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INTRODUCTION 

The usage of fossil fuels can negatively im-
pact the environment by increasing greenhouse 
gas emissions and carbon accumulation, contrib-
uting to the global energy problem (Winquist et 
al., 2019). Organic material is becoming increas-
ingly recognized as an abundant alternative energy 
resource, and its supply is not related to swings in 
global economic situations and politics (Kothari et 
al., 2010; Zhang et al., 2007). Organic matter has a 
high potential for producing vast amounts of clean 
energy (Scano et al., 2014), thus helping to solve 
the global energy concerns (Elsayed et al., 2016; 
Kothari et al., 2010; Zhang et al., 2007). 

The majority of organic materials are usually 
used as substrates, such as animal manure (cattle, 
sheep, goat, pig, poultry, horse, etc.), agricultural 
wastes (paper, water hyacinth, etc.), wastewater, 

and solid waste. These substracts have demon-
strated to be feasible for the generation of biogas 
(Umeghalu et al., 2012). One of the key benefits 
of using manure as a source of biogas genera-
tion is its widespread availability as a domestic 
resource in rural communities, which can mini-
mize reliance on fossil fuels (Varma et al., 2017). 
Therefore, constructing biogas systems to be 
funneled into biogas stoves, especially in rural 
areas, will serve as an alternative energy source 
for generating electricity and cooking gas given 
the well-known biogas potential from livestock 
manure (Amogha, 2020; Anand et al., 2021). Al-
though raising livestock is common in rural areas, 
where nearly all of the feedstock is found, it will 
be challenging to determine the exact amount of 
waste they produce. It also makes estimating the 
potential for biogas production challenging, par-
ticularly considering that animals often walk in 
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search of nutrition. However, the process of an-
aerobic biodigestion (AD) has shown to be a vi-
able and effective way of producing biogas. It has 
several benefits, including the ability to eradicate 
pathogens, reduce pollution, stabilize wastes, and 
decrease biomass. As a result, AD is regarded as a 
competitive source of clean energy.

The process of AD in biogas systems emits 
fewer pollutants and greenhouse gases than oth-
er treatment of waste methods, like incineration 
(Oliveira and Rosa, 2003), composting (Walker 
et al., 2009), and landfilling (Lou and Nair, 2009). 
It is generally used to break down organic wastes 
and produce energy as biogas (Lema and Omil, 
2001). Four phases occur inside an anaerobic bio-
digester with absent oxygen, including hydroly-
sis, acidogenesis, acetogenesis, and methanogen-
esis. Anaerobic microbes, including fermentative, 
acetogenic, and methanogenic bacteria, convert 
biodegradable organic matter into high-energy 
biogas with methane (50–70%), carbon dioxide 
(30–40%), and trace amounts of H2, N2, H2S, and 
O2 (Li et al., 2011).

The anaerobic biodigestion technique for cre-
ating biogas can be performed through the batch, 
plug flow, fixed dome, and floating drum plants, 
each having advantages over the others. Batch 
plants have become extensively applied, primar-
ily because they are simple and inexpensive to 
set up, work, and maintain (Hilkiah et al., 2008; 
Widodo et al., 2009). The digestate still contains 
sufficient nitrogen, ammonium, and other miner-
als to promote plant growth and is utilized as a 
conditioner for soil or fertilizer supplementation 
(Budiyono et al., 2010). 

Correct mathematical models explaining the 
process are necessary to create an excellent and 
very dependable design of a plant biodigester as 
well as analyze its effectiveness and productiv-
ity (Adamu and Aluyor, 2013). Numerous math-
ematical models have been described, including 
stoichiometry-based models for estimating the 
generation of biogas and responses, and kinetics-
based models that account for substrate limita-
tion, product inhibition, and other factors (Gerber 
and Span, 2008; Manjusha and Beevi, 2016). One 
of these models is the modified Gompertz model, 
which is a suitable choice for simulating batch an-
aerobic degradation of organic waste. This model 
shows the lag phase and greatest biogas genera-
tion rate (Syaichurrozi et al., 2018). The Logistic 
kinetic model explains a time-dependent process 
that begins with exponential growth and slows 

down to a plateau after saturation (Chan and Ga-
reth, 2022a). Another model is the Transference 
model, which explains the relationship between 
biogas output and the activity of bacteria (Van et 
al., 2018) However, optimizing biogas yield from 
manure necessitates robust modeling of the diges-
tion process (Jijai and Siripatana, 2017; Manjusha 
and Beevi, 2016). Despite the existing research 
on biogas production from animal manure, inves-
tigations into the specific combination of camel 
and sheep manure with tomato residue and rumen 
as co-substrates are limited. Furthermore, kinetic 
modeling of this unique co-digestion process re-
mains relatively unexplored. In order to bridge 
the current gaps in this area of research, the cur-
rent study aimed to evaluate the biogas produc-
tion of this specific co-digestion mixture as well 
as examine kinetic model on batch anaerobic 
co-digestion of camel and sheep manure with 
tomato residue and rumen as co-substrates. The 
study sought to identify the most accurate model 
for fitting biogas yield curves, defining kinetic 
parameters by applying the Modified Gompertz, 
Logistic, and Transference Models, and apply 
the cross-validation technique to identify vari-
ability in models performance. The outcomes of 
this research hold the potential to contribute to the 
development of efficient and sustainable biogas 
production systems.

METHODOLOGY 

Experimental set-up

Anaerobic biodigesters had six samples with 
a volume of 1000 mL. Six bio-digester samples 
were labeled as A1 and A2, B1 and B2, and C1 
and C2. The bottles were fed by substrates con-
taining sheep manure and camel manure, which 
were collected from a Bish farm situated in the 
Jazan region in Saudi Arabia. Tomatoes have 
been obtained from home kitchen waste that is 
used as co-substrate and the rumen fluid of sheep 
was sourced from the slaughtered livestock mar-
ket. A1 and A2 contained a 100% manure mix-
ture combined with 240 mL of seawater in a 1:1 
volumetric ratio. B1 and B2 contained an 80% 
mixture of manure and 20% tomatoes mixed with 
240 ml of seawater with a ratio of 1:1. C1 and C2 
contained an 80% manure mixture and 20% ru-
men fluid, combined with 410 mL of seawater in 
a 1:2 ratio. These ratios are volumetric, indicating 
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the volume proportions of substrate mixtures to 
seawater in each sample. The internal content of 
all biodigesters is shown in Table 1. The three 
samples were connected to Tedlar bags to col-
lect the gas produced for 14 days, while the other 
three samples were monitored daily using glass 
graduated cylinders to determine the amount of 
gas produced. The biodigesters were operated 
twice previously, and it was observed that gas 
production decreased after 14 days. However, the 
duration may vary in other gas production opera-
tions, as the duration depends on many factors, 
including the type of feeding and the ratio (Khalid 
et al., 2011; Yadvika et al., 2004). The results of 
these experiments were published in authors’ pre-
vious work (Alharbi et al., 2023).

Biogas production

The gas tests were carried out for A1, B1, and 
C1 using gas chromatography (GC) with GC-
US17273025 serial number. On the other hand, 

the daily biogas produced from A2, B2, and C2 
was determined via water displacement. Figure 1 
shows the experimental set-up of samples.

Kinetic models

The kinetic model for anaerobic digestion is 
a fundamental tool used to predict various param-
eters and behaviors within the anaerobic digestion 
process. These models provide insights into the 
rates at which these biochemical reactions occur, 
enabling the optimization and control of anaerobic 
digestion systems. Anaerobic biodigester laborato-
ry results were compared to three distinct models, 
namely the modified Gompertz model (Elsayed et 
al., 2022; Etuwe et al., 2016; Feng et al., 2018), 
the logistic model (Musingarimi et al., 2019; Pom-
mier et al., 2007) and Transference model (Clark-
son, 2023; Manu and Clarkson, 2022; Ugwu et al., 
2018), in order to determine which model had the 
better fitting.  Following are the types of the mod-
els that were utilized in the current study:

Table 1. Internal feeds of all biodigester

Samples Substrate Co-substrate Water content
(ml) Ration (S:W) Total volume 

content (g)
A1

Camel and sheep 
manure

- 240 (1:1) 480

B1 Tomato 240 (1:1) 540

C1 Rumen 410 (1:2) 700

Figure 1. The experimental set-up of anaerobic biodigester
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The modified Gompertz model

This model was utilized by researchers to es-
timate volume biogas production. The modified 
Gompertz is expressed in Equation 1 (Chan and 
Gareth, 2022b)
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where:	 P˳ – represents maximum biogas yield at 
digestion time t (mL/g); P – maximum 
biogas production (mL/g ); R – biogas 
production rate (day-1); L – lag phase 
(day); e – equipment 2.718282 (logarith-
mic constant ), t – hydraulic retention 
time (day).

The logistic model

One of the intricate models created espe-
cially for exploring the P˳(Opurum, 2021). The 
logistic kinetic is presented in Equation 2 (Deep-
anraj et al., 2015)
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where:	P˳ – represents maximum biogas yield at 
digestion time t (mL/g); P – maximum 
biogas production (mL/g ); R – biogas 
production rate (day-1); L – lag phase 
(day), t – hydraulic retention time (day).

The transference model

The transference function, which is usu-
ally included to fit both inputs and outcomes 
mathematically in either black box or curve-
type models, is typically employed to evaluate 
the success rate of pretreatments (Y. Li et al., 
2013). This model is given by Equation 3 (Gal-
lipoli et al., 2020).
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where:	P˳–  represents maximum biogas yield at 
digestion time t (mL/g); P – maximum 
biogas production (mL/g); R – biogas pro-
duction rate (day-1); L – lag phase (day), t 
– hydraulic retention time (day).

All these parameters are called kinetic param-
eters, except P˳ and t. For large-scale anaerobic 
reactors to operate at their best and for the devel-
opment of digestion systems, kinetic parameters 
are crucial (Paritosh et al., 2018).

Statistical analysis

The result analysis was performed using 
SPSS statistics software. The statistical signifi-
cance of the models was estimated by the anal-
ysis of variance (ANOVA). The most popular 
statistical method for determining, assessing, 
and examining the link between both indepen-
dent and dependent variables is regression anal-
ysis (Sarstedt and Mooi, 2014). Furthermore, 
non-linear regression was used for calculating 
the kinetic parameters. The choice of the best 
kinetic model for analysis in fields like biogas 
production often depends on metrics that as-
sess the accuracy and predictive power of the 
model. Two key metrics commonly used for this 
purpose are the coefficient of determination R-
squared and Root Mean Square Error (RMSE) 
(Chicco et al., 2021). In the current study, the 
highest of the definition coefficients (R2) and 
the smallest root mean square error (RMSE) 
were calculated, proving the accuracy of this 
approach (Zahan et al., 2018). RMSE is a mea-
sure of the differences between values predicted 
by a model and the actual values. It is calculated 
by taking the square root of the average of the 
squared differences between the predicted and 
actual values (Chai and Draxler, 2014). 
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where:	N – represents the number of experimen-
tal runs; Pi,exp​ – denotes the experimental 
values for the i-th experiment; and Pi, pre​ – 
refers to the model predictions for the i-th 
experiment (Onu et al., 2022).

Leave-one-out cross-validation 
(LOOCV) technique

The purpose of LOOCV is a cross-valida-
tion technique used to estimate how well a pre-
dictive model will perform on unseen data. It 
provides a robust method for assessing model 
generalization. Each observation is used once 
as a validation set, while the rest of the data 
is used as the training set. This process is re-
peated for every observation in the dataset. It 
gives a detailed measure of the model’s ac-
curacy across the entire dataset, providing a 
more comprehensive assessment of model per-
formance (Yates et al., 2023). LOOCV results 
in a series of metrics as R-squared, RMSE, 
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and mean absolute error (MAE) calculated for 
each iteration (Somogyi, 2021). The average 
of these metrics gives an overall measure of 
the model’s performance and generalization.

RESULTS AND DISCUSSION 

Biogas production measured experiment

The biogas was collected at mesophilic 
temperature for 14 days. The anaerobic bio-
digester system was stabilized better under 
mesophilic conditions (Nges and Liu, 2010). 

The growth rate of methanogenic bacteria in 
a batch biodigester system is shown in Table 
2. Due to the delayed growth of methanogenic 
bacteria, often known as the lag phase parame-
ter, gas generation started a few days later than 
expected. The gas realization started quickly 
after two to four days because of the biologi-
cal exponential growth system. However, after 
roughly 12 to 14 days, gas generation appears 
to be decreasing. It is possible to anticipate that 
at this point the microbial growth is in the sta-
tionary phase, meaning that the rates of death 
and growth are equal. The yield of gases in cer-
tain systems decreased and eventually stopped 
after around 14 days of incubation. This could 
be explained by the methanogen growth de-
clining as a result of the limiting nutrient drop 
or total exhaustion. Figure 2 shows daily bio-
gas production from all biodigesters.

The lag phase lasted for 4 days in A2, 2 days 
in B2, and only one day in the C2 sample. There-
fore, A2 recorded the lowest gas production dur-
ing 14 days. The highest gas production was on 
the 14th day in C2 (16.97 mL), whereas after 
the 14th day, reduced gas productivity in C1 was 
observed. According to the test, the gas became 
flammable on the 14th day in C2.

In the A2 plant, biogas generation started 
quickly on the second day. The maximum yield 
was determined in digester C2, reaching 16.97 
ml, whereas the minimum volume biogas val-
ue was observed in digester A2, reaching 9.84 
ml. Each sample of gas was tested using Gas 

Table 2. The daily biogas yield of biodigesters
Days A2 (ml/Day) B2 (ml/Day) C2 (ml/Day)

1 0.00 0.00 0.00

2 0.00 0.00 1.30

3 0.00 0.05 1.90

4 0.00 1.09 2.69

5 0.70 2.25 3.60

6 1.65 3.00 3.88

7 2.20 3.35 4.65

8 2.98 4.90 5.00

9 3.72 5.10 6.81

10 5.41 7.50 9.34

11 5.33 8.45 10.22

12 6.94 11.20 14.87

13 7.68 11.95 16.11

14 9.84 11.99 16.97

Figure 2. Plot of daily biogas yield from biodigesters
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Chromatography (GC). The concentration of 
biogas for the various biodigesters observed 
had disparate yields. The A1, B1, and C1 bio-
digesters yielded 58.98%, 59.08%, and 69.30% 
methane concentrations, respectively. Overall, 
the outcome of the three samples of biodigester 
suggests that C1 produces the greatest amount 
of methane yield when compared to A1 and B1. 
The experimental data were examined to deter-
mine the best model for predicting the produced 
biogas. The Transference Model, Logistic Mod-
el, and Modified Gompertz Model are the three 
kinetic models that were fitted with the experi-
mental data on the three samples.

Modified Gompertz modeling 
of biodigester reactors

The predicted biogas yields of A2, B2, and 
C2 based on the modified Gompertz model start-
ed from 0.05–9.32, 0.11–12.67, and 0.78–17.93 
ml/day. This model was used to simulate the ki-
netic process. Non-linear regression was applied 
to determine the kinetic parameters of P, R, and 
L. Table 3 contained a comprehensive represen-
tation of the established kinetic parameters. For 
samples A2, B2, and C2 the estimated value of 
maximum biogas production P was 19.66, 2.981, 
and 129.050 ml respectively. Additionally, the 
biogas production rate R of A2, B2, and C2 was 
1.153, 1.386, and 3.470 ml/day respectively. In 
turn, the lag phase that represented L of samples 
A2, B2, and C2 was 5.887, 4.620, and 9.621 
DAY-1, respectively. The graph in Figure 3 was 
created to show experimental data and simulate 
a modified Gompertz model.

Logistic modeling of biodigester 
reactor operation

The predicted biogas yields of A2, B2, and 
C2 based on the Logistic model started from 
0.21–9.26, 0.34–12.48, and 0.90–17.74 ml/
day. The logistic model was utilized to create a 
kinetic simulation of the generation of biogas 
based on experimental results gathered from 
volume biogas yield production. The kinetic 
parameters of P, R, and L were determined by 
applying Non-linear regression analysis. Table 
4 contains a comprehensive representation of 
the established Logistic kinetic parameters. 

For samples A2, B2, and C2, the estimat-
ed value of maximum biogas production P was 
12.274, 14.713, and 29.997 ml, respectively. Ad-
ditionally, the biogas production rate R of A2, B2, 
and C2 was 1.221, 1.550, and 2.216 ml/day while 
the lag phase that represented the L of samples 

Table 3. Kinetic parameters of modified Gompertz model
Parameter 
estimates P (ml) R (ml/day) L (day-1)

A2 19.660 1.153 5.887

B2 20.981 1.386 4.620

C2 129.050 3.470 9.621

Table 4. Kinetic parameters of the Logistic model
Parameter 
estimates P (ml) R (ml/day) L (day-1)

A2 12.274 1.221 6.157

B2 14.713 1.550 5.171

C2 29.997 2.216 5.984

Figure 3. Comparison of experimental data and predicted outcomes modified Gompertz model
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A2, B2, and C2 was 6.157, 5.171, and 5.984 DAY-

1, respectively. The graph in Figure 4 was created 
to show experimental data and simulate the pre-
diction of the Logistic model. 

Transference modeling of biodigester 
reactor operation

The predicted biogas yields of A2, B2, and C2 
based on the Transference model started from -1.58–
8.21, -1.70–11.82, and -1.49–15.39 ml/day. This 
model was used to simulate three kinetic parameters. 
Non-linear regression analysis was applied to deter-
mine the kinetic parameters of P, R, and L. Table 5 
contains a comprehensive representation of the es-
tablished Transference kinetic parameters.

For samples A2, B2, and C2, the estimat-
ed value of maximum biogas production P was 
68423.945, 66703.774, and 90417.190 ml respec-
tively, and the biogas production rate R of A2, B2, 
and C2 was 1.221, 1.550, and 2.216 ml/day. Also, 
the lag phase, represented as the L of samples A2, 
B2, and C2 was 6.157, 5.171, and 5.984 day-1 re-
spectively. The graph in Figure 4 was created to 
show experimental data and simulate the predic-
tion of the Logistic model. The fitting model is 
shown in Figure 5.

Comparison of predicted valued 
and experimental data

The authors of the current research compared 
the observed biogas yield to the estimated biogas 
yield derived from the modified Gompertz, Lo-
gistic, and Transference models as illustrated in 

Figure 6, Figure 7 and Figure 8. The daily biogas 
production yield in this study proved to generally 
follow a comparable shape  as noted by (Musa 
Abubakar et al., 2022)

In Figure 6, Figure 7, and Figure 8, the C2 bio-
digesters exhibited the highest kinetic parameter 
of R compared to the A2 and B2 biodigesters. This 
indicates that the growth rate of rumen waste was 
the fastest in the C2 biodigesters so the predicted 
values agree with the experimental values. More-
over, the B2 biodigesters had a higher growth rate 
than A2 biodigesters, implying that the growth 
rate of C2 and B2 as a co-biodigester was optimal 
for B2 as a single biodigester. The R-squared val-
ues for the three kinetic models used in this study 
by SPSS statistics are presented in Table 6.

The R-squared values obtained were consid-
ered good for all nine biodigesters, but modified 
Gompertz demonstrated to be an improved fit for 
the simulation of the measurements, as it could ac-
curately represent the curves in the plots, with the 
highest correlation coefficient R2 (0.987, 0.985 and 
0.980) than Logistics (0.981, 0.985 and 0.982) and 
Transference models (0.933, 0.955, and 0.920). 
The research by Moharir et al. (2020) found that 
the modified Gompertz model had higher R-
squared values (0.98, 0.83, and 0.99) compared 

Figure 4. Comparison of experimental data and predicted outcomes of the Logistic model

Table 5. Kinetic parameters of the Transference model
Parameter 
estimates P (ml) R (ml/day) L (day-1)

A2 68423.945 0.753 3.095

B2 66703.774 1.040 2.636

C2 90417.190 1.299 2.145
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Figure 6. Comparison of experimental values and predicted values by the modified Gompertz model

Figure 5. Comparison of experimental data and predicted outcomes Transference model

to the Logistic model (0.97, 0.83, and 0.99) in a 
kinetic model of biogas generation from cow ma-
nure, horse waste, and industrial culture over 14 
days. According to Ejimofor et al. (2020), the lo-
gistic model’s regression coefficient (R-squared = 

0.997) was greater than that of the modified Gom-
pertz model (R-squared = 0.64) for biogas produc-
tion kinetics from paint wastewater. They suggest-
ed that the logistic model is suitable for simulating 
cumulative biogas production. Similarly, research 



18

Journal of Ecological Engineering 2024, 25(8), 10–23

Figure 7. Comparison of experimental values and predicted values by the Logistic model

Figure 8. Comparison of experimental values and predicted values by the Transference model

by Elkawnie et al. (2021) found that the logistic 
model had a higher R-squared value (0.9951) 
compared to the modified Gompertz model (R-
squared = 0.9817) for simulating cumulative bio-
gas production from tofu liquid waste. 

Furthermore, These models were analyzed to 
compare their RMSE across different samples, i.e. 
A2, B2, and C2. Table 7 shows the RMSE val-
ues obtained from Excel. For the Modified Gom-
pertz model, the RMSE values were 5.9562 for 
A2, 5.8918 for B2, and 3.2651 for C2. This trend 

indicates that C2 is the most accurate configuration 
among the three, with lower RMSE values repre-
senting more accurate predictions. In the Logistic 
model, the RMSE values were lower compared 
to the Modified Gompertz model. The RMSE for 
the Logistic model was 3.5276 for A2, 3.3660 for 
B2, and 2.8870 for C2, indicating that again, C2 is 
the most accurate configuration. The Transference 
model could not be evaluated due to an error, sug-
gesting potential issues with this model. In a re-
cent study (Shitophyta et al., 2023) They suggested 
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employing the logistic model for the kinetic mod-
eling of the anaerobic digestion of pretreated maize 
stover since its RMSE was lower (RMSE = 2.3029) 
and its R-squared value was higher (R-squared = 
0.9452) than that of the modified Gompertz model 
(RMSE = 4.4800) and (R-squared = 0.9416).

Comparison of kinetic models using 
Cross-validation technique 

While LOOCV, R-square, and RMSE are re-
lated, since they all evaluate model performance, 
they are not the same and often produce different 
results. The primary advantage of LOOCV is that 
it evaluates models in a more robust, generalized 
context. In contrast, R-square and RMSE calcu-
lated without cross-validation are more limited, 
focusing on a single dataset or set of predictions. 
However, LOOCV may lead to higher computa-
tional costs, it often yields more reliable insights 
for model comparison and validation. On the ba-
sis of the provided data, LOOCV technical can 
be made to determine which model performs best 
based on RMSE, MAE, and R-squared. The Gom-
pertz model was analyzed across three samples, 
with the following results, the A2 samples emerged 
as the best-performing sample, with RMSE of 
0.3559, MAE of 0.2943, and a high R-squared 
value of 0.9872. This indicates low prediction 
errors and strong fit to the data. The B2 sample, 
showed slightly less accuracy compared to A2. 
It had an RMSE of 0.5223, MAE of 0.4264, and 
R-squared value of 0.9852. Although this sample 
performed well, it was outperformed by A2. The 
C2 sample, displayed the highest errors among the 

Gompertz model variations, with RMSE of 0.7707 
and MAE of 0.6414. Additionally, its R-squared 
value of 0.9801 was the lowest, indicating a less 
accurate fit. In the analysis of the Logistic model, 
A2 sample was the best performer, with RMSE of 
0.4320, MAE of 0.3871, and R-squared value of 
0.9811. The performance of this sample was rela-
tively strong and reliable. The B2 sample, while 
competitive, showed a slightly higher RMSE of 
0.5245, MAE of 0.4507, and R-squared value 
of 0.9851. Although it had a similar R-squared 
value to A2, its higher errors indicated a slightly 
reduced accuracy. The C2 sample had the high-
est RMSE among the Logistic model variations, 
at 0.7320, with MAE of 0.6107 and R-squared 
value of 0.9820. This suggests that this sample 
is less reliable in terms of prediction accuracy. 
For the Transference model, the A2 sample was 
the best-performing, but with noticeably higher 
errors than the other models. It had an RMSE of 
0.8120, MAE of 0.6793, and R-squared value of 
0.9332, indicating a lesser fit and higher predic-
tion errors compared to the other models. The B2 
sample showed a moderate drop in performance 
compared to A2, with RMSE of 0.9120, MAE of 
0.7379, and R-squared value of 0.9548. While 
these metrics were better than C2, they reflected 
a decline compared to A2. The C2 sample had the 
highest errors and the lowest R-squared among 
all Transference model samples. With RMSE of 
1.5474, MAE of 1.3886, and R-squared value of 
0.9196, it demonstrated the lowest predictive ac-
curacy, indicating this sample was the least suit-
able for reliable model predictions. The RMSE, 
MAE, and R-squared values were summarized for 

Table 6. Results of coefficient of determination value using SPSS

Types of models
R2

A2 B2 C2

Modified Gompertz 0.987 0.985 0.980

Logistics 0.981 0.985 0.982

Transference 0.933 0.955 0.920

Table 7. Results of RMSE value using Excel

Types of models
RMSE

A2 B2 C2

Modified Gompertz 5.9562 5.8918 3.2651

Logistics 3.5276 3.3660 2.8870

Transference Error
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the Modified Gompert, Logistic, and Transference 
Model using LOOCV, as shown in Table 8.

On the basis of the given metrics, the Gom-
pertz model with an A2 sample appears to be 
the most accurate and predictive, with the low-
est RMSE and MAE and the highest R-square. 
The Logistic model with A2 sample also per-
forms reasonably well, but has slightly higher 
errors. The Transference model has the high-
est errors and lower R-square, indicating it is 
less suitable for the given data. These findings 
align with those published in a previous study 
by Moharir et al. (2020). However, other au-
thors, such as Shitophyta et al. (2023b), have 
indicated that the logistic model is the most 
accurate for estimating cumulative yields and 
modeling kinetic processes in the anaerobic di-
gestion of pretreated corn stoves.

CONCLUSIONS 

Results show that the mesophilic condition is 
suitable for biogas production. Furthermore, co-
digestion in C2 and B2 increased biogas produc-
tion. The selection of an optimal kinetic model 
for biogas production analysis typically hinges 
on metrics the coefficient of determination (R-
squared) and Root Mean Square Error (RMSE) 
that evaluate model accuracy and predictive pow-
er. LOOCV provided accurate results from SPSS 
and Excel. However, the outcome of the kinetics 
analysis demonstrated that modified Gompertez 
with high R-squared (0.9872) showed a significant 
link between experimental data and lowest RMSE 
(0.3559). Thus, it is evident that the modified 
Gompertz model equation is optimal for the pre-
diction of maximum daily biogas production rate 
and provides a better fit for biogas yield curves. 

The technology of anaerobic digestion and biogas 
production has shown to be the way to advance en-
vironmentally acceptable and sustainable agricul-
tural and industrial waste management pathways 
that are rich in biomass. While the authors suggest 
future investigations in AD utilizing the multiple 
kinetic models, the preliminary results in this study 
might prove useful for arranging for the anaerobic 
fermentation of animal manure for large-scale bio-
gas production.

REFERENCES 

1.	 Adamu, A.A., Aluyor, E.O. 2013. Empirical 
model for predicting the rate of biogas pro-
duction.  Global Journal of Engineering Re-
search, 12(1), 63–68. https://api.semanticscholar.
org/CorpusID:110073176

2.	 Alharbi, M., Alseroury, F., Alkthami, B. 2023. Bi-
ogas production from manure of camel and sheep 
using tomato and rumen as co-substrate. Journal of 
Ecological Engineering, 24(11), 54–61. https://doi.
org/10.12911/22998993/170984

3.	 Amogha A.K. 2020. Wireless Transmission of Solar 
Generated Power. International Journal of Scientific 
Research in Network Security and Communication, 
8(5), 13-15.

4.	 Anand, D.G., Lakshmi Niharika K. , Shrikala, Su-
nanda L., Varsha M. 2021. The development of 
an innovative hybrid stove with solar and biogas 
for rural areas. International Journal of Computer 
Sciences and Engineering, 9(6), 25–28. https://doi.
org/10.26438/ijcse/v9i6.2528

5.	 Budiyono, I.N., Johari, S., Sunarso. 2010. The kinet-
ic of biogas production rate from cattle manure in 
batch mode. World Academy of Science, Engineer-
ing and Technology, International Journal of Chemi-
cal, Molecular, Nuclear, Materials and Metallurgical 
Engineering, 4(1), 75–80. https://api.semanticschol-
ar.org/CorpusID:7397121

Table 8. The output result for the three models using LOOCV
Models Samples RMSE MAE R-squared

Modified Gompertz

A2 0.3559 0.2943 0.9872

B2 0.5223 0.4264 0.9852

C2 0.7707 0.6414 0.9801

Logistic

A2 0.4320 0.3871 0.9811

B2 0.5254 0.4507 0.9851

C2 0.7320 0.6107 0.9820

Transference

A2 0.8120 0.6793 0.9332

B2 0.9120 0.7379 0.9548

C2 1.5474 1.3886 0.9196



21

Journal of Ecological Engineering 2024, 25(8), 10–23

6.	 Chai, T., Draxler, R. 2014. Root mean square er-
ror (RMSE) or mean absolute error (MAE)? 
Geosci. Model Dev., 7. https://doi.org/10.5194/
gmdd-7-1525-2014

7.	 Chicco, D., Warrens, M.J., Jurman, G. 2021. The coef-
ficient of determination R-squared is more informative 
than SMAPE, MAE, MAPE, MSE, and RMSE in re-
gression analysis evaluation. PeerJ Computer Science, 
7, 1–24. https://doi.org/10.7717/PEERJ-CS.623

8.	 Clarkson, M.A. 2023. A simulation of biogas pro-
duction from lignocellulosic biomass co-digested 
with agricultural waste under the influence of ben-
tonite catalyst. African Journal of Environmental 
Sciences & Renewable Energy, 12(1). www.afro-
politanjournals.com [invalid URL removed]

9.	 Deepanraj, B., Sivasubramanian, V., Jayaraj, S. 
2015. Kinetic study on the effect of temperature on bi-
ogas production using a lab-scale batch reactor. Eco-
toxicology and Environmental Safety, 121 100–104.
https://doi.org/10.1016/J.ECOENV.2015.04.051

10.	Ejimofor, M.I., Ezemagu, I.G., Menkiti, M.C. 
2020. Biogas production using coagulation sludge 
obtained from paint wastewater decontamination: 
Characterization and anaerobic digestion kinetics. 
Current Research in Green and Sustainable Chemis-
try, 3. https://doi.org/10.1016/j.crgsc.2020.100024

11.	Elkawnie, L.M., Salsabila, A., Anggraini, F., Jami-
latun, S. 2021. Development of Kinetic Models For 
Biogas Production From Tofu Liquid Waste. Jour-
nal of Islamic Science and Technology, 7(1): 107. 
https://doi.org/10.22373/ekw.v7.i1.8296

12.	Elsayed, M., Andres, Y., Blel, W. 2022. Modeling 
of sludge and flax anaerobic co-digestion based on 
a combination of first order and modified Gompertz 
models: Influence of C/N ratio and headspace gas 
volume. Desalination and Water Treatment, 250, 
136–147. https://doi.org/10.5004/dwt.2022.28153

13.	Elsayed, M., Andres, Y., Blel, W., Gad, A.A.M., 
Ahmed, A.T. 2016. Effect of VS organic loads and 
buckwheat husk on methane production by anaero-
bic co-digestion of primary sludge and wheat straw. 
Energy Conversion and Management, 117, 538–547. 
https://api.semanticscholar.org/CorpusID:100614343

14.	Etuwe, C.N., Momoh, Y.O.L., Iyagba, E.T. 2016. De-
velopment of mathematical models and application 
of the modified Gompertz model for designing batch 
biogas reactors. Waste and Biomass Valorization, 7(3), 
543–550. https://doi.org/10.1007/s12649-016-9482-8

15.	Feng, J., Li, Y., Zhang, E., Zhang, J., Wang, W., 
He, Y., Liu, G., Chen, C. 2018. Solid-state co-di-
gestion of NaOH-pretreated corn straw and chick-
en manure under mesophilic condition. Waste and 
Biomass Valorization, 9(6), 1027–1035. https://doi.
org/10.1007/s12649-017-9834-z

16.	Gallipoli, A., Braguglia, C.M., Gianico, A., Mon-
tecchio, D., Pagliaccia, P. 2020. Kitchen waste 

valorization through a mild-temperature  pre-
treatment to enhance biogas production and fer-
mentability: Kinetics study in mesophilic and 
thermophilic regimen.  Journal of Environmental 
Sciences,  89, 167–179. https://doi.org/10.1016/J.
JES.2019.10.016

17.	Gerber, M., Span, R. 2008. An analysis of available 
mathematical models for anaerobic digestion of or-
ganic substances for the production of biogas. Pro-
ceedings of the International Gas Union Research 
Conference, 2, 1–30.

18.	Igoni, A.H., Ayotamuno, M.J., Eze, C.L., Ogaji, 
S.O.T., Probert, S.D. 2008. Designs of anaerobic 
digesters for producing biogas from municipal sol-
id-waste. Applied Energy, 85(6), 430–438. https://
doi.org/10.1016/J.APENERGY.2007.07.013

19.	Jijai, S., Siripatana, C. 2017. Kinetic model of 
biogas production from co-digestion of Thai rice 
noodle wastewater (Khanomjeen) with chicken ma-
nure. Energy Procedia, 138, 386–392. https://doi.
org/10.1016/J.EGYPRO.2017.10.177 

20.	Khalid, A., Arshad, M., Anjum, M., Mahmood, T., 
Dawson, L. 2011. The anaerobic digestion of solid or-
ganic waste. Waste Management, 31(8), 1737–1744. 
https://doi.org/10.1016/J.WASMAN.2011.03.021

21.	Kothari, R., Tyagi, V.V., Pathak, A. 2010. 
Waste-to-energy: A way from renewable energy 
sources to sustainable development. Renewable and 
Sustainable Energy Reviews, 14(9), 3164–3170. 
https://doi.org/10.1016/J.RSER.2010.05.005 

22.	Lema, J.M., Omil, F. 2001. Anaerobic treatment: 
a key technology for a sustainable management of 
wastes in Europe. Water Science and Technology : 
A Journal of the International Association on Wa-
ter Pollution Research, 44(8), 133–140. https://api.
semanticscholar.org/CorpusID:30279944 

23.	Li, J., Kumar Jha, A., He, J., Ban, Q., Chang, S., 
Wang, P. 2011. Assessment of the effects of dry an-
aerobic co-digestion of cow dung with waste water 
sludge on biogas yield and biodegradability. Inter-
national Journal of the Physical Sciences, 6(15), 
3723–3732. https://doi.org/10.5897/IJPS11.753 

24.	Li, Y., Zhang, R., Chen, C., Liu, G., He, Y., Liu, 
X. 2013. Biogas production from co-digestion of 
corn stover and chicken manure under anaerobic 
wet, hemi-solid, and solid-state conditions. Bi-
oresource Technology, 149, 406–412. https://doi.
org/10.1016/J.BIORTECH.2013.09.091 

25.	Lou, X.F., Nair, J. 2009. The impact of landfilling 
and composting on greenhouse gas emissions – A re-
view. Bioresource Technology, 100(16), 3792–3798. 
https://doi.org/10.1016/J.BIORTECH.2008.12.006 

26.	Manjusha, C., Beevi, B.S. 2016. Mathematical mod-
eling and simulation of anaerobic digestion of solid 
waste. Procedia Technology, 24, 654–660. https://
doi.org/10.1016/J.PROTCY.2016.05.174 



22

Journal of Ecological Engineering 2024, 25(8), 10–23

27.	Manu, G., Clarkson, M.A. 2022. Modelling the ef-
fects of dilute alkaline pretreatment of lignocellulos-
ic biomass on biogas production. African Journal of 
Environmental Sciences & Renewable Energy, 5(1), 
www.afropolitanjournals.com.

28.	Membere, E., John, U., Joshua, O. 2013. Computa-
tional model for biogas production from solid waste. 
Semantic Scholar, Corpus ID: 55380030. https://api.
semanticscholar.org/CorpusID:55380030

29.	Moharir, S., Bondre, A., Vaidya, S., Patankar, P., Ka-
naskar, Y., Karne, H. 2020. Comparative analysis of the 
amount of biogas produced by different cultures using 
the modified Gompertz model and logistic model. Eu-
ropean Journal of Sustainable Development Research, 
4(4), em0141. https://doi.org/10.29333/ejosdr/8550

30.	Musa Abubakar, A., Umdagas, L.B., Waziri, A.Y., 
Buba Umdagas, L., Itamah, I. 2022. Estimation of 
biogas potential of liquid manure from kinetic mod-
els at different temperature. International Journal of 
Scientific Research in Computer Science and En-
gineering, 10(2), 46–63. https://www.researchgate.
net/publication/360412702 

31.	Musingarimi, W., Okeleye, B.I., Okudoh, V.I., Nt-
wampe, S.K.O. 2019. Prediction of biogas produc-
tion from the co-digestion of winery solid waste and 
zebra manure using the modified Gompertz model 
(GM) and Logistic Equation (LE). ERES, 8. https://
doi.org/10.17758/eares8.eap1119248 

32.	Nges, I.A., Liu, J. 2010. Effects of solid retention 
time on anaerobic digestion of dewatered-sewage 
sludge in mesophilic and thermophilic conditions. 
Renewable Energy, 35(10), 2200–2206. https://doi.
org/10.1016/J.RENENE.2010.02.022 

33.	Oliveira, L.B., Rosa, L.P. 2003. Brazilian waste po-
tential: energy, environmental, social and economic 
benefits. Energy Policy, 31(14), 1481–1491. https://
doi.org/10.1016/S0301-4215(02)00204-5 

34.	Onu, C.E., Nweke, C.N., Nwabanne, J.T. 2022. 
Modeling of thermo-chemical pretreatment of 
yam peel substrate for biogas energy production: 
RSM, ANN, and ANFIS comparative approach. 
Applied Surface Science Advances, 11. https://doi.
org/10.1016/j.apsadv.2022.100299

35.	Opurum, C.C. 2021. Kinetic Study on Biogas Pro-
duction from Cabbage (Brassica oleracea) Waste 
and Its Blend with Animal Manure Using Logistic 
Function Model. Journal of Advances in Microbiol-
ogy. https://doi.org/10.9734/jamb/2021/v21i130317 

36.	Paritosh, K., Mathur, S., Pareek, N., Vivekanand, V. 
2018. Feasibility study of waste (d) potential: co-diges-
tion of organic wastes, synergistic effect and kinetics 
of biogas production. International Journal of Environ-
mental Science and Technology, 15(5), 1009–1018. 
https://doi.org/10.1007/s13762-017-1453-5 

37.	Pham Van, D., Pham Phu, S.T., Giang, H. 2018. 
A new kinetic model for biogas production from 

co-digestion by batch mode. Global Journal of En-
vironmental Science and Management. https://doi.
org/10.22034/GJESM.2018.03.001 

38.	Pommier, S., Chenu, D., Quintard, M., Lefebvre, X. 
2007. A logistic model for the prediction of the in-
fluence of water on the solid waste methanization in 
landfills. Biotechnology and Bioengineering, 97(3), 
473–482. https://doi.org/10.1002/bit.21241 

39.	Sarstedt, M., Mooi, E. 2014. Regression Analysis. 
https://doi.org/10.1007/978-3-642-53965-7_7 

40.	Scano, E.A., Asquer, C., Pistis, A., Ortu, L., Demon-
tis, V., Cocco, D. 2014. Biogas from anaerobic di-
gestion of fruit and vegetable wastes: Experimental 
results on pilot-scale and preliminary performance 
evaluation of a full-scale power plant. Energy Con-
version and Management, 77, 22–30. https://api.se-
manticscholar.org/CorpusID:93820575 

41.	Shitophyta, L.M., Arnita, A., Wulansari, H.D.A. 2023. 
Evaluation and modelling of biogas production from 
batch anaerobic digestion of corn stover with oxalic 
acid. Research in Agricultural Engineering, 69(3), 
151–157. https://doi.org/10.17221/98/2022-RAE 

42.	Somogyi, Z. 2021. Performance evaluation of 
machine learning models. In Z. Somogyi (Ed.), 
The application of artificial intelligence: Step-
by-step guide from beginner to expert 87–112. 
Springer International Publishing. https://doi.
org/10.1007/978-3-030-60032-7_3

43.	Syaichurrozi, I., Suhirman, S., Hidayat, T. 2018. Effect 
of initial pH on anaerobic co-digestion of Salvinia mo-
lesta and rice straw for biogas production and kinetics. 
Biocatalysis and Agricultural Biotechnology, 16, 594–
603. https://doi.org/10.1016/J.BCAB.2018.10.007 

44.	Teguh W.W., Ahmad A., Ana N., Elita R. 2009. De-
sign and development of biogas reactor for farmer 
group scale. Indonesian Journal of Agriculture, 2(2).

45.	Ugwu, S., Obinwanne Ugwuishiwu, B., Echiegu, 
E.A. 2018. Kinetic Studies on Methane Produc-
tion from Okra Wastes Using Growth Functions. 
Retrieved from https://www.researchgate.net/
publication/336497906 

46.	Umeghalu, C., Chukwuma, E., Okonkwo, I.F., 
Umeh, S. 2012. Potentials for biogas production 
in Anambra State of Nigeria using cow dung and 
poultry droppings. International Journal of Veteri-
nary Science, 1, 26–30. Retrieved from https://api.
semanticscholar.org/CorpusID:126637429 

47.	Varma, C.G., Kannan, A., Gleeja, V.L. 2017. Co-di-
gestion of livestock manures for enhanced biogas 
production. Retrieved from https://api.semantic-
scholar.org/CorpusID:215797925 

48.	Walker, L., Charles, W., Cord-Ruwisch, R. 2009. 
Comparison of static, in-vessel composting of MSW 
with thermophilic anaerobic digestion and combina-
tions of the two processes. Bioresource Technology, 



23

Journal of Ecological Engineering 2024, 25(8), 10–23

100(16), 3799–3807. https://doi.org/10.1016/J.
BIORTECH.2009.02.015 

49.	Winquist, E., Rikkonen, P., Pyysiäinen, J., Var-
ho, V. 2019. Is biogas an energy or a sustaina-
bility product? - Business opportunities in the 
Finnish biogas branch. Journal of Cleaner Produc-
tion, 233, 1344–1354. https://doi.org/10.1016/J.
JCLEPRO.2019.06.181 

50.	Yadvika, Santosh, Sreekrishnan, T.R., Kohli, S., 
Rana, V. 2004. Enhancement of biogas production 
from solid substrates using different techniques–
–a review. Bioresource Technology, 95(1), 1–10. 
https://doi.org/10.1016/J.BIORTECH.2004.02.010

51.	Yates, L.A., Aandahl, Z., Richards, S.A., Brook, B.W. 
2023. Cross-validation for model selection: A review 
with examples from ecology. Ecological Monographs, 
93(1), e1557. https://doi.org/10.1002/ecm.1557

52.	Lim Y.F., Chan, Y.J., Abakr, Y.A., Sethu, V., Selvara-
joo, A., Singh, S.Lee, J., Gareth, M. 2022a. Eval-
uation of potential feedstock for biogas production 
via anaerobic digestion in Malaysia: kinetic studies 
and economics analysis. Environmental Technolo-
gy, 43(16), 2492–2509. https://doi.org/10.1080/09
593330.2021.1882587 

53.	Zahan, Z., Othman, M.Z., Muster, T.H. 2018. Anaero-
bic digestion/co-digestion kinetic potentials of different 
agro-industrial wastes: A comparative batch study for 
C/N optimisation. Waste Management, 71, 663–674. 
https://doi.org/10.1016/J.WASMAN.2017.08.014

54.	Zhang, R., El-Mashad, H.M., Hartman, K., Wang, 
F., Liu, G., Choate, C., Gamble, P. 2007. Charac-
terization of food waste as feedstock for anaerobic 
digestion. Bioresource Technology, 98(4), 929–935. 
https://doi.org/10.1016/J.BIORTECH.2006.02.039 


