting system. A sensor node unit is 

mounted with various sensors to measure moisture content, pH level, pressure, humidity, and 

temperature respectively.  Sensing devices are connected to a customized Raspberry Pi 3 B+ 

microcontroller with a built-in Wi-Fi module. The reasons for component selection are detailed in 

Table 3.2 

The sensor data are pushed to the MongoDB database hosted on the cloud server via the MQTT 

communication protocol. The designed wireless sensor node is intended to communicate the data 

to the biogas operator via a remote web application.  
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               Figure 4.1: Power harvesting for the designed wireless sensor node block diagram. 

To ensure the sustainability of a sensor node, in this research, solar energy is found the most 

convenient to power the designed Sensor, given that it is intended to operate as an outdoor 

application. The proposed solar energy harvesting system comprised of a collection of sun rays, 

solar panels that are used to convert light energy into electrical energy, and the charge controller’s 

main function is to extract power from the panel, store it in the battery pack, and supply energy to 

the wireless sensor node/network. The charged battery is then used to power the sensor node 

through the charge controller as well, to avoid over-discharge of the battery pack. 

4.3.2 Analysis of Solar Energy Harvesting 

The solar energy harvesting analysis depends on the sensor nodes' energy budget, and solar 

irradiation found in the deployment geographical location. Initially, an analysis of sensor node 

energy consumption was made referring to the datasheet of each component. Furthermore, the 

polynomial-based mathematical model was developed for predicting the solar PV size. Finally, the 
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power harvesting subsystem (solar panel, battery bank, charger controller) specification was 

computed based on electrical parameters. 

4.3.2.1 Wireless Sensor Network Energy Consumption 

 In this research, a solar energy harvesting system for an IoT system depends on the sensor 

node energy consumption of each electrical load in the circuit. Table 4.1 illustrates, the energy 

consumption of each component in three different states namely: sleep, active, and transition mode 

according to the datasheet of each component. 

 Table 4.1: Energy consumption of each node component in three states. 

Device Sleep 

Current 

(mA) 

Active: 

Wake-Up 

Current 

(mA) 

Active: 

Processi

ng 

Current 

(mA) 

Transition 

Period (ms) 

Energy usage in the 

transition period 

(mWh) 

DS18b20 0.75 1.5 2 10 0.000021 

OAT-M-24 0.1 0.2 0.3 5 0.000001 

700KPGPN 0.5 1 1.5 8 0.000011 

DIY pH Sensor 0.2 0.4 0.6 7 0.000004 

Moisture 

Capacitive Sensor 

0.3 0.6 0.9 12 0.000010 

Raspberry Pi 3 80 200 700 50 0.013889 

Energy usage in the transition period (mWh) 0.013936 

 

At this point, further calculations are based on sensor node data sending rating represented by 

circle/16ms. The data processing and communicating are 85ms, assuming that the sensor node 

control board will be powered by 5V. Therefore, during 24hrs data will be processed in 7.6 

seconds. Therefore, knowing the sensor node processing time, and the power consumption as 

computed in Equation (4.1), the active energy of 7.45mWh was calculated from Equation (4.2). 

                                           𝐴𝑃𝑜𝑤𝑒𝑟 = 𝑅𝑎𝑡𝑒𝑑 𝑣𝑜𝑙𝑡 ∗  𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑐𝑜𝑛𝑠𝑢𝑚𝑒𝑑                      (4.1) 

                                             𝐴𝐸𝑛𝑒𝑟𝑔𝑦 = 𝐴𝑃𝑜𝑤𝑒𝑟(𝑚𝑊) ∗ 𝐴𝑇𝑖𝑚𝑒(ℎ)                             (4.2) 

Where: AEnergy, APower, ATime is energy, power, and time spent in active mode. 

Additionally, to ensure energy optimization, the sleeping model must be longer than other models. 

The daily node sleeping time of 23.87hrs was derived from to sensor node active time, thus the 

Energy consumption in sleeping mode was computed from Equation (4.3). 
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                                                𝑆𝐸𝑛𝑒𝑟𝑔 = 𝑆𝑃𝑜𝑤𝑒𝑟(𝑚𝑊) ∗ 𝑆𝑇𝑖𝑚𝑒(ℎ)                                   (4.3) 

Where: SEnergy, SPower, STime is energy, power, and time spent in sleep mode.  Finally, the 

overall sensor node energy of 9.8Wh results, from summations of transition, sleeping, and active 

energy as seen in Equation (4.4). 

        𝑇𝑒𝑛𝑒𝑟𝑔𝑦 = 𝑇𝑒𝑛𝑒𝑟𝑔𝑦 + 𝑆𝐸𝑛𝑒𝑟𝑔𝑦 + 𝐴𝐸𝑛𝑒𝑟𝑔𝑦                         (4.4) 

    Where Tenergy is the total energy consumed by the sensor node.  

4.3.2.2 Battery Size 

Referring to the daily sensor node's energy consumption, an optimum battery capacity required 

for a certain number `n` of days was obtained by Equation (4.5): 

 

                                                    𝐵𝑛 = (𝐷𝐶 ∗ 𝑛𝐴𝐶𝐹 )/𝐷𝑜𝐷                                                  (4.5) 

Where: DC, ACF, and DoD are daily consumption, annual correction factor, and depth of 

discharge respectively. An annual correction factor is a multiplier used to account for the 

expected decrease in a battery's capacity over time due to aging and environmental factors as the 

batteries degrade over a year, an annual correction factor is required to ensure that your system 

has enough battery capacity to meet the needs. For example, lead-acid batteries, have a higher 

annual correction factor (around 1.2 to 1.3) than Lithium-ion batteries (around 1.1 to 1.15) The 

DoD is the amount of battery energy you can use from the battery lead-acid, and Lithium-ion 

batteries have a range of 50%-65%, and 80%-90% respectively [194].   Assume, a battery that can 

supply the sensor node for 3 days, and the sensor node control board will use 5Vdc for the applied 

Lithium-ion battery. 

4.3.2.3 Charge Controller (CC) 

A charge controller panels the voltage and current that the solar panel sends to the battery to 

prevent battery overcharging [195]. In this research context, to analyze the charger controller 

capacity, three important parameters such as solar array generated energy, power of the battery 

bank, and correction factor are taken into consideration as given in Equation (4.6). The correction 

factor of 1.2 to 1.3 value is commonly adapted to account for various losses and fluctuations, 

however, it can be adjusted based on factors like temperature, and cable length between CC and 

solar panel [196]. 
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                                                        CC = (solar  energy/power battery) ∗ 𝐶𝐹                   (4.6) 

In this context, the correction factor of 1.3 is considered, and with sensor node energy 

consumption, a 15W solar panel is safe enough to power the sensor node and the storage battery 

simultaneously. 

    4.3.2.4 Expected Solar Panel Size 

The expected solar panel size expressed in the solar panel area was computed by exploring 

simultaneous Equations (4.7) and (4.8) to get the polynomial equation that satisfies the behaviors 

of the derivative that converges at the point theorem. “According to the behavior of derivatives 

that converge at a point, the value of that converging point is the amount that can be added to or 

subtracted from the gradient at the present input point to get the gradient at the next adjacent input 

point, but the difference of that two adjacent input points must be equal to 1” [197]. Additionally, 

daily energy consumption and GHI are given as inputs. Table 4.2 presents sample data used to 

develop the model. 

Table 4.2: Explored input sample data. 

GHI (kWh/m2) Sensor node energy consumption((kWh) Expected Solar panel size 

(cm2) 

5.5kWh/m2 9.8*10-3 kWh 17.8182cm2 

4.5kWh/m2 9.8*10-3 kWh 21.778cm2 

3.5kWh/m2 9.8*10-3 kWh 28cm2 

 

With sample data presented in Table 4.2, we can apply Equations (4.7) and (4.8) to solve the 

derivative converging point noted as “a” and the first integration constant noted as C1. 

 

                                                            𝑦 = 𝑎𝑥𝛥𝑥 + 𝑦(𝑥)                                                  (4.7) 

                                        2𝑦 = 2𝑎𝑥𝛥𝑥 − 𝑎(2𝑥 + 1) − 2𝐶1 + 2𝑦(𝑥 + 1)                (4.8) 

 

Where 𝑦 stands for solar panel area, 𝑥 stands for GHI obtained in Rwamagana,  𝛥𝑥 is an 

infinitesimal change in 𝑥, 𝑦(𝑥) is 𝑦 as a function of 𝑥, this means that it’s the value of the function 

𝑦 at a specific value of 𝑥, and 𝑦(𝑥 + 1) is the value of the function 𝑦 at a specific value of X+1  

Starting from 𝑥 = 3.5𝑘𝑊ℎ and 𝑦 = 28 𝑐𝑚2,  (4.7) equals: 

𝑦 = 3.5𝑎𝛥𝑥 + 28    (a) 
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Substituting (a) in (4.8), 

2(3.5𝑎𝛥𝑥 + 28) = 2(3.5𝑎𝛥𝑥) − 𝑎(2𝑥 + 1) − 2𝐶1 + 2(21.7778) 

7𝑎𝛥𝑥 + 56 =  7𝑎𝛥𝑥 −  8𝑎 − 2𝐶1 + 43.5556 

12.4444 =  −8𝑎 − 2𝐶1   (b) 

Again considering 𝑥 = 4.5𝑘𝑊ℎ 𝑎𝑛𝑑 𝑦 = 21.7778 𝑐𝑚2,  (4.7) equals: 

𝑦 = 4.5𝑎𝛥𝑥 + 21.7778  (c) 

Substituting (c) in (4.8), 

2(4.5𝑎𝛥𝑥 + 21.7778) =  2(4.5𝑎𝛥𝑥) −  10𝑎 − 2𝐶1 + 2(17.8182) 

7.9192 = −10𝑎 − 2𝐶1  (d) 

Solving s (b) and (d) for “a” and “C1” simultaneously using the elimination method we get, 

𝑎 = 2.2626 𝑎𝑛𝑑 𝐶1 = −15.2726 

As stated, before in this reseach, if `𝑎` is the final converging point of derivative for the actual 

equation we are looking for and 𝐶1 is the constant of the first integration of that constant, we get: 

                                             ∫ 𝑎 𝑑𝑥 =  𝑎𝑥 + 𝐶1 = 2.2626𝑥 − 15.2726                         (4.9) 

Therefore, daily energy consumption, GHI, and solar panel size relationship doesn’t exhibit 

linear characteristics, hence Equation (4.9) does not satisfy the expected equation that gives the 

solar size receiving GHI as input. According to the concept stated above, Equation (4.9) is a 

derivative of the equation we’re looking for. For that, we need to do a second integral. 

                             𝑦 = ∫ (2.2626𝑥 − 15.2726) 𝑑𝑥 = 1.1313𝑥2 − 15.2726𝑥 + 𝐶2         (4.10) 

Finally, There is no doubt that if we apply this explicitly stated limit of GHI found in 

Rwamagana `4.5 ≤ 𝑥 ≤ 5.5` and keep in mind that 𝑥 ≠ 0, then 𝑦 = 1.1313𝑥2 − 15.2726𝑥 + 𝐶2 

the equation can accurately provide the area of solar panel size (in 𝑐𝑚2) which can be used to 

power/supply our sensor node will have an energy consumption of 9.8 ∗ 10−3𝑘𝑊ℎ 𝑝𝑒𝑟 𝑑𝑎𝑦. 

Using the initial data, we used, we can get the value of C2 and prove that our equation is 

accurate, 

● If  𝑦 = 28, 𝑤ℎ𝑒𝑛 𝑥 = 3.5, 𝐶2 = ? 

𝐶2 = 28 − (1.1313 ∗ 3. 52) + (15.2726 ∗ 3.5) = 67.595675 

● If  𝑦 = 17.8182, 𝑤ℎ𝑒𝑛 𝑥 = 5.5, 𝐶2 = ? 

𝐶2 = 17.8182 − (1.1313 ∗ 5. 52) + (15.2726 ∗ 5.5) = 67.595675 
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Thus, the final equation is, 

                                       𝑦 =  1.1313𝑥2 − 15.2726𝑥 + 67.595675                                      (4.11) 

Finally, if we apply this explicitly stated limit of GHI found in the study area `4.5 ≤ 𝑥 ≤ 5.5` 

and keep in mind that 𝑥 ≠ 0, Equation (4.11) can accurately provide the area of solar panel size 

(in 𝑐𝑚2) which can be used to power/supply our sensor node. 

 

4.4 Result 

4.4.1 Analysis of Solar Harvesting System Specification  

To design an energy harvesting system for a given device requires key knowledge. It is very 

important to first know the energy consumption of that device. In this research, the WSN daily 

energy consumption was preliminary computed in Equations (4.2), (4.3), and (4.4). Table 4.3, 

presents the energy consumption of sensor nodes in three states, showing high energy usage in a 

sleeping state. To minimize power consumption, in this research we assume that the active mode 

is taking less time, and the overall sensor node energy consumption of 9.8Wh was achieved. 

Table 4.3: Daily energy consumption of a sensor node. 

State Power (mwatts) 

Sleep 9727.025  

Active  7.45267 

Transition  0.0139 

                       

Furthermore, we referred to the sensor node energy consumption to obtain the corresponding 

solar harvesting sub-system. The capacity of the solar panel, battery, and respective charger 

controller was computed in Equations (4.5), and (4.6) respectively. Table 4.4 presents, solar 

harvesting components specifications, suitable to power the sensor node. 
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Table 4.4: Solar power harvesting system component specifications. 

S/N Name Specifications 

1.  Solar panel (PV) 15W,12V, 1.25A 

2.  Charge Controller MPPT type Charge Controller. 12V, 2A, 

3.  Battery 12V, 12Ah 

 

4.4.2 Solar Panel Size Prediction Model Result 

The contribution of this research paper is to develop a mathematical model for predicting the 

solar panel size. The model presented in Equation (4.11) was derived from Equations (4.7), and 

(4.8). Y represents the dependent valuable “The expected panel size in cm2”, and X represents the 

dependent valuable “Global Horizontal Irradiation”. The model presented is a polynomial-based 

equation fitting the sample data explored in Table 4.2.  

 

          Figure 4.2: Correlation between GHI, solar panel size, and daily solar energy production. 

As shown in Figure 4.2, the model result shows that the sensor node can be powered by an 

optimum panel size of 17.8 cm2 for given an optimal GHI of 5.5 kWh/m2 available in the 

deployment environment. However, the provided data reveals a systematic reduction in solar panel 

size with increasing levels of GHI, suggesting an intriguing relationship between solar exposure 
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and panel dimensions. As GHI rises from 1 kWh/m2 to 6.5 kWh/m2, the corresponding solar panel 

size diminishes consistently. This inverse correlation hints at the potential for leveraging higher 

irradiance to achieve effective energy capture with smaller physical footprints. Despite 

fluctuations, solar energy production remains relatively stable from 2 kWh/m2 to 6.5 kWh/m2, 

suggesting a threshold effect in energy output. This highlights the importance of optimizing panel 

size relative to GHI to maximize energy yield while minimizing physical space requirements. The 

findings prompt consideration of the trade-offs between panel size, efficiency, and energy output, 

highlighting opportunities for the design and deployment of solar energy systems tailored to 

varying irradiance levels. 

4.5 Discussion and Conclusion  

The IoT platforms play a critical role in monitoring and optimizing the biogas production 

process. However, the sustainability of those platforms requires a consistent and reliable power 

supply. To address this need, this research has proposed a solar energy harvesting technique that 

can effectively power the designed IoT sensor nodes. 

In this context, solar energy harvesting leverages the principles of enhanced energy power 

capacity, as discussed in the literature, which incorporates sunlight as an appropriate energy source 

to power outdoor applications. The solar energy harvesting system specifications are derived from 

sensor node energy consumption. Furthermore, experimental analysis is conducted to develop a 

mathematical model predicting the solar panel size required to power the designed sensor node 

given global irradiation as a dependent variable. The model was validated for different values, and 

it can applied anywhere  

The research findings are crucial for managing the power budget by optimizing maximum 

power harvesting, which helps sustain IoT systems, reduce unnecessary expenses, and prevent 

power shortages. This outcome presents a promising solution for achieving sustainable and precise 

energy for the IoT ecosystem in Rwanda and Africa, particularly in remote and off-grid areas with 

abundant sunlight. To enhance solar energy prediction models, it is essential to consider factors 

like weather conditions and temperature, in addition to solar irradiation, as these can significantly 

affect solar energy production. 
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Chapter 5 

Maximizing Biogas Yield Using an Optimized Stacking Ensemble 

Machine Learning Approach 

Biogas is a renewable energy source that comes from biological waste. In the biogas 

generation process, various factors such as feedstock composition, digester volume, and 

environmental conditions play a vital role in ensuring promising production. Accurate prediction 

of the biogas yield is crucial for improving biogas operation and increasing energy yield. The 

purpose of this research is to propose a novel approach to improve accuracy in predicting the 

biogas yield using the stacking ensemble ML approach. This approach integrates two machine-

learning algorithms: LightGBM, CatBoost, and evolutionary strategy as an optimization 

algorithm to attain high performance and accuracy. During the training phase of the base 

learners, optimal hyperparameter values were identified using a random search optimization 

technique coupled with cross-validation. The ML and proposed triadic models were experimented 

on environmental data collected from biogas production facilities. The comparative analysis of 

the proposed model with others such as KNN, RF, and DT was performed. The study's findings 

demonstrated that the proposed model outperformed the existing models with a RMSE of 0.004, 

and an MAE of 0.0024 for accuracy metrics. In conclusion, an accurate predictive model 

cooperating with a fermentation control system can significantly increase biogas yield. The 

proposed approach stands as a pivotal step toward meeting escalating global energy demands. 

5.1 Introduction 

Biogas is indeed a renewable energy source that is produced through the decomposition of 

organic matter in an anaerobic environment [198]. It is primarily composed of CH4 and CO2, along 

with small amounts of other gases such as hydrogen sulfide H2S, and trace compounds [199] [200]. 

Biogas can be used as a versatile fuel for various purposes, including electricity generation, 

heating, and even as a transportation fuel. Biogas production is a complex process influenced by 

multiple interconnected factors including feedstock composition, environmental parameters, and 

organic loading rate [201]. Different feedstocks have varying levels of biodegradability and 

methane potential. The common feedstocks include animal manure, agricultural residues, food 
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waste, and wastewater sludge [202] [203]. Further, environmental parameters such as temperature, 

humidity, pH, and moisture level play a vital role during the biogas production process where the 

optimal temperature range is typically between 35°C and 55°C, Higher temperatures can accelerate 

the digestion process, but extreme temperatures can inhibit microbial activity [204], [205]. The pH 

level of the digester is crucial for maintaining optimal microbial activity. Most biogas production 

occurs in a slightly acidic to neutral pH range of 6.5 to 7.5 [206]. The length of time the organic 

matter remains in the digester, known as the retention time, affects biogas production. Longer 

retention times allow for more complete degradation of the feedstock and increased gas production 

The availability of essential nutrients, such as nitrogen and phosphorus, plays a role in microbial 

activity and biogas production where the carbon to nitrogen (C/N) ratio must be maintained in the 

optimum range for efficient biogas production [207]. 

With technology evolution, AI, and IoT technology, it is feasible to predict the biogas 

generation referring to the available influencing parameters dataset. Feedstock composition can 

vary significantly, even within the same category. This makes it difficult to establish a standardized 

prediction model that applies to all types of organic matter. However environmental parameters 

are a common factor that contribute to the overall biogas generation process. This research aims 

to investigate the contribution of environmental parameters in biogas prediction and propose a new 

prediction algorithm that guarantees high accuracy in estimating biogas output compared to the 

existing methods. Recent studies have highlighted the remarkable advancements made by AI and 

IoT techniques in enhancing renewable energy sectors [208], [209]. From a biogas perspective, 

research studies on AI in biogas prediction are explored to enhance the biogas generation process 

[210, 211]. For example, SVMs are presented as the most popular ML algorithm to predict the 

biogas output in several studies from wastewater treatment plants. The study findings showed that 

SVMs were able to achieve an accuracy of 95% [212]-[214]. Another researcher explored the 

contribution of artificial neural networks (ANNs) algorithm in biogas prediction, the research 

finding presents the highest accuracy of 92% [215]. Another paper investigated the application of 

the decision trees algorithm in biogas prediction by dividing the data into smaller groups until each 

group can be predicted with a high degree of accuracy, thus 89% of model accuracy was achieved. 

Further, the RF algorithm was explored by combining multiple decision trees to improve the 

accuracy of the prediction, however, 91% of the accuracy was presented [216]. 
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Prior research, performed predictions based on single ML models, demonstrating their district 

dominance. Although a single prediction model can enhance production accuracy by adjusting 

parameters and choosing forecasting variables in the prediction process, it also carries uncertainties 

related to its model structure and faces, challenges when adapting to various environments [217, 

218].  

In the ML context, the continuous evolution of algorithms and techniques has opened up new 

avenues for improving the accuracy and efficiency of predictive models. The hybrid learning 

technique is widely adopted to reduce bias and variance by blending less powerful models to form 

a robust model [219]. Recent research studies have indicated the integration of multiple models to 

construct an ensemble model can effectively leverage the strengths of these diverse models, 

ultimately enhancing the dependability and precision of biogas prediction [220, 221]. However, 

the adoption of the ensemble model for biogas prediction is leaving significant unexplored 

potential.  

This research proposes a novel stacking ensemble learning model for the prediction of biogas 

yield aims to optimize the robustness and accuracy. The stacking approach distinguishes itself 

from other assembling methods due to its hierarchical structure [222]. In stacking, predictions from 

multiple base models are combined and fed into a meta-model that learns to optimize the outcome. 

This approach allows the meta-model to leverage the strengths and address the weaknesses of each 

base model, potentially enhancing generalization and accuracy [223][224] In this research, the 

stacking process combines the LightGBM, and CatBoost ML models, and an evolutionary strategy 

algorithm was adopted to optimize the meta-model to attain high performance and accuracy.  

Integrating LightGBM and CatBoost for biogas yield prediction is justified by their 

complementary strengths in handling diverse data types and improving model accuracy.  

LightGBM is chosen for its efficiency and scalability with large and diverse data types, making it 

a suitable choice for large-scale biogas production data analysis [225]. while CatBoost is selected 

for its superior handling against overfitting [226]. In the biogas forecast context, which involves 

complex interactions between various factors, the integration of these algorithms can enhance 

prediction accuracy by combining LightGBM’s speed and CatBoost’s precision, leading to a more 

robust and accurate predictive model.  

To improve the performance of the integrated model (LightGBM and CatBoost), an 

optimization algorithm called evolutionary strategy is adopted to fine-tune the meta-model's 
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hyperparameters hence improving its performance. Evolutionary strategy is a class of optimization 

algorithms inspired by natural selection, capable of efficiently navigating complex, high-

dimensional search spaces to find optimal solutions [227]. Given the complex, nonlinear 

relationships inherent in biogas yield prediction parameters, where various numerical and 

categorical factors interact, evolutionary strategies can explore a wide range of potential model 

configurations [228],[229]. This approach helps discover the optimal settings that might be 

difficult to identify through traditional grid search or random search methods. Adopting 

evolutionary strategies features, the integrated model (LightGBM and CatBoost), can better 

capture the underlying patterns in the biogas experimental data, leading to improved 

generalization, robustness, and accuracy in predicting biogas yield. 

In the biogas production process, various operational parameters can be adopted for forecasting 

biogas yield. This study focuses on developing a biogas yield prediction model based on the 

environmental parameters dataset. The accuracy metrics such as MAE and RMSE were adopted 

to evaluate the performance improvement of the hybrid model compared to other models explored 

in the research.  

 

5.2 Materials and Methods 

This section describes the material and methodology used for the implementation of this study. 

Regarding material, data were collected through an IoT framework designed and deployed at a 

home digester in a previous study. The data was subjected to pre-processing procedures, involving 

the elimination of errors or outliers, imputation of missing values, and normalization to ensure 

consistent scaling across all features. The proposed model was developed by combining two based 

classifies models, including LightGBM, CatBoost, and evolutionary strategy optimization. Finally, 

the proposed model was compared to other machine-learning techniques. Figure 5.1 presents the 

proposed method for the implementation of the research. 
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                                           Figure 5.1: Proposed triadic ensemble model. 

5.2.1 Data Collection 

This research is part of other ongoing research works, in the previous study, an IoT-based 

architecture was developed to monitor and control the biogas digester status, and it is considered 

a data collection tool in this study.  The data were collected from a home digester, and up to 3000 

records were accumulated, encompassing operational parameters data, such as digester 

temperature (T), digester pH, moisture level, pH level, and gas volume. The description of the IoT 

platform and data collection process was explored in our previous study [230]. The temperature is 

important as it affects the production rate. The pH level is vital for determining the stability and 

corrosiveness of the biogas. Gas volume is a factor providing insights into its energy content. 

Moisture level measurement subtracts moisture levels and influences the movement of 

microorganisms. Table 5.1 presents variables considered in the proposed biogas prediction model. 
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Table 5.1: Explanatory variables in the biogas prediction model 

 

5.2.2 Machine Learning Models Experimentation 

In this research, we propose a triadic ensemble ML model that integrates three distinct 

algorithms: LightGBM, CatBoost, and evolutionary strategy. The model engages supervised ML 

regression models, where a set of input data is employed to predict the output data [231]. 

Subsequently, the proposed model is compared with existing regression models namely, Random 

Forest, KNN, and DL. The most effective model is recommended to predict biogas production. 

These predicted values can be utilized to optimize biogas plant operations or devise strategies for 

future biogas production endeavors. 

5.2.2.1 Classical Models 

Classical ML models are applied in various scenarios, depending on the characteristics of the 

problem and the data. In this research, The KNN, RF, and DT were chosen, due to their 

outperformance as the best model applied in prediction in the prior research. In this research, they 

will be adopted for comparative analysis with the proposed model. 

 The KNN Algorithm is an ML technique used for regression tasks. It relies on the idea 

that similar data points tend to have similar values [231]. Throughout the training 

process, the KNN algorithm stores the whole training dataset as a reference, to perform 

prediction, a calculation of the distance between the input data point and the trained data 

by referring to the euclidean distance [232]. 

 Random Forest is a powerful ML algorithm, that can handle both classification and 

regression problems. Figure 5.2 shows how a random forest combines the output of 

multiple decision trees to reach a single result. Its ease of use and flexibility have fueled 

its adoption, the random forest algorithm is a bagging method expansion that employs 

Variables Description Unit 

Moisture level Moisture level of substances % 

temp_out The ambient temperature of the digester oC 

temp_in Temperature inside the digester oC 

pH The quantitative scale of acidity and alkalinity of 
solutions of chemical compounds 

log10[a(H+) 

gaz_change Unit of volume of process gasses dm3 
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both bagging and feature randomness to produce an uncorrelated forest of decision trees 

[23]. 

 

                             Figure 5.2: The Random forest model. 

 Decision Trees are a popular supervised learning method that can work for both 

regression and classification problems. DT builds a model that predicts the value of a 

target variable by inferring basic decision rules from data features. It is a hierarchical 

decision support model that displays options and their probable outcomes, including 

chance occurrences, resource expenses, and utility [234]. 

 

5.2.2.2 Assembler Learning Models 

Ensemble learning is a method that combines multiple weak models to enhance predictive 

accuracy, rather than relying on a single robust model. These weak models are collectively 

integrated to produce the final prediction. The descriptions of the algorithms adopted in this study 

are provided as follows. 

Boosting 

Boosting involves modifying the target value to the extent that the previous model did not fit, 

at each stage, a weak learner is incorporated to address the limitations of the current ensemble of 
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weak learners [235].  Boosting seeks to enhance model accuracy through a sequential integration 

of weak learners. Regarding boosting models, improved algorithms were explored in this study 

such as LightGBM and CatBoost. 

 

 LightGBM: employs various techniques such as gradient-based one-side sampling and 

exclusive feature bundling. LightGBM reduces computation time, and it achieves this 

by implementing gradient-based one-side sampling, focusing on objects with 

significant gradients while excluding those with small gradients from sampling [236]. 

LightGBM model suggested at Microsoft [237], that this advanced supervised 

algorithm is built on the foundation of gradient-enhanced decision trees. It has found 

applications in various domains, including medicine, economy, and agriculture 

applications [238]. As indicated in Equation (5.1) LightGBM is a gradient-boosting 

framework that uses tree-based learning algorithms and relies on a loss function that 

measures the discrepancy between the predicted and actual values of the target variable 

[239][240]. 

                                    𝐿(𝛩) =  𝛴 𝑙(𝑦ᵢ, 𝐹(𝑥ᵢ)) +  𝛺(𝐹) +  𝛹(𝛩)                                            (5.1) 

 

Where L(Θ) is the loss function that depends on the model parameters Θ. The goal of 

ML is to find the optimal values of Θ that minimize the loss function. F(xᵢ) is the model 

output or prediction for the input xᵢ. F is a function that maps the input space to the 

output space and is determined by the model parameters Θ, and the sum of all training 

samples (xᵢ, yᵢ) is denoted by Σ. The loss function, l (yᵢ, F(xᵢ)), measures the difference 

between the predicted value F(xᵢ) and the true value yᵢ. The regularization term, Ω(F) 

is a function of the model output F, and it penalizes the complexity of the model. 

Additionally, there is an optional regularization term, Ψ(Θ) is a function of the model 

parameters Θ, and it penalizes the magnitude of the parameters. 

 

 CatBoost: is a gradient-boosting framework invented in 2017, with the ability to handle 

regression features effectively, it introduces methods like ordered target statistics and 

ordered boosting to enhance traditional boosting techniques [241]. CatBoost relies on 

a loss function that measures the discrepancy between the predicted values and the 



76 

 

actual values of the target variable CatBoost algorithm minimizes the loss function by 

updating the ensemble in each iteration. As indicated in equation (5.2), at the tenth 

iteration, the predicted value of the ensemble for a specific sample xᵢ is denoted by 

Fₜ⁻₁(xᵢ), and the update equation for Fₜ(xᵢ) is: 

                                                      Fₜ(xᵢ) = Fₜ⁻₁(xᵢ) + γₜhₜ(xᵢ)                                                     (5.2) 

 

The learning rate γₜ in equation (5.2) corresponds to the learning rate for the t-th 

iteration, while hₜ(xᵢ) represents the prediction made by the t-th decision tree for the 

sample xᵢ [242]. 

Stacking 

In contrast to other ensemble learning algorithms, stacking integrates various learning 

algorithms on a single dataset. Initially, a collection of base-level learning models is created. Then, 

a meta-level model is trained using the outputs from the base-level models. By combining the 

prediction results of multiple models in the first step as input for the meta-learner, stacking 

enhances prediction accuracy while mitigating biases.  

An important consideration regarding stacking is the quantity of base learners [243]. Simply 

increasing their number doesn't consistently enhance prediction accuracy. To improve the stacking 

ensemble's accuracy depends on learning strategies were adopted rather than only focusing on 

expanding the base learner models [244]. Thus, identifying the best combination of base learner 

and meta learner is very important through an iterative experiment, and it is necessary to determine 

the optimal hyperparameter values for the base learners. In this research, a stack-based model is 

developed by combining two powerful boosting models such as LightGBM, and CatBoost. 

5.2.2.3 Optimization Algorithm 

The ML optimization algorithms are techniques used to minimize a loss function during the 

training process of the model. These algorithms adjust the parameters of the model to find the 

optimal set of parameters that lead to the best performance. Evolutionary strategy is found the best 

suit this research study. 
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Evolutionary Strategy: is a global optimization algorithm that incorporates stochastic elements, 

inspired by the biological principle of evolution through natural selection [245]. The evolutionary 

strategy algorithm optimizes the parameters θ1, θ2, ..., θn of model M to minimize the loss function 

L(M,θ). It generates a population of M models with random parameters: θ1, θ2, ..., θN. It evaluates 

the fitness of each model in the population based on the loss function: f(θi)=L(M,θi). Then select 

the top-performing models. Select the top k models from the population based on their fitness 

scores [246]. 

5.2.3 Hyperparameter Turning using Random Search  

In ML, it's essential to set hyperparameters before initiating the model training process. Each 

ML algorithm has its own set of hyperparameters, and optimal performance is achieved only when 

these hyperparameters are appropriately configured during the running process.  It is practical and 

challenging to manually set and find the optimal parameter for the best performance. While 

constructing an ensemble model,  techniques such as grid search, random search, and Bayesian 

optimization are employed to tune the hyperparameters of each base model. 

This research used RandomizedSearchCV hyperparameter optimization techniques for the 

performance of the proposed model. RandomizedSearchCV is a tool used to evaluate the 

hyperparameter computation. It is used to improve the prediction accuracy. RandomizedSearchCV 

discovers the following hyperparameters for the LightGBM model: 

- Learning rate: [0.01, 0.1]; 

- Number of estimators: sp_randint(100, 1000); 

- Maximum depth: sp_randint(3, 8). 

 

The 'n_iter' parameter of RandomizedSearchCV is set to 10, indicating that 10 sets of 

hyperparameters will be randomly sampled from the identified parameter space. Moreover, the 'cv' 

parameter is set to 5, suggesting that nested 5-fold cross-validation will be used to measure the 

performance of each hyperparameter arrangement. Once the best hyperparameter configuration is 

known, the LightGBM model is trained on the entire training dataset using these settings. The 

trained model is then employed to make predictions on the unseen test dataset. Figure 5.3  shows 

how nested 5-fold cross-validation is performed, for each iteration, one of the 5folds is considered 

as a testing dataset. 
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                                                  Figure 5.3: The 5-fold cross-validation. 

 

 5.2.4  Proposed Triadic Ensemble Model 

As previously stated, the systematic approach of combining base models in stacking ensemble 

learning, emphasizes the need to structure the model to enhance performance and diversity. The 

objective was to select three base learners that deliver high performance. The proposed stacking 

model structure is illustrated in Figure 5.4. 

 

                               Figure 5.4: The Proposed model structure 

Initially, we assess the performance of each ML model,  followed by the selection of a base 

learner for the initial training phase of the stacking ensemble model. We used a five-fold cross-

validation technique to evaluate each model independently. The hybrid model was derived from  

CatBoost, and Lightgb as base models. the evolution strategies optimization was adopted to 

optimize the learner model.  
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During the base learner learning phase, it's vital to optimize the hyperparameters. We achieved 

this by employing random search optimization with cross-validation to determine the optimal 

hyperparameter values for the base learners. The hyperparameters not only enhance the accuracy 

at the base model but also boosts the overall accuracy of the stacking model, which integrates these 

individual models.  

During the initial phase, the original dataset is partitioned into a training set and a testing set. 

The training set is then used for training through k-fold cross-validation. In k-fold cross-validation, 

the training set is divided into k subsets, with each subset serving as a validation set while the 

remaining (k − 1) subsets are utilized for training the model and generating predictions for that 

specific validation subset.  The details of the proposed triadic assembler algorithm are presented 

in Table 5.2. 

Table 5.2: Proposed triadic essemble algorithm 

Step.1 : Train the base model with LightGBM: 

o Initialize the LightGBM model (M1). 

o Split the data into training and testing sets. 

o Fit the model to the training data: M1.fit (X_train, y_train), where X_train represents 

the input data and y_train represents the biogas production output. 

Step.2 : Refine the model using CatBoost: 

o Initialize the CatBoost model (M2). 

o Fine-tune the model parameters: M2.set_params (params). 

o Fit the model to the training data: M2.fit (X_train, y_train). 

Step.3 : Optimize the model parameters using Evolutionary Strategy: 

o Set the population size (N) and maximum number of generations (G). 

o Initialize the population of models with random parameters: 

o P = [M1, M2... MN]. 

o For each generation (g = 1 to G): 

 Evaluate the fitness of each model in the population based on prediction accuracy. 

 Select the top-performing models (e.g., based on the highest fitness scores) for 

reproduction. 

 Generate offspring models through variation and crossover operations. 
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 Replace the least fit models in the population with the offspring. 

o Select the best model from the final population based on fitness. 

Step.4 : Prediction with the trained model: 

o Use the best model to predict biogas production for new data inputs: 

y_pred = best_model.predict(X_new), 

Where X_new represents the new data inputs. 

Step.5 : Utilize the predictions for optimization and planning: 

 
 

5.2.5  Evaluation Metrics 

 The evaluation metrics explored in the paper include the RMSE, MAE, and R2. These metrics 

are used to assess the performance of regression models. The RMSE measures the average squared 

difference between predicted and actual values, with a lower RMSE indicating a better fit, and the 

MAE measures the average absolute difference between predicted and actual values, with a lower 

MAE also indicating a better fit [247, 248]. The R2 gauge how well the model fits the data, with a 

higher R2. We compare different regression models based on these metrics, the model achieving 

the lowest RMSE and MAE, as well as the highest R2 is considered the best model for the task. 

The mathematical equations are as follows: 
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𝑦𝑖̂ is the predicted value of the ith sample, and 𝑦𝑖 is the corresponding true value for the total 𝑛 
samples. 
 

5.3 Result  

This section presents the prediction results from modeling biogas digester environmental data 

using the proposed stacked ensemble model, which is compared with other models in the study 

through performance metrics such as RMSE, MAE, and adjusted R². Additionally, the research 

explores the correlation among various variables. 

5.3.1  Proposed Model Prediction Results 

The dataset used in this study comprises 3,000 records, focusing on environmental parameters 

that impact biogas yield. The model is designed to predict the volume of biogas yield in the next 

hours based on previous measurements of five input values: ambient temperature, indoor 

temperature, moisture, pH level, and time. To select the training and testing dataset, the k-fold 

cross-validation approach was employed, with k=5 chosen to balance computational cost and 

prevent bias associated with lower k values. 

Nested cross-validation was selected to optimize hyperparameters and reduce bias, with 5-fold 

cross-validation performed within each fold. In each iteration, the dataset was divided into 4 folds 

(80%) for training and 1 fold (20%) for testing. The models' performance was evaluated using 

three metrics, as mentioned in the previous section. The cross-validation results showed minimal 

variation with different k values, as indicated in Table 5.3. 

Table 5.3: Model results through cross-validation test 

Fold RMSE MAE R2 

1 0.0043 0.0020 0.7670 

2 0.0044 0.0026 0.7951 

3 0.0041 0.0021 0.8153 

4 0.0037 0.0025 0.7702 

5 0.0035 0.0027 0.7899 

Average 0.0040 0.0024 0.7875 
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5.3.2 Comparative Analysis of Machine Learning Models 

The performance analysis compares the results of the proposed model to three ML models—

KNN, DT, and RF—using the same 5-fold cross-validation on the identical dataset. Results from 

different values of K Are computed. However, Table 5.4 shows only the average results in terms 

of R2, RMSE, and MAE values. 

Table 5.4: Models’ results comparison through cross-validation 

Model RMSE MAE R2 

KNN model: 0.0059 0.0048 0.6541 

Decision Tree 0.0062 0.0050 0.6241 

Random Forest: 0.0056 0.0045 0.6863 

Proposed Model 0.0040 0.0024 0.7875 

 

In Table 5.3, we examine the overfitting of the models using cross-validation consistency. the 

results are derived from 5-fold cross-validation, the Proposed Model's metrics (RMSE, MAE, and 

R2) are consistent across all folds indicating the model is stable and likely to generalize well to 

new data therefore no overfitting.  

Additionally, Figure 5.4 presents  The results obtained through 5-fold cross-validation of all 

the models experimented. the dataset is split into five parts, with the model being trained on four 

parts and tested on the fifth, rotating through all parts. The Proposed Model's strong performance 

across these folds—reflected in its low RMSE (0.0040) and MAE (0.0024), and high R2 

(0.7875)—indicates that it performs well consistently across different subsets of the data, 

suggesting that its accuracy is not due to overfitting to specific data points. 

 
Accuracy of the Model with RMSE and MAE 
 

RMSE measures the average distance between the predicted values and the actual values. A 

lower RMSE indicates better accuracy. The MAE measures the average absolute difference 

between the predicted values and the actual values. Like RMSE, a lower MAE suggests better 

accuracy. The average difference between the predicted values and the actual values for the biogas 

yield is 0.0040, 0.0055, 0.0062, and 0.0059 for the proposed model, RF, DT, and KNN 
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respectively. The average absolute difference between the predicted values and the actual biogas 

yield is 0.0024, 0.0044, 0.0049, and 0.0047 for the respective models as presented in Figure 5.5. 

Overall, the proposed method demonstrates the highest accuracy with the lowest RMSE and MAE 

values, followed by the RF and KNN models, while the DT model shows relatively lower accuracy. 

 

Model Fit with R2 

Figure 5.6, presents a comparative analysis, using R2 metrics. The graphs illustrated that 

different models had varying R2 values. The RF model achieved an R2  value of 0.6863, indicating 

that approximately 68.63% of the variance in the target variable can be explained by the model. 

The DT model obtained an R2 value of 0.6240, indicating that approximately 62.40% of the 

variance in the target variable can be explained by this model. The KNN model achieved an R2 

value of 0.6540, indicating that approximately 65.40% of the variance in the target variable can be 

explained by this model. The proposed method obtained the highest R2 value of 0.7808, indicating 

that approximately 78.08% of the variance in the target variable can be explained by this model. 

Overall, the proposed method demonstrates the highest model fit, with the highest R2 values, 

indicating that it can better explain the variance in the target variable compared to the other models. 

5.3.3 Variable Importance 

The scatterplot provides valuable visualization of the relationships between various biogas 

parameters, though there is room for improvement in its design. Enhancements could include 

clearer labels for the axes and a reduction in the number of data points in Figure 5.5. The ordinate 

axis represents the moisture content of the biogas, measured in percentage, where a higher 

percentage indicates more moisture. The abscissa axis represents the temperature of the biogas, 

measured in degrees Celsius, with higher temperatures indicating hotter biogas. Each data point 

on the scatterplot corresponds to a single measurement of moisture and temperature for a specific 

biogas sample, with the color representing the gaz_change value (darker shades indicate higher 

values) and the size indicating the pH value (larger points denote higher pH). 

From the scatterplot analysis, several observations emerge. Firstly, there is a general trend of 

increasing moisture content with rising temperature. Additionally, the gaz_change value appears 

to be negatively correlated with moisture content, suggesting that biogas with higher moisture 

content tends to have a lower gaz_change value. Lastly, there seems to be a positive correlation 
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between pH value and temperature, indicating that biogas with higher temperatures tends to have 

higher pH values. 

 
Figure 5.5: Comprehensive Insights: Scatterplot matrix analysis of the biogas dataset. 

5.3.4 Deployment of the Proposed Model. 

The research aims to integrate a robust and multi-dimensional methodology by combining IoT, 

and ML techniques to enhance biogas production. This comprehensive approach seeks to create a 

solution that is both practical and cost-effective for biogas operators, addressing their needs at 

local and industrial levels. By leveraging IoT for real-time data collection, mathematical modeling 

for energy harvesting optimization, and ML for predictive analytics, the proposed system aims to 

significantly improve the efficiency and yield of biogas production processes. 

To achieve this, the research deploys an ML model on a Raspberry Pi, which is used to predict 

biogas production levels based on input parameters from the biodigester, such as temperature 

in/out, and pH. This setup in Figure 5.6,  enables real-time processing and predicting at the edge, 

allowing for prompt adjustments to optimize biogas yield. The Raspberry Pi’s ability to handle 

these tasks locally ensures reduced latency and enhances the system’s responsiveness. In cases 

where the biodigester's performance deviates from expected patterns, the model can quickly 

identify and address non-functional issues, improving overall system reliability and efficiency in 

biogas production. 
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                                      Figure 5.6: Model deployment on the edge node 

5.3 Discussion and Conclusion  

Biogas is a renewable and environmentally friendly energy source and has become 

increasingly important in the face of growing energy demands and the need for sustainable 

solutions. To effectively harness the potential of biogas, accurate prediction models are crucial for 

optimizing the production process.  

This research has explored the use of hybrid ML techniques, as a promising approach for 

capturing the nonlinear relationships and dynamic effects inherent in the biogas production 

process. The proposed hybrid model adopted a stack assembling approach that combines the 

strengths of two modeling techniques LightGBM, CatBoost, and evolution strategy optimization 

algorithm to provide more accurate and robust predictions. The proposed model was trained from 

a real-world biogas production dataset. the model demonstrates improved performance compared 

to existing ML techniques. The findings indicated that the triadic ensemble model proposed 

significantly improves the accuracy. The proposed method outperforms the experimented models, 

achieving the lowest RMSE and MAE values. It also presents the highest R2 value, indicating 

superior predictive accuracy. 
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This research contributes to the development of biogas forecasting models which represents a 

promising approach to improving the viability and sustainability of this renewable energy source.  

This advancement has significant implications for enhancing biogas operation and increasing 

energy output while addressing environmental challenges. As the demand for clean and reliable 

energy continues to grow, the continued advancement of these models will be crucial in unlocking 

the full potential of biogas generation.  

During this research study, the following limitations have been identified: The accuracy is not 

as excellent as expected due to the limited dataset, The research experimented with the 

environmental factors as dependent variables, and there is a need to explore the combination of 

many other factors. 
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Chapter 6 

Conclusions and Recommendations 

6.1 Conclusions 

This thesis presents an integrated Intelligent Biogas Yield Optimization with a Control System 

to address biogas production inefficiency affected by inaccurate prediction of the input materials 

as well as inefficient control of environmental parameters during the AD process.  

 In this study, an edge computing IoT system was designed and developed within biogas 

production systems to manage biogas production and regulate environmental parameters. The IoT 

system has real-time monitoring capabilities enabling automated parameter adjustments while 

addressing operational challenges and improving the stability and efficiency of biogas production. 

This integration aligns with the current needs of biogas operators by providing a more responsive 

and adaptive approach to managing the biogas digestion process. 

Additionally, an experimental analysis of solar power harvesting methods has identified 

effective strategies for powering IoT sensor nodes in biogas generation contexts. Approaches such 

as energy harvesting from environmental sources and implementing low-power sensor designs 

have proven suitable for ensuring reliable and sustainable operation. This analysis highlights the 

importance of sensor node energy budget and solar irradiation for the mathematical modeling of 

solar panels required for a particularly embedded system. The research results demonstrate that 

the solar energy proposed can facilitate the continuous operation of sensor nodes without relying 

on battery replacements. 

Furthermore, the thesis includes development of an accurate forecasting system for biogas 

yield called the triadic hybrid prediction model which is a self-learning algorithm to customize the 

decision-making based on the environmental parameters behaviors. These results were simulated 

based dataset collected by the IoT device at home digester in Rwanda. The proposed model 

demonstrates high accuracy compared to other experimented models confirming its practical 

applicability.  
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In summary, this research attempts to design and develop an IoT-driven intelligent system 

equipped with an energy harvesting mechanism to manage the impact of environmental factors on 

biogas production. The project leverages various technologies, including ML, cloud services, web 

technology, and IoT, to make this development possible. This study developed the general solution 

in three connected studies:  

(1) Design and develop the IoT-based architecture adopted in the biogas domain and 

ensure data acquisitions along with correlation analysis of the biodigester; 

(2) Modeling the outdoor-based power harvesting mechanisms due to the countryside 

context where the developed model was deployed. 

 (3) The modeling, validation, and selection of the performing ML model along with 

integration into the IoT developed in (1). 

The full-functioning solution is capable of gathering environmental parameters inside and 

outside of the biodigester at home digester with the integrated ML model to the edge node, the 

farmer can directly know the prediction of what shall be done or improved. At the same time, the 

data are sent to the authenticated cloud platform to support decision-makers. The key scope of the 

platform is as follows: (1) performing under internet-pruned conditions to send data to the cloud,  

data are sent in 16 seconds, which may dummy the server and consume many networks, we shall 

update based on the reason learned. (2) the prediction period of the biogas yield is in the month 

from the last month's historical data, which needs to be adjusted for the quarter, annual, and so on,  

(3) the model training was done once, which can’t consider the new upcoming cases in the future, 

we are planning to use pre-trained models to ensure the generalized cases. 

6.2  Recommendations 

From a biogas operation research perspective, there is no historical data that could facilitate 

research in the field of data modeling. Rwanda like other developing should rely on historical data 

for a better prediction of the future. Moreover, in the research journey, collaboration with industry 

partners is recommended as a crucial key to ensuring the availability and validation of emerging 

technology that brings solutions to the community. 
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The field of ML for energy management systems is still emerging, it introduces several aspects 

to intelligent systems. Here are some recommendations for future research works: 

 Future research should focus on developing methodologies for sensor calibration to 

ensure consistency and reliability.  

 A wider range of smart devices is required for monitoring other parameters. 

 The energy harvesting model considers the combination of various factors. 

 Exploring advanced prediction models that could consider a wider range of variables. 
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