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ABSTRACT

Off-grid electricity in energy-constrained communities can be supported by converting organic
waste into biogas and electrical energy using affordable monitoring ‘and predictive tools. This
study developed an anaerobic digestion electricity-generationftameworkiincorporating low-cost
sensor-based monitoring and artificial neural network methanedprediction. The modelling
dataset comprised 61 daily records combining independently measured observations with
controlled-profile augmentation across the investigatedyoperating range. A wireless
microcontroller-based sensing node monitored{tempetature and feedstock moisture, while
temperature, biogas volume, carbon dioxide “fraction, pH, hydrogen sulfide, and internal
combustion engine operating time were uséd to predict methane. Methane output ranged from
6.50 to 12.09 cubic metres per day and daily electricalenergy from 10.0 to 22.0 kilowatt-hours.
On held-out test data, the neural network achieved a root mean square error of 0.593 cubic
metres per day and a coefficient of determination 0£0.856, whereas multiple linear regression
achieved 0.416 and 0.929, respéctively)The implied electrical conversion efficiency averaged
15.5%. The results demonstrateypredictiverfeasibility within the investigated range, while the
structured hybrid dataset!andystronger linear baseline indicate that broader generalisation
requires independently measured datayunder more variable operating conditions.

KEYWORDS
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INTRODUCTION

Accessatonelectricity in rural Africa remains a significant challenge, with a substantial
portiom,ofithe population lacking reliable electricity. According to the International Energy
Agency, as of 2019, only 38% of the population in rural Africa had access to electricity [1].
This 18sue'is particularly critical in Sub-Saharan Africa, where less than 30% of the population
has adequate access to electricity, owing to low electrification rates, poor infrastructure
maintenance, and the fact that the majority reside in remote rural areas [2]. The situation is
dire: approximately 620 million people in Africa lack access to electricity, equivalent to two-
thirds of the continent’s population [3]. Efforts to address rural electrification in Africa have
been pursued through various means, including renewable energy sources such as wind power,
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photovoltaic systems, and mini-grids. These initiatives aim to bridge the electricity access gap
and accelerate development in Sub-Saharan Africa [4]. Decentralised systems, such as mini-
grids, have been identified as crucial for increasing electricity access, especially in rural areas
[5]. Studies have shown that community-based electric microgrids can significantly contribute
to rural development by enhancing productivity, increasing income levels, and improving
access to social and business services [6]. Despite this progress, approximately 600 million
people in sub-Saharan Africa still lack access to electricity, with over 80% of them residing in
rural areas [7]. This lack of access to clean energy is a significant issue that requires urgent
attention to achieve the development goals by 2030 [8]. The disparities in electricity access
between rural and urban communities in Africa highlight the need for innovative solutions and
increased investment in rural electrification projects [9].

Grid extension to remote areas in Africa faces numerous challenges that hinder the
provision of electricity in underserved regions. The terrain in rural zonesfoften poses a
significant obstacle, with rugged landscapes, dense jungles, and geographical remoteness
making it impractical and costly to extend the grid [10]. The scattered settlement of consumers
in these areas further complicates grid extension efforts, as households are dispersed over large
areas, making it economically unviable to connect them to centfalised, grid infrastructure.
Traditional electrification methods, such as grid extension and.standaloneidiesel generators,
have proven unsustainable in addressing the electrification ¢hallenges,faced in sub-Saharan
Africa. Governments often postpone grid extension projéets in’ rural areas with scattered
populations owing to technical and economic factors, further exacerbating the electricity access
gap between urban and rural areas [11]. The high costs asso¢iated with grid electrification in
areas with low population densities present a significant'barrier'to extending the grid to remote
African regions [12]. In light of these challenges, alternative solutions, such as off-grid solar
systems and mini-grids, have emerged as viable optionsifor electrifying remote areas of Africa.
Off-grid solar technologies have been ideftifiedas a preferable option for mass electrification
in rural Africa, with grid infrastructuressecommended to focus on selected prosperous regions
[13]. Mini-grids, which offer decentralised electricity generation and distribution, have been
recognised as a cost-effective @nd efficient, means of providing electricity to areas with
scattered households and low demandpotential [14].

Decentralised electrification projects; including mini-grids and standalone photovoltaic
systems, have gained traction il remote areas where grid extension is impractical [15]. These
systems offer a reliable and sustainable source of electricity in regions where conventional grid
electrification is unfeasible ‘owing to technical, geographical, and environmental constraints
[15]. By leveraging renewable energy sources and innovative technologies, such as hybrid
energy systemsy ityis possible to overcome the challenges associated with grid extension to
remote areas and improwve electricity access in underserved communities by utilising organic
waste_resources in African communities, which play a significant role in waste management
and«can, bewvaluable sources for energy production and environmental sustainability. Studies
have highlighted the potential of organic waste, including food and livestock waste, as
alternative energy sources for rural African households [16]. The conversion of organic waste
into biegas through anaerobic digestion has been identified as an effective method for obtaining
alternative energy sources in rural areas [17]. This approach addresses waste management
challenges, contributes to reducing greenhouse gas emissions, and promotes sustainable energy
practices in communities [18].

In rural African communities, organic waste, such as agricultural residues and household
waste, can be used to produce biogas, compost, and organic fertilisers [19]. Implementing
waste-to-energy projects that focus on recovering organic waste as biomethane and compost
offers rural communities an opportunity to manage waste effectively while generating valuable
resources. By harnessing the potential of organic waste, communities can reduce environmental
pollution, improve soil fertility through composting, and enhance energy access through biogas
production [17]. The availability of organic waste resources in African communities offers
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opportunities to develop green technologies and sustainable practices. Studies have emphasised
the importance of unlocking the full potential of organic waste as a renewable energy resource
through effective governance and waste management strategies [20]. By promoting the
utilisation of organic waste for energy production, communities can reduce their reliance on
fossil fuels, mitigate environmental impacts, and foster a culture of resource efficiency and
conservation [21]. The rising global demand for sustainable energy solutions requires
innovative approaches to waste management and renewable energy production. Anaerobic
digestion provides a practical pathway for simultaneous organic-waste treatment and
decentralised electricity generation. However, integration of affordable sensing, transparent
methane-to-electricity accounting, predictive modelling, and supervisory decision support
within small-scale systems remains limited. This study, therefore, develops an_@naerobic
digestion electricity-generation framework incorporating a low-cost sensor-based monitoring
node and data-driven methane prediction.

The contribution lies in integrating process monitoring, unit-consistent enetgy accounting,
explicit variable roles, predictive model benchmarking, and supervisory ¢ontrel legic within a
single measurement-to-decision framework. Artificial neural network predictionyis compared
with multiple linear regression to determine whether nonlinear model complexity provides a
measurable advantage. The control equations are presented as a_supetvisoryidesign framework
rather than experimentally validated closed-loop perform@ance.) Aecordingly, novelty is
attributed to the integrated and transparent framework rathefthan o neural-network prediction
or low-cost sensing in isolation.
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LITERATURE REVIEW OF ANAEROBIC DIGESTERS: BIOGAS GENERATION

Anaerobic digestion has been extensively investigated as a pathway for waste treatment, biogas
production, and renewable-energy recovery. The study of [23] reviewed the fundamentals,
operational challenges, and technological advances associated with anaerobic digestion. The
results of [25] demonstrated that dynamic magnetic fields can enhance microbial electron-
transfer processes associated with digestion performance. Steiniger et al. [36] examined the
influence of digester temperature on process stability and related operating characteristics. The
decentralised energy recovery through co-digestion of kitchen waste and blackwater [30]. The
study [29] evaluated the electricity-generation potential of biogas produced by anaerobic
digestion of vinasse. The assessment of [31] assessed enhanced digestion of agro-industrial
waste from a life-cycle perspective. The review study of anaerobic digestion as arenewable
biogas technology [32], while [33] compared environmental impacts and waste-tosenergy
efficiency for kitchen waste treatment. Jamaluddin and Zulkeflee [35] further demonstrated the
relevance of low-cost biogas production for rural applications. Digital*monitoring and
predictive modelling have increasingly complemented conventional anaerobic digestion. The
design in [28] developed a smart household biogas digester with integrated monitoring. While
[24] examined the integration of artificial intelligence into anaerobic'digestion to 1mprove plant
operation. The study in [26] applied artificial intelligence togondition-based maintenance of
an anaerobic reactor. Thakur et al. [22] demonstrated the use,ofian’artificial neural network to
estimate calorific value, illustrating the potential of data-dtiven energy-property prediction. Lu
et al. [34] investigated bioelectrocatalytic computation for the simultaneous treatment of
digestate and biogas upgrading. Despite these developments,isensing, predictive modelling,
supervisory control, and electricity-performance “assessment are frequently addressed as
separate functions. The present study combines these functions into a single small-scale
framework and benchmarks the neural network model against a simpler linear alternative. This
integrated measurement-to-decision steucture'constitutes the principal distinction of the study..

METHODS

This study investigates anacrobic digestion as a decentralised pathway for converting
biodegradable waste into¢biogas and el€ctrical energy. The overall digestion workflow is
presented in Figure 1, whileythe principal biochemical conversion stages are summarised in
Figure 2. The modelling' dataset comprised 61 daily records combining independently
measured obseryations ‘with*walues generated through controlled-profile augmentation to
represent intermediate ‘andyrepeated operating conditions. Row-level provenance was not
retained in gthe archived dataset; consequently, the observations were analysed jointly as a
hybrid operational (dataset. The structured ramp-up, plateau, and ramp-down profile can
strengthen “associations among variables and apparent predictive performance. Results are
therefore interpreted within the represented operating envelope rather than as evidence of
unrestricted, model generalisability. Daily electricity values represent energy totals and are
reported i kilowatt-hours. The methodological focus is on an integrated monitoring, control
logic, and'data-driven optimisation layer that supports stable operation and improved methane
output. Operational data were collected as daily observations over 61 consecutive days (14
January 2024 to 14 March 2024) (Appendix 1). To resolve the reviewer’s unit concern, all daily
electricity values are treated as daily energy totals in kWh (not kWh/day); equivalently,
“kWh/day” in the manuscript indicates “kWh per day (daily total)” and is therefore written as
kWh throughout the revised text. The observed operating envelope, as represented in the
dataset, is summarised in Table 1, and these variables form the basis for the statistical analysis
and ANN modelling.
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Figure 2: Overview of.the Anaerobic Digestion (AD) Process

Table 1: Operating envelop&and variables used for modelling (Appendix 1, n=61 days)

Variable Unit Min Max Role in study
Average working temperature °C 28.0 40.0 ANN input: operating condition
Biogas generated m¥day 10.0 22.0 ANN input: energy conversion
CO: fraction % 11.0 35.0 ANN input: gas quality indicator
pH - 7.2 9.6 ANN input: process stability indicator
H-S m?®/day 0.020 0.044 ANN input: impurity indicator
[CE,opérating timé h/day 33 183 ANN input: electricity conversion
context
Methane volume m*/day 6.50 12.09 ANN output (target)
Electricity'generated k\?{’%(}ilay 10.0 22.0  Energy output: performance indicator

Instrumentation and IoT data acquisition

The monitoring system combined direct sensor measurements with process and operational
records. An ESP32 development board was interfaced with a waterproof digital temperature
probe and a capacitive moisture sensor. Temperature was retained as a predictor in the
modelling dataset, whereas moisture was used for feedstock-condition monitoring but was not
included in the aligned prediction dataset. Sensor signals were sampled at fixed intervals,
locally filtered, time-stamped, and transmitted through wireless communication for storage and
subsequent analysis. Moisture calibration used dry and saturated references, while temperature
measurements were cross-checked against a reference thermometer.

Journal of Sustainable Development Indicators
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Table 2: IoT node specification and data pipeline

Implementation Indicative cost (USD)
ESP32 development board, 10.00
WROOM-32 class
ture sensor Waterproof DS18B20-class probe 9.95
Moisture sensor Capacitive analogue sensor 5.90
Sampling and Embedded processing and wireless Included
communication communication
Core sensing-node 25.85

hardware

Prices represent indicative single-unit retail values accessed in August 2026 and exclude
the digester vessel, gas-treatment equipment, electricity generator, enclosure, wiring,
installation, shipping, taxes, and cloud-service costs. The low-cost designation, therefore,
applies specifically to the monitoring subsystem rather than the complete plant. The verified
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representative prices are USD 10.00 for an ESP32 development board, USD 9.95 for a
waterproof DS18B20 probe, and USD 5.90 for a capacitive sensor, giving USD 25.85 for the
three core components.

Gas and process measurements

Daily analytical variables comprised temperature, biogas volume, carbon dioxide fraction,
pH, hydrogen sulfide, methane volume, internal combustion engine operating time, and
electrical energy. Temperature represented the thermal operating condition, while moisture was
retained only for feedstock monitoring. Biogas volume represented overall gas production;
carbon dioxide and hydrogen sulfide characterised gas quality; pH represented process
condition; and engine operating time represented generator utilisation. Methane volume was
the target for prediction, while electrical energy was the final performance indieatom The
variables were used for statistical association analysis, methane predictign, and energy
conversion assessment. (Appendix 2).

Theoretical methane yield formulation

To provide a consistent theoretical basis for methane generationj, the stoichiometric
methane potential was expressed in terms of the Buswell formulation: For an organic substrate
with empirical composition CyH,,0,The balanced overall reaétion 18 showndn (1):

a0, [x ~ 32 mo=[ - ~JcodByheo 0

For substrates including nitrogen and sulfur C, H,,0,N,, Sy, the extended form is in eqn. (2)

y_z 3 _ u _[x Ny _z_3v_u
thryozN,,5u+[x—z—5+:+;]f120_[2 > _z_ 32 4]CH4
x_y_z_3v_u
+[F -2 -2 -0, WANH % yH,S 2)

Equations (1) and (2) provide the, theoretical¢stoichiometric link between feedstock
elemental composition and methane generationy, and are used here to frame the expected
methane formation pathway duting AD.

Biogas to electricity conversion
For the methane fraection‘and methane volume, this is given by eqn. (3) and (4)
XCH, = < 3)

VBG
For the chemical energy in methane, using the lower heating value (LHV) of methane at

standard conditions LV Hgy, = 35.8 M]/ Nm?3 (ISO 6976:2016), The daily chemical energy is
given by the equation(4):
Ecnem(M]) = VCH4(Nm3) * LHVCH4(M]/Nm3) 4)
Equation, (4) converted to kWh is shown in equation (5):

cnem M
Echem(kWh) =2 h3.6( 2 (3)

Electrieal output, average electrical power, and conversion efficiency. The daily electrical
energy 1S recorded as E, (kWh). The average generated electrical power across the ICE
operating window is given by equation (6).

_ Eo1(kWh)
Pavg (kW) = tice(h)

Electrical conversion efficiency is given by equation (7).

(6)

_ el

Control techniques, block logic, and feedback equations

Figures 3 and 4 present a proposed layered supervisory control framework that combines
measured process information with predictive decision support. The hysteresis, moisture-

Journal of Sustainable Development Indicators 7
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threshold, and proportional-integral-derivative equations specify potential low-level actuation
logic. However, controller performance under deliberately imposed disturbances was not
experimentally evaluated. The equations (8-10) are therefore treated as control-design logic
rather than experimentally validated closed-loop performance.

For temperature regulation, hysteresis control is defined around the temperature setpoint
Tser and associated deadband AT, as expressed in Equation (8). The heater or insulation action
ur €{0,1}

1, T(k) < Typy — AT
ur(k) = 0, T(k) < Tsor + AT (8)
ur(k — 1), otherwise

The moisture control (threshold-based feed conditioning with moisture target M., and
deadband AM, the conditioning action u € {0, 1} is given by equation (9).

1, M(k) < Mger — AT
uT(k) = 0; M(k) < Mset + AT (9)
ur(k — 1), otherwise

The general PID feedback when proportional actuation is available for any controlled
output y with reference r, error e(k) = r(k) — y(k), and sampling.time Ty, the discrete PID
law is given by the equation (10):

e(k) @k =1)
T !

k
u(k) = Kye(k) + K; Z e(DT, + K, (10)

=0

Supervisory ANN-based optimisation

The ANN provides daily methane prediction as a,soft-sensor signal for supervisory decision
support. Its output may inform decisions on temperature, feed conditioning, and generator
scheduling, but it does not directly issue aetuaton,commands in the present study. This is
presented in Table 3.

Table 3: Control blecksgfeedback variable, and governing equation

Control block Feedback ‘variable Control action Equation
Temperature
stabilisation T heater command u Eq. (8) or Eq. (10)
Moisture conditioning M feedwater command uy, Eq. (9)
Gas utilisation £l ICE runtime plannin Eq. (6), plus operational
scheduling eLICE P & constraint

Artificial Neural Network Model Development, Training Procedure, and Validation

The ANN was developed to predict daily methane output Vi, from routinely measurable
daily, process wariables, enabling forecast-based optimisation and improved operational
decisions. The ANN structure follows a multilayer perceptron mapping:

AL = f(W(l) + b(l)), h@ = f(W(Z)h(l) 4+ b(Z)), y = w® R 4 p3) (11)
whetre x is the input feature vector, f(+) is the activation function, and ¥ is the predicted
methane volume. The vector x included [T, Vg, CO,, pH, H,S, t;c£], and the output y was the
daily methane volume V¢y, (Appendix 2). For preprocessing, all numeric inputs were
standardised using z-score scaling to avoid dominance by variables with larger magnitudes.
Outliers were retained because they represent operational variability relevant to decentralised
AD, but model robustness was assessed through residual analysis (Figures 8 and 9).

The validation test split and the training dataset (n = 61) were randomly split into 70%
training, 15% validation, and 15% testing, with a fixed random seed for reproducibility. The
ANN used two hidden layers with logistic activation and a linear output layer. Training used
an adaptive gradient-based optimiser (Adam class) with early stopping when the validation loss

Journal of Sustainable Development Indicators 8
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ceased improving. The reproducible configuration for the ANN architecture and training
settings is shown in Table 4. The 6-12-8-1 architecture was selected as a compact nonlinear
configuration that represents interactions among the six predictors while limiting model
complexity on the relatively small dataset. To determine whether nonlinear model complexity
was justified, multiple linear regression was developed as a baseline using the same six
predictors and the same fixed 70/15/15 data allocation. Both models were evaluated using
identical error and goodness-of-fit measures.

Table 4: ANN architecture and training settings

Item Specification
Inputs 6 features [T, Vg, CO,,pH, H,S, tick],
Output Methane volume V¢,

Architecture 6—12—-8-1 (two hidden layers: 12 and 8 neurons)
Activation Logistic in hidden layers; linear output
Optimiser Adam class, learning rate 0.001

Regularisation L2 penalty @ = 1 x 107*
Stopping Early stopping, patience 50 iterations, max iterations 10,000
Split 70/15/15 (train/validation/test), fixed(seed

For the error metrics and validation plots, the model accura€y was ‘quantified using RMSE,
MAE, coefficient of determination R?, and MAPE is givensby equation (12):

n

RMSE = 12( V)2 MAE = 1i| Vil MAPE = 1002
= n.1YL Yi)o —n'l}ﬁ Yils I
1= 1=

n=1

Vi —}71"
(12)
Vi

A parity plot (predicted vs measured) and a residual plot were used for visual validation, as
shown in Figures 8 and 9. Predictive performancetisSummarised in Table 5, while Figures 8
and 9 provide parity and residual assessments for the neural-network predictions.

Table 5: Predictive Performanee and Linear Baseline Comparison

Dataset/Model RMSE (m?day) MAE (m*/day) R? MAPE (%)
Neural network, training 0.465 0.363 0.895 3.34
Neural network, validation 0.616 0.487 0.802 5.26
Neural network, test 0.593 0.458 0.856 5.06
Multipledin€ar, regressiongtest 0.416 0.265 0.929 3.26

Statistical analysis

Pairwise linear associations among variables were quantified using the Pearson correlation
coeffieient, which is given in equations (13) and (14):
. 2ie1 (i = 0) (i — )

\/Z?zl(xi - f)z \/Z?:l(yi - }_])

The statistical significance of correlations was assessed using:

(13)

df =n—2  (14)

Variance inflation factor analysis was additionally used to assess predictor collinearity.
Severe multicollinearity was identified among temperature, biogas volume, carbon dioxide, pH,
and hydrogen sulfide because these variables were subject to the same controlled operating
profile. Consequently, the correlation coefficients and individual predictor relationships were
interpreted descriptively rather than as independent causal effects.

Journal of Sustainable Development Indicators 9
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RESULTS

Daily operation showed a ramp-up, seven-day plateau, and subsequent ramp-down across
the investigated operating profile. Reactor temperature ranged from 28.0°C to 40.0°C, methane
output from 6.50 to 12.09 m*/day, and daily electrical energy from 10.0 to 22.0 kWh, while the
carbon dioxide fraction ranged from 35% to 11%. The seven-day peak condition occurred from
07 to 13 February 2024 at 40°C, with methane and electrical energy reaching 12.09 m*/day and
22.0 kWh, respectively. The regular trajectory reflects the hybrid dataset, which combines
monitored observations with controlled-profile augmentation. It therefore characterises the
investigated operating envelope rather than 61 fully independent experimental responses.
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Figure 5: Daily methane and electricityfoutput/(left'axis) with CO: trend (right axis) over
the monitoring,windew

Using the methane volumes represented in the hybrid dataset and the lower heating value
stated in the methodology, the implied*electrical conversion efficiency ranged from 11.8% to
18.3%, with a mean of 15.5%sBased on daily electricity and ICE operating hours, the average
electrical power delivered{during enging‘operation ranged from 0.93 to 1.23 kW (mean 1.14
kW), supporting the feasibility'oflew-power decentralised supply from waste-derived biogas
under the tested conditions.

Figure 6 shows strong asseciations among the operating variables and electrical output.
Near-perfect correlations, are observed for temperature, biogas volume, pH, hydrogen sulfide,
and carbon/diokxide, because these variables covary with the structured operating profile.
Methanewolume and efigine operating time are also strongly associated with electrical output.
Theseycoeffictents therefore describe common variation within the investigated dataset and
shotld not*be interpreted as independent causal effects. The severe collinearity further limits
the integpretation of individual predictor importance.
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Figure 6: Pearson correlation heatmap for daily operating parameters, gas constituents, and
electricity output (n = 61 days).

Figure 7 illustrates the 6-12-8-1 neural-network architecture used to predict methane output
from temperature, biogas volume, carbon dioxide, pH, hydrogen sulfide, and engine operating
time. Predictive usefulness was assessed from held-out performancesand direct comparison
with the linear-regression baseline rather than from networkscomplexity alone.

Inputs (G) Hidden 1 (12) Hidden 2 (8) Output {1)
ICE hrs (™ L -
(- =
HzS (- -
o ‘o
pH (- =2 o
L
Methane
-
L)
CO: O
L
- L
Biogas OO o
R
L
Temp O - > L]

Figure 7: Artificial Neural Network Architecture Used for Methane Prediction

On thestest,setythe artificial neural network achieved RMSE = 0.593 m?/day, MAE = 0.458
m’/day,, R2 = 0.856, and MAPE = 5.06%. Multiple linear regression achieved RMSE = 0.416
mday, MAE = 0.265 m*day, R* = 0.929, and MAPE = 3.26%. The simpler linear model,
therefore, performed better on the present structured dataset. The neural network demonstrates
predictive feasibility within the investigated operating range but provides no evidence of
superior predictive accuracy. Figures 8 and 9 should consequently be interpreted as validation
of neural-network behaviour within the evaluated split rather than evidence of unrestricted
generalisability.
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Figure 8: Predicted versus measured methane output | Figure 9: Residuals (predicted — measured‘methane)
(test set parity plot) versus predicted methane output for theitest set.

The demonstrated biogas-to-electricity pathway is consistent with renewablesenergy and
resource-recovery objectives represented by Sustainable Development, Goals, 7 and 12.
However, the hybrid dataset, the lack of row-level separation of measured,and augmented
observations, strong predictor collinearity, and the absence of glesed-loop disturbance testing
limit broader interpretation. Future work should thereforetevaluate“the/framework using
independently measured data under variable feed, loading, temperature, and gas-quality
conditions, together with experimental controller validation.

CONCLUSION

This study demonstrated an anaerobi¢ digestion eléctricity-generation framework that
integrates low-cost sensor-based monitoring, methane” prediction, and energy performance
assessment. Across the investigated @perating envelope, methane output ranged from 6.50 to
12.09 m?/day and daily electricalsenergy frem 10.0 to 22.0 kWh, with an implied electrical
conversion efficiency of 11.8%(to 18.3% and a mean of 15.5%. The artificial neural network
achieved a test R? of 0.856 and\MAPE of 5.06%; however, multiple linear regression achieved
a higher R? of 0.929 and lower MAPE of 3.26%, indicating that additional nonlinear
complexity was not advamntageous™for the structured dataset. The principal contribution is
therefore the integrated sensingy, energy accounting, model benchmarking, and supervisory
framework rather tham neural-network superiority. Further validation using independently
measured, more ‘variable operating data and experimentally tested closed-loop control is
required before broader deployment claims can be made.
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APPENDIX
Appendix 1: Anaerobic Digester Output Data
Date of Average Biogas CO: pH H-S Methane ICE Electricity
Operation Working Generated (%) Value (m?day) (m’/day)  Operating <, Generated
Temp. (°C) (m®/day) (HrS) (kWh)
14/01/2024 28 10 35 7.2 0.02 6.5 813 10
15/01/2024 28.5 10.5 34 7.3 0.021 6.93 8.8 10.5
16/01/2024 29 11 33 7.4 0.022 7.26 9.2 11
17/01/2024 29.5 11.5 32 7.5 0.023 7.68 9.6 11.5
18/01/2024 30 12 31 7.6 0.024 8.04 10 12
19/01/2024 30.5 12.5 30 7.7 0.025 8.38 104 12.5
20/01/2024 31 13 29 7.8 0.026 8.1 10.8 13
21/01/2024 31.5 13.5 28 7.9 0.027 9.03 11.3 13.5
22/01/2024 32 14 27 8 0.028 9.34 11.7 14
23/01/2024 32.5 14.5 26 8.1 0.029 9.63 12.1 14.5
24/01/2024 33 15 25 8.2 0.03 9.9 12.5 15
25/01/2024 33.5 15.5 24 8.3 0.031 10.16 12.9 15.5
26/01/2024 34 16 23 8.4 0.032 10.4 13.3 16
27/01/2024 34.5 16.5 22 8.5 0.033 10.63 13.8 16.5
28/01/2024 35 17 21 86 0.034 10.84 14.2 17
29/01/2024 35.5 17.5 20 8.7 04035 11.03 14.6 17.5
30/01/2024 36 18 19 8.8 0.036 11.21 15 18
31/01/2024 36.5 18.5 18 8.9 0.037 11.37 154 18.5
01/02/2024 37 19 17 9 0.038 11.52 15.8 19
02/02/2024 37.5 196 16 9.1 0.039 11.65 16.3 19.5
03/02/2024 38 20 15 9.2 0.04 11.77 16.7 20
04/02/2024 38.5 20.5 14 9.3 0.041 11.87 17.1 20.5
05/02/2024 39 24 13 9.4 0.042 11.96 17.5 21
06/02/2024 39.5 218 12 9.5 0.043 12.03 17.9 21.5
07/02/2024 40 22 11 9.6 0.044 12.09 18.3 22
08/02/2024 40 22 11 9.6 0.044 12.09 18.3 22
09/02/2024 40 22 11 9.6 0.044 12.09 18.3 22
10/02/2024 40 22 11 9.6 0.044 12.09 18.3 22
11/02/2024 40 22 11 9.6 0.044 12.09 18.3 22
12/02/2024 40 22 11 9.6 0.044 12.09 18.3 22
13/02/2024 40 22 11 9.6 0.044 12.09 18.3 22
14/02/2024 39.5 21.5 12 9.5 0.043 11.96 17.5 21.5
15/02/2024 39 21 13 9.4 0.042 11.83 17.2 21
16/02/2024 38.5 20.5 14 9.3 0.041 11.71 16.9 20.5
17/02/2024 38 20 15 9.2 0.04 11.6 16.6 20
18/02/2024 37.5 19.5 16 9.1 0.039 11.39 16.3 19.5
19/02/2024 37 19 17 9 0.038 11.2 16 19
20/02/2024 36.5 18.5 18 8.9 0.037 11.01 15.7 18.5
21/02/2024 36 18 19 8.8 0.036 10.84 15.5 18
22/02/2024 35.5 17.5 20 8.7 0.035 10.65 15.2 17.5
23/02/2024 35 17 21 8.6 0.034 10.48 14.9 17
24/02/2024 34.5 16.5 22 8.5 0.033 10.31 14.6 16.5
25/02/2024 34 16 23 8.4 0.032 10.16 14.3 16
26/02/2024 33.5 15.5 24 8.3 0.031 10.01 14 15.5
27/02/2024 33 15 25 8.2 0.03 9.87 13.7 15
28/02/2024 32.5 14.5 26 8.1 0.029 9.73 134 14.5
29/02/2024 32 14 27 8 0.028 9.6 13.1 14
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01/03/2024 31.5 13.5 28 7.9 0.027 9.47 12.8 13.5
02/03/2024 31 13 29 7.8 0.026 9.34 12.5 13
03/03/2024 30.5 12.5 30 7.7 0.025 9.21 12.2 12.5
04/03/2024 30 12 31 7.6 0.024 9.09 11.9 12
05/03/2024 29.5 11.5 32 7.5 0.023 8.96 11.6 11.5
06/03/2024 29 11 33 7.4 0.022 8.84 11.3 11
07/03/2024 28.5 10.5 34 7.3 0.021 8.71 11 10.5
08/03/2024 28 10 35 7.2 0.02 8.5 10.7 10
09/03/2024 28 10 35 7.2 0.02 8.5 10.7 10
10/03/2024 28 10 35 7.2 0.02 8.5 10.7 10
11/03/2024 28 10 35 7.2 0.02 8.5 10.7 10
12/03/2024 28 10 35 7.2 0.02 8.5 10.7 10
13/03/2024 28 10 35 7.2 0.02 8.5 10.7 10
14/03/2024 28 10 35 7.2 0.02 8.5 10.7 10
Appendix 2: Constituents of Output/Generated Biogas ‘ \

Average Working Temp. (°C) Biogas Generated (m3/day) CO> (%)
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Constituents of Output/Generated Biogas

1. Methane fraction (per “gas composition” block)
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ECH4 M]) =

Vew, 804
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2. Chemical energy produced in methane (per “biogas energy’ block)
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124
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~ 67%

Ven, X LHVcy, = 8.04 x 35.8 = 287.8 M]
3. Converting the methane chemical energy to kWh (for that day)
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Ecy, 287.8

Ecu,(kWh) = —t = ——= = 80.0 kWh

4. Electrical output and average generator power during operation
Eq = 12.0 KWh, P, = =& = 222 = 1.20 kW
5. Overall electricity conversion efficiency (daily)

tice - 10.0
o Ba 120 ic0a1s 0%
Tet = Eop (kWh) 800 0 R
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   h  ( 1 ) = f  (   W   ( 1 ) +   b   ( 1 ) ) ,      h   ( 2 ) = f  (   W   ( 2 )  h   ( 1 ) +   b   ( 2 ) ) ,       y ^ =   W   ( 3 )  h   ( 2 ) +   b   ( 3 )           ( 11 )


  x


  f ( ∙ )


    y ^


  x


   [ T ,     V  B C ,     C O 2 ,   p H ,     H 2 S ,     t  I C E ]


  y


    V    C H 4


   [ T ,     V  B C ,     C O 2 ,   p H ,     H 2 S ,     t  I C E ]


    V    C H 4


  𝛼 = 1 ×  10  − 4


    R 2


  R M S E =   1  n   ∑  i = 1  n     (   y  i −     y ^  i ) 2 ,             M A E =  1  n   ∑  i = 1  n   |   y  i −     y ^  i | ,     M A P E =  100  n   ∑  n = 1  n   |     y  i −     y ^  i    y  i |     ( 12 )


    R 2


  r =     ∑  i = 1  n   (   x  i −   x - )  (   y  i −   y - )     ∑  i = 1  n     (   x  i −   x - ) 2      ∑  i = 1  n   (   y  i −   y - )                             ( 13 )


  t =    n − 2  1 −   r 2  r ,     d f = n − 2                 ( 14 )


    x    C H 4 =       V    C H 4    V  b i o g a s =   8 . 04 12 = 0 . 67 ≈ 67 %


    E    C H 4 ( MJ ) =     V    C H 4 ×   L H V    C H 4 = 8 . 04 × 35 . 8 = 287 . 8   MJ


    E    C H 4  ( kWh ) =     E    C H 4  3 . 6 =     287 . 8  3 . 6 = 80 . 0   kWh


    E  e l = 12 . 0   kWh ,


    P  a v g =     E  e l    t  I C E =   12 . 0  10 . 0 = 1 . 20   kW


    𝜂  e l =     E  e l    E    C H 4 ( kWh ) =   12 . 0  80 . 0 = 0 . 150 ≈ 15 . 0 %

