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Abstract: This study investigates the prediction of biogas production from the anaerobic co-
digestion of cabbage waste, leaf litter of sandbox and cow dung using both traditional kinetic
models and a machine learning algorithm. Specifically, the Modified Gompertz, Modified
Richards, and Logistic Function models were compared against the XGBoost algorithm to
evaluate their goodness-of-fit to experimental data. The goal of this study was to determine
which model best predicts biogas production with respect to retention time, thereby providing
insights into the dynamic behavior of the anaerobic digestion process. Nine (9) 32-liter capacity
biodigesters labeled A-I, control (A-C), pretreated (D-F) and blended (G-I) waste samples
were utilized for the experiment. Biodigesters A-C contained 6 kg of waste samples and 18
litres of water. Similarly, biodigesters D-F contained 6 kg of wastes samples pretreated with
0.6% ash, while biodigesters G-I contained a mixture of the three wastes blended in varying
proportions of 20:40:40, 50:25:25 and 60:20:20. The daily biogas output was evaluated using the
water displacement method. The volume of gas in the feedstocks within the biodigester was
measured daily for 35 days. Experimental data from the study was analyzed using basic
statistics, non-linear regression models and Machine Learning Algorithm (XGBoost).The study
found that pretreatment and blending using varying waste blending proportions significantly
increased biogas production when compared to the control waste samples. Also amongst the
models compared, the Ilogistic function model produced the highest coefficient of
determination (R? = 0.82), followed by the modified Richards model (R? = 0.81) and the
modified Gompertz model (R? = 0.79). The XGBoost model yielded a lower R? of 0.71. These
results indicate that traditional kinetic models are more accurate in predicting biogas
production than the XGBoost model. This study demonstrated that traditional kinetic models,
particularly the Logistic Function model, was more effective for predicting anaerobic digestion
and biogas production processes compared to the XGBoost machine learning model. The
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findings of the study confirmed that kinetic models are reliable tools for accurately modeling
and forecasting biogas production in anaerobic digestion systems.
Keywords: Biogas Production, Kinetic Models, Machine Learning Algorithm, Pretreatment,
Anaerobic Co-digestion
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1. Background

Crude oil has been the foundation of the global economy and modern lives, providing 1/3 of
the world's energy for several decades. Oil is utilized in many activities, such as
transportation, powering gadgets, appliances, and most industrial processes. This excessive
dependence on oil as a principal energy source has resulted in environmental pollution,
greenhouse gas emissions, climate change and other associated illnesses (1) Constant
power generation, power supply and failure have grossly affected economic growth and
development, especially in the agricultural, power, industrial, and mining sectors (2). The
overwhelming energy demands of both urban and rural residents suggest that more
renewable energy sources should be investigated (3). In developing nations, large volumes
of wastes are being generated and waste disposal has become a significant issue which has
led to health risks, contamination of the environment and the need for sustainable waste
management solutions to lessen its detrimental effects on ecosystems and communities.
Therefore, converting these wastes into energy (biogas) may provide a means to address
some of these energy-related issues

Biogas is a viable renewable energy source produced from the anaerobic co-digestion of
wastes which helps lower greenhouse gas emissions and promote a circular economy.
Nevertheless, for the anaerobic codigestion process to be effective, the biogas generation
capacity of various waste substrates must be assessed (4). Due to the strong dependence of
biogas quality and cumulative yield on feedstock composition, agricultural and green waste
may not be suitable for use as feedstock alone. According to (5-6), lignocellulosic biomass is
a suitable feedstock for biogas production which comprises of plant-based materials rich in
cellulose, hemicellulose, and lignin which is a key resource for sustainable energy
production. In the context of biogas generation, its complex structure poses challenges for
microbial digestion, influencing the efficiency of anaerobic co-digestion processes.
Amongst other lignocellulosic biomass/wastes, cabbage waste and leaf litter of sand box
were selected as feedstock for biogas production due to their high lignocellulosic, carbon to
nitrogen and high-water content which enhances microbial decomposition and biogas yield
during anaerobic co-digestion. Although, biogas production from cabbage was found to be
relatively low, but the viability of increasing the biogas yield from cabbage waste by
codigesting it with animal dung and the kinetics of the process are largely unexplored. As a
result, the quality of the feedstock, co-digestion and the operating environment of the
digester are required to increase the efficiency of biogas generation. Pre-treatments like ash
application can help to break down these tough fibers, increasing the surface area available
for microbial action and improving the overall digestibility of the biomass. Ash, being
alkaline, also helps to adjust the pH levels of the substrate, creating a more favorable
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environment for anaerobic bacteria, which are essential for efficient biogas production.
Additionally, ash contains minerals that can serve as micronutrients, further stimulating
microbial activity and enhancing biogas yield. The choice of ash for pre-treatment is
particularly justified as it is a readily available, low-cost byproduct of agricultural or forestry
processes, making it an environmentally friendly and economically viable option for
improving biogas generation from co-digested green waste and cow dung. According to a
study by (7), increased biogas production and faster degradation rates are two advantages
of anaerobic co-substrate digestion. The formation of volatile fatty acids (VFAs), a balanced
C/N ratio, nutrients from organic waste, an increase in pH buffering capacity, a decrease in
ammonia toxicity, and improved biochemical conditions for microbial development are the
main benefits of mixed feedstock (8).

Due to the complexity of the anaerobic digestion process, several computational models
have been developed to represent the organic waste's biochemical transformation during
the AD process. These models aim to minimize costs and process variability, minimize
energy loss, predict and optimize mixing ratios and Organic Loading Rate (OLR) shorten
process times, and maximize biogas production (9-10). The first-order kinetic, modified
Gompertz models (11-13), the Monod model, and the transference function (14-15) are some
of the mathematical models that were utilized to characterize the kinetic parameters.

Kinetic and machine learning models can be difficult to employ because of their high data
requirements, numerous state variables, and constants that require calibration. As a result,
simpler models that can be tailored to certain circumstances may be needed (16). When
models such as the first-order kinetic model attempt to adapt to different substrates and
changing situations, they encounter slight difficulties that are resolved by dynamic
parameter optimization with machine learning (17). Machine learning

models can effectively capture the complex, nonlinear relationships that govern the dynamic
processes involved in acidogenesis, hydrolysis, and AD by analyzing large datasets
generated from biogas production (18). Therefore, to enable dynamically adjusted model
settings and produce more accurate process forecasts across a variety of circumstances,
machine learning techniques, modified Richards models, logistic function model and other
relevant tools can be helpful (19). The understanding of the intricacies of anaerobic
digestion and the prediction of its outcomes have advanced with the recent application of
machine learning methods such as support vector machines (SVMs), artificial neural
networks (ANNs), and ensemble approaches (20). Although ANN is the most widely used
machine learning model and is well known for its high prediction accuracy, models can
occasionally become complex and data-driven, which frequently leads to low
interpretability of the model outputs (21). Thus, it is necessary to assess several machine
learning models to ascertain whether it is possible to attain a balance between
interpretability and accuracy, which is crucial for comprehending intricate procedures such
as anaerobic digestion (22). Additionally, new machine learning models such as the
generalized additive models (GAMs), XGBoost, have recently acquired popularity due to
their remarkable interpretability and accuracy (23). Furthermore, hybrid models that
include machine learning and classical kinetics may be able to accurately depict the
intricacies of anaerobic digestion (24). For example, these models might apply machine
learning to adjust to changing conditions and retain accuracy in dynamic scenarios while
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using traditional kinetic models for steady-state forecasts (25). By accounting for dynamic
substrate properties and variations in process conditions, these models can enhance
prediction capacities (26) and ultimately result in significant advancements in the field by
offering rigorous insights into the dynamics of anaerobic digestion systems. Therefore,
including machine learning and kinetic models such as modified Gompertz, Richards,
Logistic function and XGBoost in AD process modeling should lead to a better understanding
of the complexities of anaerobic digestion. Therefore, the goal of this study is to determine
which model best predicts biogas production with respect to retention time during the
anaerobic digestion process.

2.0. Methods

2.1. Materials and Sample Collection.

The wastes used for this research were cabbage waste obtained from a vegetable market
located in Nsukka, Enugu State. The leaf litter of the sandbox was collected from leaf
droppings of sandbox trees found within the University of Nigeria, Nsukka and its environs.
Cow dung was obtained from a slaughterhouse in the Nsukka market, Enugu State,
southeastern Nigeria. The empty fruit bunches (EFBs) were collected from a local palm oil
mill in Nsukka, Enugu State, Southeast Nigeria. The empty fruit bunch was burned, and the
ash was collected for use in alkaline treatment of the mixed vegetable waste. The biogas
production experiment was conducted at National Centre for Energy Research and
Development (NCERD), University of Nigeria, Nsukka.

2.2. Biogas Experimental Procedures

Nine (9) 32-L biodigesters (figure 1) labeled A-I were used for this experiment. Waste
substrates (cabbage +leaf litter from the sandbox) were collected and allowed to degrade
for 4 weeks, then chopped into small pieces, and soaked in a water bath for 7 days to allow
partial decomposition of the waste by aerobic microbes to breakdown the cellulose before
being charged into the biodigesters. Empty fruit bunches (EFB) were burned, and the
residue collected as ash was used for the pretreatment of the waste. Cow dung slurry was
used as a source of inoculum for this study since it contains anaerobic microbial population
The moisture level of the feed stocks determined the water to waste ratios used for charging
the biodigesters; the pre-decayed control, pretreated and blended waste samples were
charged into individual biodigesters of 32L capacity labelled A-I . The slurries were
prepared by taking and mixing 6 kg of each waste sample and 18 L of water, resulting in a
waste-to-water ratio of approximately 1:3. A total of 6 kg each of cabbage waste, sandbox,
cow dung and 18 L of water was added to the control biodigesters: A=cow dung (CD) alone,
B=cabbage (CB) alone, and C=sandbox (SB) alone. The pretreated biodigesters D=Cow
dung +Ash, E=Cabbage +Ash, and F= Cow dung +Ash contained 6 kg of cow dung,
cabbage waste and sandbox pretreated with 0.6% ash, while biodigesters G-I contained a
mixture of the three wastes blended in varying proportions by weight, G=20:40:40,
H=50:25:25, and 1=60:20:20. Waste and water occupied 75% of the digester, which means
that 24 L of the digester was occupied, while the remaining space and volume were
occupied by the gas that was generated. The substates were charged into the biodigesters,
and readings were taken thrice daily at 7:00 am, 1:00 pm and 7:00 pm daily. The experiment
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was carried out for a 35-day retention period. The quantity of biogas produced in liters was
obtained by downward displacement of water. A liquid in glass thermometer was used to
measure and record the ambient and slurry temperatures daily, while a digital pH meter
(Jenway, 3510) was used to monitor the pH of the waste. This experiment was carried out
under mesophilic temperature conditions. The daily average volume of gas, PH and
temperature was recorded and used for the data analysis. The gas produced was analyzed
using gas chromatography that accurately measures the concentration of biogas
composition.

2.3. Analytical Methods.
The AOAC (1990) method [27] was utilized to ascertain the contents of ash, moisture, and
fiber. Using the techniques outlined in Pearson (1976) [28], soxhlet extraction and micro-
Kjedhal were used to determine the amounts of fat, crude nitrogen, and protein. The Meynell
(1976) method [29] was used to determine total and volatile solids, whereas the Walkey and
Black (1934) method [30] was used to assess carbon content.
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Figure 1: A32 L biodigestér set

2.4. Model description for biogas production.

The traditional kinetic models employed for this study were the modified Gompertz model,
modified Richards model, and logistic function model, as shown in the equations below.
They were utilized to demonstrate the lag time, experimental maximum cumulative biogas
production, and forecast of maximum biogas production. The machine learning algorithm
(XG boost) used for this study was developed based on conventional procedures.

2.4.1. Kinetic Model Formulas:
Equation 1 represents the modified Gompertz equation (31).

y=A X exp {—exp [Rmax X e X (A —t)/A + 1]

(eqn 1)
where y represents the cumulative biogas yield (L)) with respect to time t (d),
A is the maximum cumulative biogas yield (L),
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Rmax is the maximum biogas production rate (L/d),
A is the lag phase time (d), and e is a constant equal to 2.71.

The logistic function model (32) is represented by equation 2.
y =A/{l + exp [4 X Rmax X (A —t)/A + 2]}
(eqgn 2)
where A, Rmax, and A have the same meanings as those of the modified Gompertz equation
above.

¢). The modified Richards model is represented by equation 3 (33)

y=AX{l+vXexp (l+v)Xexp|[RmxX(l+v)x 1+ 1l/v)*x@-—-t)/A]} (-1/v)
(eqgn 3)

where A, Rmax, and A have the same meanings as above and v is the shape coefficient.

Nonlinear regression analysis (modified Richards, Gompertz and logistic function equation)
was performed using Microsoft Excel and Origin 9.0 Pro software. The software searched for
values of A, Rmax, and A that had minimum residual sums of squares along with their
respective 95% confidence intervals. During the fitting process, the biogas yield curve and
degree of correlation between variables was indicated by R? were determined.

2.4.2. XGBoost Model for machine learning

This model, in contrast to analytical function, follows no predetermined mathematical form
(34). The biogas dataset included features such as waste sample, No of Days, Ambient
Temperature (AT C), Slurry Temperature (ST C), pH, and Volume of Gas. The categorical
column (Sample) was encoded using Label Encoding. The key features selected for model
training were Sample, No of Days, AT C, ST C, and pH, while Volume of Gas served as the
target variable. The dataset was divided into training and testing sets with an 80:20 ratio and
XGBoost regressor was configured with specific parameters: objective set to reg, col
sample_by tree to 0.3, learning rate to 0.1, max depth to 5, alpha to 10, and n_estimators to
10. The model was trained on the training data, and its performance was evaluated on the
test set using metrics such as Mean Squared Error (MSE) and R-squared (R?). A scatter plot of
actual vs. predicted values visually showed the model's performance (35).

3.0. Results.

3.1. Biogas yields from feedstocks.

The daily biogas production from the anaerobic digestion of the control, pretreated, and
blended waste samples (A-I) was monitored over a 35-day retention period as shown in
figure 2a. On the first day of digestion, the daily biogas production of the pretreated and
blended waste groups was greater than that of the control group. The pretreated waste
samples D and E exhibited peak biogas production on the 2nd and 11th day, while the
control groups (A, B, and C) peaked on the 21st, 31st and 35th, day respectively. For the
blended waste groups (G, H, and I) reached their peak on the 14th, 18th, and 31st days of the
experiment respectively. The pretreated waste sample (CB + ash) produced the highest
quantity of daily biogas (8.4 L/day), followed by the pretreated and blended waste samples
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CD + ash, SB + ash and CD+CB+SB (50:25:25) which produced 6.2L/day of biogas each, all
of which surpassed those of the control group.
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Figure 2 a. The daily biogas yields of the control, pretreated and blended waste substrates
of cabbage, leaf litter from sandboxes and cow dung.

The graph (Figure 2b) shows the cumulative biogas yield for various waste substrates and
combinations during a 35-day period. Compared to other single substrates, cow dung (CD+
ash) produces the most biogas, yielding 140.3L. With a yield of approximately 60 L, cabbage
biomass (CB) has the lowest yield. Although adding ash only slightly affects the CD and SB
yields, it greatly increases the CB yield. In comparison, combinations of CD, CB, and SB,
especially at a 50:25:25 ratio, produce better yields of 135.9 L. This implies that although CD,
CB and SB alone produces efficient yields of biogas, blending in varying proportions may
improve the output of biogas from these waste samples.
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Figure 2b. The cumulative biogas yields of control, pretreated and blended waste
substrates of cabbage, leaf litter from sandboxes and cow dung.

1614 | www.journal-innovations.com



Innovations, Number 79 December 2024

3.2: Physicochemical characteristics of waste samples.

Table 1 shows that sample A presented a higher total solid content (3.09), a volatile solid
content (2.63) and the lowest C:N ratio (21:48). On the other hand, sample C had the lowest
values for T.S. (0.38) and V.S. (0.31) and the second highest for C:N (33.78), while sample B
had the highest carbon content (12.52) and highest C:N ratio (47.07). These results are
attributed to the nature and composition of the waste substrates used. The results also
revealed that sample D had the highest value for ash (0.50) and the lowest value for moisture
(95.11). On the other hand, sample E has the highest value for moisture (97.31) and fiber
(0.50), while sample H has the lowest value for ash (0.05). This variation is due to the
variation in waste composition and the overall effect of pretreatment on the waste.

Table 1: Proximate composition and physicochemical properties of the feedstock.

Parameters (%)
Samples Moist | Ash Fiber N TS VS Carbon C:N
ure content
A 95.11 | 0.47 0.40 0.446 3.09 2.63 9.58 21.48
B 95.50 |0.16 0.60 0.266 0.49 0.33 12.52 47:07
C 95.61 |0.13 0.50 0.307 0.38 0.31 10.37 33.78
D 95.11 |0.50 0.40 0.404 2.89 2.35 8.78 21.73
E 97.31 |0.17 0.50 0.238 0.68 0.34 10.95 46.00
F 96.70 | 0.47 0.40 0.272 1.26 0.36 9.58 35.22
G 95.90 |0.07 0.50 0.322 0.25 0.21 11.17 34.69
H 95.51 |0.05 0.40 0.370 0.50 0.39 10.74 29:03
I 95.80 |0.19 0.40 0.384 1.19 1.00 10.17 26.48

3.3. Biogas Percentage Compositions (Gas Analysis) for Sample Biodigesters Using Gas
Chromatography.

The result shown in Table 2 shows the GC results and composition of biogas produced from
the different biodigesters (A-I) respectively. The biodigester (I) containing cow dung,
cabbage and sandbox in ratio (60:20:20) had a higher percentage of methane (41%) followed
by digester D and E (40%) with biodigester A, B, C, F, G, H producing the least quantity of
methane (22%). However, biodigester D produced no CO2 at all followed by biodigester E, F
,1 producing the least quantity of carbon dioxide (6%) followed by biodigester A, B, C with
the highest quantity of CO2 generation (14%).
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Table 2: Percentage Composition of Biogas Produced in the Digesters Using Gas

Chromatography
Paramete| Digester Digeste| Digeste| Digeste| Digeste| Digeste Digeste| Digeste| Digestei
rs A rB rC rD rE rF rG rH I
Methane |22% 22% 22% 40% 40% 22% 22% 22% 41%
Phenol 4% 4% 4% 2% - 8% 8% 14% 7%
CO2 14% 14% 14% 11% 11% 6% 6% - 6%
Methanol | 8% 8% 8% 12% 15% 9% 9% 9% 8%
Ethanol - 1% 1% 10% 3% - - 1% -
Acetone |10% 17% 17% - - 17% 17% 19% -

3.4. Kinetic Modeling

The results of the analysis of the models for the waste samples are presented in Figure 3. The
modified Richards, Gompertz and logistic function models were used to fit the cumulative
biogas yields from the waste samples (Figure 3). The figure compares the experimental data
with the model fitting results from the modified Gompertz, Richards and logistic models.

3.4.1. Modeling Cumulative Biogas Yield Kinetics Using Modified Gompertz Model.
The results obtained from the modified Gompertz model are shown in Table 3. Blended
waste sample G had the highest R2 value of 0.79, showing a good curve fit for the
experimental and predicted data, while control waste sample C had the lowest R? value of
0.25, indicating a poor curve fit for the data. Pretreated waste sample D had the highest A
value of 111.65 L, while blended waste sample G had the lowest A value of 96.85 L. The
control and blended waste samples showed the best and lowest fitting Rmax values. The
highest Rmax value of 21.08 was obtained for control waste sample B, while the lowest value of
11.09 was obtained for blended waste sample G, showing that the maximum and minimum
fitting Rmax values were obtained from different waste sample groups. The lag phase (1)
values show that pretreated waste sample G has the highest value of 1.58, and the blended
waste sample has the lowest value of 0.94.

3.4.2 Modeling Cumulative Biogas Yield Kinetics Using Modified Richard’s Model.
Table 3 shows that the highest Rmax value of 15.66 was obtained for pretreated waste
sample E, while the lowest value of 8.16 was obtained for control sample B. The highest A
value of 275.3 L was obtained from waste sample C, while blended waste sample H had the
lowest value of 201.1 L. The lag phase (1) values show that pretreated waste sample E has the
highest value of 0.64, and control waste sample A has the lowest value of 0.51. Although the
R2 value of waste sample F is 0.29, which is a poor curve f{it for the data, for the blended
waste substates, the R2 value of G is 0.81, which indicates that the model curve fits the
experimental data with precision.

3.4.3. Modeling Cumulative Biogas Yield Kinetics Using a Logistic Function Model
The biogas yields fitted by the logistic equation are shown in Table 3. As can be observed
from the data, the highest Rmax value of 8.53 was obtained for control sample B, while the
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lowest value of 2.19 was obtained for control sample A, showing that the maximum and
lowest fitting Rmax values were obtained in the same waste sample group (control). The
highest A value of 31.87 was obtained from pretreated waste sample D, while blended waste
sample G had the lowest value of 4.37. The lag phase (A) values show that blended waste
sample G has the highest value of 1.36, and blended waste sample H has the lowest value of -
0.06. The highest coefficient of determination (R?) is 0.82 for blended waste sample G, which
shows that the model curve fits the experimental data accurately, and in the case of blended
waste sample F, the R? value is 0.38, showing a poor curve fit for the data.

Overall, the coefficient of determination (R2) measures how well the experimental data are
fitted by the predictive model curve (Table 2). The modified Richards and logistic function
model curves fit the data slightly better than the modified Gompertz model, despite the
three models having desirably high R2 values. The logistic model showed the highest R2
value of 0.82 and a greater average value of 0.59, indicating that the logistic model curve
accurately fits the experimental data. This is followed by the modified Richards model (0.81),
with an average value of 0.57, and the Gompertz model (0.79), with an average value of 0.56.
Among the kinetic models employed, the logistic function model adequately fit the model-
predicted and experimental results with a high coefficient of determination (R2?). The
goodness-of-fit across the kinetic models in predicting daily biogas production with respect
to retention times for the waste samples did not vary significantly. Although no significant
difference was detected between the modified Gompertz and modified Richards models,
with p values of 0.9 and 0.98, respectively, the logistic function model exhibited a significant
difference, with a p value of 0.00.

Table 3: Model fitting parameters for the samples.

Samples Modified Gompertz Model (MGM) Modified Richards Model (MRM) Logistic Model
A(L) Rmax(l/day) | A R- A(L) Rmax(L/day) | A R- A(L) Rmax(L/day) | * R-
(days) | Squared (days) | Squared (days) | Squared

105.58 20.14 1.01 0.49 203.79 10.18 0.51 0.46 9.01 2.19 0.39 0.50
98.61 21.08 1.01 0.71 218.27 | 8.61 0.53 0.67 25.73 | 8.83 0.08 0.69
104.44 20.78 1.01 0.25 275.31 11.50 0.52 0.42 16.82 | 4.73 0.34 0.39
111.65 18.46 0.95 0.71 230.54 12.56 0.53 0.69 31.87 | 7.12 -0.18 0.67
97.44 14.96 1.14 0.51 206.31 15.66 0.64 0.55 15.30 | 4.14 0.59 0.62
101.08 15.39 0.99 0.42 259.32 12.06 0.52 0.29 12.06 | 2.48 0.30 0.38
96.85 11.09 1.58 0.79 233.51 11.92 0.87 0.81 4.37 2.88 1.36 0.82
108.35 19.56 0.94 0.62 201.01 11.14 0.52 0.74 16.50 | 3.12 -0.06 0.58
104.82 17.27 1.10 0.61 2317.11 11.89 0.53 0.66 9.86 2.80 0.89 0.73
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Table 4: Model fitting parameters for the samples cont’d.

Modified Gompertz Model Logistic function

Model Modified Richards Model

Samples SSE RMS | SSE RMSE | SSE RMSE

E

A 4993 |1.19 |47.38 |1.16 52.09 1.22
B 21.54 |0.78 |22.55 |0.80 24.53 |0.84
C 81.04 |1.52 |76.08 |1.47 77.28 |1.49
D 83.05 |1.54 |84.21 1.55 87.03 |1.58
E 54.3 1.25 |51.85 1.22 53.19 1.23
F 96.4 1.66 | 92.33 1.62 90.11 1.60
G 81.3 1.52 | 79.93 1.51 84.98 | 1.56
H 83.5 1.54 | 81.06 1.52 76.43 | 1.48

I 99.2 1.68 |92.6 1.63 96.25 | 1.66

Table 4 provides model fitting parameters for various samples using three different models,
the Modified Gompertz, Logistic Function and the Modified Richards Model. The
performance of each model was assessed by comparing the SSE (Sum of Squared Errors)
and the RMSE (Root Mean Squared Error) for samples with cow dung, cabbage, sandbox and
their mixtures with ash. Comparing all models sample B shows the lowest value of SSE (21.54
to 24.53) followed by RMSE (0.78 to 0.84) perfecting the indices in the cabbage sample. The
sandbox + ash sample (F) yielded the lowest SSE value of (90.11 - 96.40) and RMSE (1.60-
1.66) indicating that it is the poorest fitting model. The Logistic Function Model has the
lowest SSE (47.38) and RMSE (1.16), providing the best fit. Overall, the Logistic Function
Model gives the overall performance in most samples as it has comparatively lower SSE and
RMSE values against the rest of the models.

1618 | www.journal-innovations.com



Cumulative Volume of Gas(L)

Innovations, Number 79 December 2024

Sample A . Volume of Gas
120 —— Predicted
MGM
- e Predicted
Z 100 MRM
8 Predicted LM
T 80
[+8]
£
=
< 60
=
@
=
= 40
=
=
3 20
0
1 4 7 1013161922 252831 34
Retention Time(Days)
Sample B [ ] Volume of Gas
120 s Predicted MGM
E 100 e Predicted MRM
7]
[y
=T4] Predicted LM
T 80
[+8]
£
=
< 60
=
@
=
= 40
=
=
32 20
0

1 4 7 101316192225283134
Retention time (Days)

®  Volume of Gas

Sample C Sample D VolimeofGas
e Predicted
120 MGM 160 e Predicted MGM
s Predicted — predicted MRM
MEM ‘__L 140 e Predicted
100 Predicted LM § Predicted LM
bt 120
80
[+8]
e 100
=
60 < 80
>
2 60
40 =
1]
E 40
20
S 20
: o
0 0
1 4 7 101316192225283134 1 4 7 101316192225283134
Retention Time(Days) Retention Time(days)

1619 ‘ www.journal-innovations.com



Innovations, Number 79 December 2024

L] Volume of Gas

Sample E

e Predicted MGM

140

s Predicted MRM

120
Predicted LM

100

80

60

40

Cumulative Volume of Gas(L)

20
0o®
1 4 7 1013161922 25283134
Retention Time(Days)

Sample F ®  Volume of Gas

e Predicted MGM

140
s Predicted MRM

120
Predicted LM

100

80

60

40

Cumulative Volume of Gas(L)

20

1 4 7101316192225283134
Retention Time(Days)

1620 ‘ www.journal-innovations.com



90
80
70
60
50
40
30
20
10

Cumulative Volume of Gas(L)

160
140
120
100
80
60
40
20

Cumulative Volume of Gas(L)

Innovations, Number 79 December 2024

Sample G ®  Volume of Gas
e Predicted MGM
Predicted MRM

Predicted LM

)

1 4 7 1013161922 25283134

Retention Time(days)

®  Volume of
Gas

Sample H

e Predicted
MGM

Predicted
WRM

Predicted LM

1 4 7101316192225283134

Retention Time(Days)

Sample |

. 150
(=]
3} L]
E 100
E
0 —

—
2g 50 -
£ 0 coe**®’
= 0 eeeeee?
E 1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35
o

Retention Time(days)

®  Volume of Gas

e Predicted MGM

Predicted MRM

Predicted LM

Figure 3: Kinetic model Prediction plots of the cumulative biogas yield fitted with Modified
Richards, Modified Gompertz and Logistic function model for Sample A-I.

3.3.4. Machine Learning Model
The performance metrics of a machine learning model that predicts the production of biogas
through anaerobic codigestion of cow dung, leaf litter from sandbox and cabbage waste are
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shown in Figure 4, 5 and 6. The average squared difference between the actual and predicted
values of biogas production is measured by the XGBoost model mean square error (MSE) with
an average squared error of 0.5518, the predictions of the XGBoost model are relatively close
to the actual values, as indicated by the MSE. In general, better model performance is indicated
by lower MSE value. The coefficient of determination, or R2 wvalue, shows how well
the independent variables account for the variability in biogas production. With an R2 value of
0.71, the model accounts for 71% of the variation in biogas production which suggests that the
XGBoost model has an acceptable degree of prediction accuracy. Even though the XGBoost
model performed well, its accuracy was not as high as that of the traditional kinetic models
(logistic function, modified Richards, and modified Gompertz) used in this study, whose R2
values ranged from 0.79 to 0.82 respectively.
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Figure 4: Mutual information gains value of the input variables.
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3.3.3 Performance comparison of the Models

When comparing models, the R2 values and ft statistics of the kinetic and machine learning
models across different test scenarios need to be considered (36). These metrics reveal the
degree to which the models accurately predict the data and the degree to which they capture
data variability. For the kinetic models used in this study, the logistic model showed the highest
R2 value of 0.82 and a greater average R2 value of 0.59, indicating that the logistic model curve
accurately fits the experimental data. This is followed by the modified Richards model, with an
R2 value of 0.81 and an average R2 value of 0.57, and the Gompertz model, with an R2 value of
0.79 and an average value of 0.56. The logistic function model accounts for a sizable portion of
the variance in the observed data based on the R2 values. The XGBoost model exhibited a low
RMSE value of 0.5518 and a high R2 value of 0.71, demonstrating its great degree of accuracy.
Finally, the logistic function model was used to compare the kinetic and machine learning
models. Based on a performance comparison using R? values, it can be observed that the
logistic function model (R? = 0.82) accounts for 82% of the variance and is the most successful in
biogas yield prediction. The Richards (R2 = 0.81) and Gompertz (R2 = 0.80) models also
provided strong fits that were close to those of the logistic model. Overall, for this dataset, the
XGBoost model (R2 = 0.71) is a useful tool for predicting biogas production, providing good but
not optimal accuracy compared to traditional kinetic models. In this study, the traditional
kinetic models predicted the biogas yield better than the XGBoost model.

Comparison of R? values for the different models

0.84
0.82
0.8
0.78
2 0.76
T 074
2072
0.7
0.68
0.66
0.64
logistic function equatiion Modified Richards Modified Gompertz XGBoost
Models

Figure 6: Comparison of the coefficient of determination values for kinetic and machine
learning model.

4.0. Discussion

Animal and plant wastes show potential for large-scale biogas generation and are
attractive sources of feedstock for anaerobic digestion. The physiochemical properties of
the materials used in this research, with respect to minimum to maximum values, are TS
(0.25-3.09%) and moisture content (95.11-97.31%), which are lower than the findings
obtained for (37), who reported TS of 9% and 9.1%, respectively, for ideal biogas
production. Furthermore, (38) recorded a higher methane output for anaerobic digestion
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with lower TS. This discrepancy was attributed to the various moisture content ranges
examined. Thus, the lack of water, which can occur at a greater TS content in the digester
can affect the ability of methanogens to bioconvert acids to biomethane. The volatile solids
(VS) content obtained for waste samples in this paper (0.21-2.63%) is lower than the VS
content of 83.74% reported by (39). This quantity is adequate for biogas production and
anaerobic digestion. The quality and biogas yield of digester feeds are significantly
influenced by their close composition. The difficulty of fully hydrolyzing the cellulose,
hemicellulose, and lignocellulosic components of crop residue and other plant wastes
makes them less easily digested than animal wastes. (40). Since no single waste is likely to
be suitable for use as biomass to produce biogas on its own, the characteristics of the
feedstock are crucial for the quality (methane content) and overall yield of the biogas (41).
Optimizing feedstock properties and other digester operational parameters is necessary
to increase the efficiency of biogas generation and maximize microbial activity in
anaerobic digestion. This was accomplished using co-substrate fermentation and
digestion (42). The biogas generation of the waste samples began on day 1 despite its low
volume and lack of flammability. The C/N ratios for non-pretreated waste samples (A-C)
(21.48-47.07%), pretreated waste samples (D-F) (21.73-46.00%) and blended waste
samples (G-I) (26.48-34.69%) are greater than the suggested range of C:N ratios of 25-
30:1, which is ideal for biogas production (43). One of the crucial factors to be considered
in anaerobic digestion is the carbon to nitrogen (C/N) ratio. There will not be any further
reactions on the substrate's residual carbon content when the C/N ratio is very high since
the methanogenic bacteria quickly consume nitrogen to satisfy their protein requirements.
The maximum methane potential is reached with high C/N ratios. On the other hand, a low
C/N ratio will result in an excessive release of nitrogen from microbial metabolism, which
will subsequently build up as ammonia (44).

The Gas chromatography results from this study revealed that sample I which represents
the digester containing cow dung, cabbage and sandbox blended in ratio (60:20:20)
produced the highest quantity of methane (41%), follow closely by sample D (digester
containing cowdung and ash) and E (digester containing cabbage and ash) (40% each).
Therefore, the blended waste sample produced the highest quantity of methane followed
by the pretreated waste sample then the unpretreated(control) waste sample. Therefore
digester I containing cowdung, cabbage and sandbox blended in ratio (60:20:20) which
produced the highest quantity of methane (41%) can be attributed to the synergistic effect
of the waste blends, increased diversity of microorganisms, improved nutrient
balance(C/N) ratio and reduced process limitation. Methane levels in this study (41%)
were lower than those of (45), which looked at how different organic wastes affected the
biogas output from carbonated soft drink sludge. In that study, waste blends were used to
create flammable biogas with high methane contents. Methane (76.5%), CO2 (20.1%), and
CO2 (18.4%) were present in the CS: POS, CS: SW, and CS: RH, respectively.
Nevertheless, similar studies also showed that codigestion of food wastes with livestock
manure, such as sewage sludge, cow dung, and effluent, increases biogas yield, stability
and methane concentration (46). This study also aimed to investigate the potential of
traditional kinetic and machine learning algorithms in predicting biogas production from
anaerobic co-digestion of lignocellulosic biomass. The results show that while biogas
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output may be accurately predicted using both models, traditional kinetic models
performed better in terms of accuracy than the machine learning model (XGBoost). This
result is in alignment with other recent research that predicted the output of biogas from
anaerobic digestion using machine learning techniques. For instance, XGBoost was
utilized in a 2021 study by (47) to forecast the generation of biogas from food waste, and
the results showed an R2 value of 0.85. This study's comparison of kinetic and machine
learning models demonstrates the predictive ability of machine learning algorithms for
biogas generation which contrasts with the result obtained by this present study. Machine
learning algorithms are ideally suited for predicting the generation of biogas from
anaerobic digestion because they can manage complex relationships between variables
and learn from large data sets. On the other hand, kinetic models can be utilized to
optimize process conditions and offer a mechanistic knowledge of the anaerobic digestion
process (48). These models have intrinsic limitations, even though they offer valuable
insights. Machine learning algorithms (MLAs) are prone to overfitting, which can
compromise a model's capacity to generalize to new datasets. The quality, representation,
and biases of the dataset may have an impact on the model's performance. Overall, the
results show that kinetic and machine learning models may both be used to forecast the
production of biogas from the anaerobic co-digestion of lignocellulosic biomass. The
results of this study can be utilized to improve anaerobic digestion's biogas yield and
create more precise prediction models.

5.0. Conclusion

This study results shows that the pretreatment and blending of cabbage waste with the leaf
litter of sandbox codigested cow dung enhances biogas yield. Analysis of the models used
to predict biogas production during the anaerobic process yielded important insights into
the advantages and disadvantages of each model and which model better predicts and fits
the experimental data. The strong relationship between the experimental and model-
predicted data is demonstrated by the high coefficient of determination (R?) obtained
from the models. The logistic function model’s better curve fitting was found to be best
suited for the simulation of the experimental process, with a high (R?) value of 0.82. Strong
predictive performance was also demonstrated by the Gompertz model (R2 = 0.80) and
the Richards model (R2 = 0.81). Compared with the kinetic models, the XGBoost machine
learning model's R? value of 0.71 indicates that it is less successful at predicting biogas
yield. The results showed that the traditional kinetic models performed better than the
machine learning models. The use of a kinetic model in this study has shed important light
on the effectiveness and potential of anaerobic digestion (AD) as a waste-to-energy
solution while contributing to the improvement of biogas production from typical organic
substrates by bridging theoretical modeling with actual implementation. The use of
cabbage waste, leaf litter from sandbox trees, and other waste substrates in the
production of biogas will greatly reduce national energy demand, improve environmental
quality by eliminating cities with nuisances that litter the streets and serve as potential
sources of dangerous pathogenic microorganisms, minimize greenhouse gas emissions,
rely less on fossil fuels, and advance a circular economy. This study provides useful
information to stakeholders, policymakers, and operators of biogas plants who are
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interested in greenhouse gas reduction techniques and the concepts of the circular
economy. The wastes used in this study has shown to be ideal for producing "green
energy," following their high carbon-to-nitrogen ratio, which optimizes microbial activity
during anaerobic digestion. The models employed in this study successfully simulated the
experimental process. Although the XGBoost model shows potential, more optimizations,
such as feature engineering or parameter tuning, might be necessary to increase the
predictive accuracy of the model. Subsequent investigations may concentrate on
augmenting the efficacy of machine learning models or investigating hybrid
methodologies that merge the advantages of both kinetic and machine learning models.
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