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ABSTRACT
In this study, a new optimized version of multi-layer perceptron neural network has been used for 
modeling achieving an optimized configuration in biofuel production process. 25 semi-pilot fermentation 
runs are used to determine the best arrangement of percentage selection for the combined substrate of 
rice bran, cow dung, paper waste, banana stem, and saw dust to develop the biogas generation process 
efficiency and speed. The neural network is optimized by an improved version of Monarch Butterfly 
Optimization (DMBO) algorithm and the results have been compared with basic MBO algorithm and GA 
based algorithm from literature to illustrate the algorithm capability. 
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1. INTRODUCTION
The resources limitation and the reservations 

on the one hand, and the environmental pollution 
and problems caused by the excessive consumption 
of fossil fuels, on the other hand, have caused more 
attention to other sources of energy supply and 
production in recent years. Apart from generated 
energy from water, wind, solar and nuclear energy, 
another important and new source is biogas energy. 
Biogas is a complex of gases that are provided by 
the Anaerobic Digestion (AD) of animal and 
human waste or anaerobic fermentation and 
decomposition of plant biomass, which mainly 
consists of methane, carbon gas and nitrogen, and 
can be used as fuel. The use of biogas technology 
as a promising forgiveness approach has been 
considered in the production of biofuels, especially 
in the development, management and organization 

of organic waste produced in rural areas and in the 
cultivation of industry and livestock, especially in 
developing countries. Most countries in the world 
have made extensive plans to supply their energy 
needs through renewable energies. In line with 
the current trend, European countries will supply 
about 15% of their total renewable energy by 2030, 
following the EU recommendation and their need 
for alternative and renewable energy. Biomass and 
biogas are a group of energy resources that can be 
obtained from waste or cultivation of specific crops 
and can replace some of the other types of energy 
[1]. In simple terms, biomass refers to biological 
(plant or animal) materials that are dead or alive 
and have not yet been fully degraded or fermented. 
From biomass fermentation, biogas is produced. 
Generally, in two-thirds of the world’s land, crop 
cultivation is feasible, but only 15 to 20 percent 
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of the land is currently cultivated [2]. Biogas is a 
flammable mixture formed by the fermentation 
of organic matter at a given temperature range 
and pH under anaerobic conditions by microbes. 
The biogas consists of about 60 to 70 percent of 
methane and carbon oxides, hydrogen sulfide, 
nitrogen and hydrogen [3]. The biogas industry 
needs a proper complex of chemical and physical 
process parameters along with low-cost substrate. 
This problem leads the researchers to move toward 
process optimization. Several research works have 
been performed to achieve a proper combination 
of AD along with improving biogas production 
efficiency. For example, Xie et al. [4] investigated 
a study on the synergistic and the robustness 
impacts of grass silage (GS) and co-digesting 
pig manure (PM). During the analysis, specific 
methane yields was developed by synergistic 
effects of co-digestion. The results showed that 
combination of PM and GS improves the system 
robustness with marginal synergistic by decreasing 
the free ammonia concentrations. Tišma et al. [5] 
employed white-rot fungus Trametes versicolor 
for corn silage pretreatment and to consider the 
impact of it on biogas generation. The experiment 
included two main phases. The first phase was 
to combine the cow manure with corn grits and 
corn silage. The second phase is to co-digesting 
of the cow manure with pretreated corn silage. 
Final results showed that fungal pretreatment 
the methane generation efficiency. However, the 
conventional fermentation optimization methods 
have been suffered with substantial challenges. For 
instance, in a single-based optimization method 
like One Variable At a Time (OVAT) method, the 
interactions affection between parameters has been 
neglected. Besides, searching of a proper optimum 
by performing a limited number of experiments 
is not feasible [9]. Furthermore, the full factorial 
Design Of Experiment (DOE) is not a promising 
method in terms of labor cost, resources, and 
time. Besides, partial factorial DOE like Response 
Surface Methodology (RSM) neglect parameters 

with lower priority on the bioprocess. In recent 
years, the applications of soft computing such as 
fuzzy methods [6-8], artificial neural networks 
(ANNs) [9-11], and metaheuristic algorithms 
[12, 13] have been exponentially increasingly for 
optimal model designing and developing optimal 
process conditions in fermentation research. For 
example, Kana et al. [14] presented a method for 
modeling and optimizing of biogas generation 
using a combined substrate of saw dust, cow dung, 
rice bran, banana stem, and paper waste using an 
optimized ANN based on GA (GA). The proposed 
ANN-GA was proposed to model the non-linear 
behavior of the process. Beltramo et al. [15] 
proposed a robust and fast method to investigate 
the biogas generation process by considering the 
rate of biogas generation. The method was applied 
to improve the empirical data from an agricultural 
biogas plant in Germany. ANNs were implemented 
to predict the rate of biogas generation. The paper 
also used ant colony optimization (ACO) and 
genetic algorithm (GA) for selecting the variable 
selection. The key purpose of this study is to 
present a new technique to optimal modeling of 
the biogas generation process from co-substrates 
of rice bran, cow dung, paper waste, banana stem, 
and saw dust based on a new optimized model 
of ANN using a new model of Monarch butterfly 
optimization algorithm for the best combination of 
co-substrates.

2. EXPERIMENTAL DATA EXTRACTION
Table 1 illustrates the information of 

lignocellulosic co-substrates that are extracted from 
[16-19]. The size of materials has been decreased 
and then pre-treated by the hydrothermal method 
[20].

All substrate concentrations except sawdust 
have been searched in the range of 5% and 
30% (dry weight). The percentage of sawdust is 
achieved based on the remained percent after 
the difference of 100% from the sum of the other 
substrate concentrations percentage. Based on the 

 
Table 1. information of lignocellulosic co-substrates 

 

Raw material 
Crude 

fat 
Ash Moisture 

Crude 
fiber 

Volatile 
matter 

Crude 
protein 

Fixed 
carbon 

Sawdust [16] - 1.50 8.30 - 76.24 - 14.05 
Cow dungs [17] - 0.10 - - - - 17.14 
Rice bran [18] 5-23 9-23 - 7-27 - 5-16 - 

Banana Stem [19] 0.85 3.04 8.33 29.93 - 0.90 - 
 
  

Table 1. information of lignocellulosic co-substrates
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mentioned assumption, 25 random combinations 
have been achieved for the co-substrates based 
on MATLAB software for empirical assessment of 
the biogas fermentation process. Table 2 illustrates 
these combinations.

The next step is to do the fermentation process. 
Here, an inoculum has been made by rumen 
content of newly slaughtered cow, including an 
active consortium of biogas generating bacteria. 
To provide the seeding material, the microbial 
populations of the rumen fluid are adopted for 
lignocellulosic feed stocks in anaerobic digestion 
[21]. In this study, 25 mini-pilot digesters with 10 L 
of total volume have been transformed with 5 L of 
the substrates at 10% total solid contents and finally, 
it inoculated with 175 g of the inoculum. As can be 
observed, the digesters are labeled by (D1-D25). 
The fermentation process has been performed for 
35 days at 303.15K. The digesters have been also 
shaken for 120 seconds three times a day to avoid 
generating of scum and they are monitored for 
biogas generation.

Water displacement method is used for 

measuring the daily biogas value. The water 
displacement is a method for assembling gases 
that are not soluble in water. To achieve an 
easy implementation, reliable, cheap with low 
maintenance cost volume measurement, gasometric 
method has been used. Another advantage of this 
method is that can be easy connected to the data 
acquisition tools [22].[23] The product has been 
left for 50 days to determine the total volume of the 
generated biogas. It is important to note that the 
pH of the process has been monitored daily with no 
controlling. Besides, the sum of produced biogas 
over 15 days is assumed as the objective function 
of the digester. 

3. MULTI-LAYER PERCEPTRON NEURAL 
NETWORKS

Multi-layer perceptron (MLP) is a popular 
model of neural networks inspired by the human 
brain [24, 25]. The main idea is to model the brain 
reaction by emulating the layout. The MLP includes 
numerous interconnected neurons that are inspired 
by the brain synapses. Each connection between 

Table 2. The 25 random combinations achieved for the co-substrates 
 

Digester Banana stem Cow dungs Paper waste Rice bran Sawdust 
D1 20% 20% 20% 10% 30% 
D2 15% 20% 15% 10% 40% 
D3 30% 20% 15% 20% 15% 
D4 20% 10% 30% 20% 20% 
D5 30% 20% 10% 15% 25% 
D6 20% 10% 20% 15% 35% 
D7 10% 15% 10% 10% 55% 
D8 15% 10% 20% 20% 35% 
D9 30% 10% 20% 10% 30% 

D10 5% 5% 20% 30% 40% 
D11 10% 20% 15% 15% 40% 
D12 20% 10% 15% 15% 40% 
D13 15% 15% 20% 10% 40% 
D14 20% 10% 10% 25% 35% 
D15 10% 5% 10% 25% 50% 
D16 20% 10% 15% 15% 40% 
D17 10% 10% 20% 10% 50% 
D18 10% 10% 15% 15% 50% 
D19 15% 15% 10% 15% 45% 
D20 15% 10% 5% 20% 50% 
D21 10% 20% 10% 15% 45% 
D22 10% 10% 10% 15% 55% 
D23 10% 10% 15% 15% 50% 
D24 5% 10% 10% 10% 65% 
D25 10% 5% 15% 10% 60% 

 
 

Table 2. The 25 random combinations achieved for the co-substrates
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two neurons has a definite value that shows the 
effect of this weight on the input to output neuron 
ratio. Each neuron also its own weight that is called 
bias that indicates its effect on itself [14, 26].

An ordinary procedure for minimizing error 
of the MLPs is to adopt feed forward-based back 
propagation (BP). Based on BP, after achieving the 
error of training pairs, it is adopted for adjusting 
the neurons weights to fit the desired output [24, 
27]. The error minimization in BP is based on 
gradient descent algorithm. Fig. (1) shows a typical 
arrangement of an MLP [24, 26, 28, 29].

The method of obtaining the output of nodes is 
a two-phase procedure. The first phase is to evaluate 
the weighted summation of the input as follows:

1

n

i ij i j
j

z w a b
=

= +∑        (1)

where, ia  describes the input variable, jb  
represents the bias value for the jth neuron, and 

ijw  describes the weight cost between ia  and the 
hidden neuron j.

The next phase is to utilize the activation 

function for triggering neurons output. Several 
forms of activation functions have been presented 
for MLPs. The presented study uses sigmoid 
function for this purpose. This function is defined 
by the following equation:

( )
j j

j j

z z

j z z
e ef x
e e

−

−

−
=

+
    (2)

Therefore, the final output of the network is 
obtained as follows:

1

m

i kj i k
j

y w a b
=

= +∑     (3)

A prominent shortcoming of the BP algorithm 
is that sometimes it traps into the local minimum. 
This makes sometimes premature convergence 
with lower accuracy. One of the proper techniques 
for resolving this drawback is to use metaheuristics. 
Due to the random nature of metaheuristics, they 
usually can escape from the local minimum. In 
the following a new developed version of these 
methods is presented for minimizing the error in 
the neural network.

 
Fig.1. A general configuration of an MLP 

  
Fig. 1. A general configuration of an MLP
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4. MODIFIED MONARCH BUTTERFLY 
OPTIMIZATION

Recently, the use of bio-inspired optimization 
algorithms has been extended in different 
applications such as engineering [30-33], computer 
science [24, 34, 35], and computing and industry 
[25, 36-38]. Although there are numerous research 
works in this area, it is still a young conception 
that can be improved more [39-41]. Bio-inspired 
optimization algorithms inspired by different nature 
phenomena. For example, Coyote Optimization 
Algorithm (COA) [42] inspired by coyotes survival 
behavior in the nature, Deer Hunting Optimization 
Algorithm (DHOA) [43] inspired based on how to 
hunt the deer, Emperor Penguin Optimizer (EPO) 
[44] inspired based on the swarm living of emperor 
penguins, etc. 

In 2019, Wang et al. introduced another new 
bio-inspired technique, called Monarch Butterfly 
Optimization (MBO) that was based on Monarch 
butterfly behaviors. Generally, monarch butterfly 
has unique behavior that is so interesting for the 
scientists [45]. They are the only species among 
the butterflies that migrate like birds to the tropical 
zones when the cold arrives. 

4.1. Monarch butterfly optimization algorithm
The MBO algorithm starts by a random 

population of monarch butterflies that is divided 
into two groups of Land 1 and Land 2, i.e. 
monarch butterflies in these Lands make up the 
whole monarch butterfly population. Therefore, 
the number of monarch butterfly individuals in 
subpopulation Land 1 is as follows:

( ) ( )11 Land ceil p NP NP= × ×     (4)

where, ceil(x) rounds x to the nearest integer 
greater than or equal to x, p signifies the monarch 
butterflies ratio in Land 1, and NP represents the 
total population number.

And the number of monarch butterfly 
individuals in subpopulation Land 2 is as follows: 

( )1 2 2 –Land NP NP NP= ×     (5)

Based on the algorithm, the new child monarch 
butterfly individual will be generated from the 
monarch butterfly parents of both Lands. For 
keeping the number of population constant during 
the child generation, a parent monarch butterfly 
individual has been replaced by a child individual 

in the event that it gives better fitness as compared 
with the parent individual, otherwise, the generated 
child is eliminated. Under this condition, the 
parent monarch butterfly individuals with best 
cost are kept fixed for the next generation. This 
is for assuring the population efficiency during 
the generation’s development. The migration 
mechanism is formulated based on the following 
equation:

1

1
, ,

t t
i k r kx x+ =  (6)

where, t describes the number of current 
iterations, 1

,
t
i kx +  stands for the kth element of xi at 

generation t+1 that defines the position of monarch 
butterfly i, 

1 ,
t
r kx  represents the kth element of xr1 

which is the updated position of the individual r1.
The individual r1 is randomly selected from 

Land 1. Once r has a value less than or equal to 
p, the member k obtained by the Eq. (20) and r is 
obtained by the following:

 r δ τ= ×     (7)

where, δ  stands for a uniform and random 
number and τ  represents the period of migration.

If the value of p is less than r, the element k of 
the new individual is given as follows:

2

1
, ,

t t
i k r kx x+ =     (8)

where, 
2 ,
t
r kx  represents the kth updated position 

element of 
2r

x  and individual 2r  is achieved 
randomly from the Land 2. 

There is a trade of between Land 1 and Land 2 
such that once p has bigger value, most elements 
will be selected from Land 1, otherwise, most of 
them will be selected from Land 2. 

Another operator is designed for updating 
the position of the monarch individuals such that 
for a defined monarch butterfly j, if a randomly 
produced child has smaller value than or equal to 
p, the rquation will be updated by the following:

1
, ,

t t
i k Best kx x+ =      (9)

where, 1
,

t
i kx +  stands for the kth element in xj at 

generation t+1 for presenting position of individual 
number j, ,

t
Best kx  represents the kth individual of 

xBest which illustrates the best candidate in Land 1 
and Land 2. 
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On the event that p is less than δ , the equation 
has been updated as follows:

3

1
, ,

t t
j k r kx x+ =     (10)

[ ]3 21, 2, ,r NP∈ …     (11)

 
 

where, 
3 ,
t
r kx  represents the kth randomly 

selected member of 
3r

x from Land 2. 
By considering this, if the rate of butterfly 

adjustment ( baR ) is less than δ , it will be updated 
as follows:

( )1
, , 0.5t t

j k j k kx x dxα+ = + × −     (12)

where, dx describes the walk step of the 
individual j which can be estimated by implementing 
Le´vy flight mechanism by the following equation:

( )t
jdx Levy x=     (13)

and α  defines the weighting coefficient and is 
obtained by the following equation:

2/sm tα =     (14)

where sm represents the maximum walk step 
which can be passed by an individual in one step. 

Higher value of α results a long search step 
which improves the effect of dx on 1

,
t
j kx +  that applies 

to the exploration term. In contrast, lower values of 
α results short search step which reduces the impact 
of dx on 1

,
t
j kx +  and applies to the exploitation term.

4.2. Developed Monarch butterfly optimization 
(DMBO)algorithm 

To obtain better results from MBO algorithm, 
once it should have a suitable balance between 
their exploration and exploitation terms. Additive 
exploration of the MBO algorithm when it has 
high value of α term makes an incompetent time-
consuming result after some iterations. In this 
study, two different mechanisms are adopted for 
resolving this drawback. 

A) Quasi-oppositional based learning
The oppositional-based learning is a mechanism 

for developing the precision and the convergence 
speed by comparison of the produced candidate 
with its opposite and selecting better one as the 
solution candidate [46, 47]. An extended version 

of this mechanism that is called quasi-oppositional 
based learning was presented by [48] for obtaining 
better solution.

For more clarification of the opposite number, 
consider NP as a real number in D-dimensional 
solution space that is limited in the range [L, 
U]. The opposite of the candidate x, i.e. NP  is 
achieved as follows:

j i i iNP L U NP= + −     (15)

where, 

1,2, ,i D= …     (16)

Based on the conception of the opposite number, 
the quasi-opposite number ( NP ) is achieved by the 
following equation: 

,
2

j j
j j

L U
NP rand NP

+ 
=  

 
    (17)

The pseudo-code of the quasi-opposite 
mechanism is as follows:

for i=1:N
    for j=1:D
        OX(i,j)=l(j)+u(j)-np(i,j);
        c(j)=(l(j)+u(j))/2;
        if OX(i,j)<c(j)
            QOX(i,j)=c(j)+(OX(i,j)-c(j))*rand;
        else
            QOX(i,j)=OX(i,j)+(c(j)-OX(i,j))*rand;
        end
    end
end

B) Chaotic local search
Another mechanism that is adopted for the 

algorithm modification is Chaos local search. 
Typically, random generation in the metaheuristics 
resolves the premature convergence problem 
of them [49, 50]. But, this randomness in the 
algorithms is reduced after some iterations. 
This can be resolved by applying the chaotic 
mechanism. A general form of chaos theory is 
given below:  

( )1
n n
l lCM f CM+ =     (18)

1,2, ,l n= …

where, n stands for the dimension map and
( ) j

if CM  determines the chaotic model. 
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In this study the well-known logistic 
map mechanism has been adopted for chaos 
implementation. By applying this mechanism on 
the population, 

( )1 1n n nγ ω γ γ+ = × −     (19)

where, 4ω = , and nγ  describes the value of 
the chaotic iteration n and defines a random value 
between 0 and 1 [49, 50]. 

Consequently, the chaotic sequence, o,n,qσ , is 
as follows:

( ), 1, , , , ,4 1o n q o n q o n qγ γ γ+ = × −     (20)

where, n represents the population number, o 
describes the number of system generators, and q  
is the iteration number. 

By considering the above formulation and 
applying it for updating the butterfly individuals,

( )1
, , , , 0.5t t

j k j k o n q kx x dxσ+ = + × −     (21)

Fig. (2) shows the general architecture of the 
presented DMBO algorithm.

 
Fig. 2. The general architecture of the presented DMBO algorithm 

  

Start

Initializing the Monarch 
Butterfly  population and 

parameters

Fitness calculation

t=0

Migration Operator

Termination
Satisfied?

End

Yes

No

t=t+1

Butterfly adjusting 
operator

Chaotic local search

Quasi-oppositional 
based learning

Fig.  2. The general architecture of the presented DMBO algorithm
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5. HYBRID MLP/DMBO
Based on the aforementioned explanations, 

in this study for improving the capability of 
the designed MLP network, the proposed 
DMBO algorithm has been employed. The main 
configuration of the proposed method includes two 
main phases. The first phase is the feedforwarded 
MLP network and the second phase is the DMBO 
algorithm that is used for optimize the network 
weights. The general procedure of the proposed 
hybrid network is given below:

1) Generate initial population of monarch 
butterfly population of N weights

2) Calculate the fitness value of the DMBO based 
MLP network.

3) Update butterflies’ position using objective 
function and the algorithm mechanisms.

4) Check the stopping criteria.
5) If the desired precision is not reached, go to (1).
6) If the desired precision is reached, go to (7).
7) End.

For error minimization in the network, Mean 
Square Error (MSE) function has been adopted. 
The objective of the proposed DMBO algorithm 
here is to minimize the MSE between the network 
output and the desired output based on the trained 

data. The MSE equation is given below:

( ) ( )( )2*

1

1 n

j j
j

MSE y k y k
n =

= −∑     (22)

where, n stands for the number of steps in 
the training data and y and y* describe the actual 
and the desired outputs, respectively. The main 
configuration of the MLP/DMBO system for the 
case study is shown in Fig. (3).

As can be seen from the above figure, the 
main objective of this study is to use the DMBO 
Algorithm to design an optimized MLP network 
for modeling and optimizing of a complex biogas 
generation system. The inputs of the MLP network 
for biogas system simulation are shown in Fig. (4).

6. SYSTEM MODELING 
The model simulation for the proposed 

optimized neural network has been performed 
based on Matlab software. Fig. (4) shows the main 
configuration of the proposed network. As can 
be observed, the input layer of network includes 
concentrations of co-substrates with 5 nodes (saw 
dust ( 1x ), paper waste ( 2x ), cow dung ( 3x ), 
banana stem ( 4x ), and rice bran ( 5x )), the hidden 
layer includes two layer and the output has one 
layer ( y ) that shows the predicted yield. Therefore, 

 
 

Fig.3. The main configuration of the MLP/DMBO system for the case study 
  

MLP

Adjust 
weights and 

biases 

Min(                             )

MSE<eps
Save best 

weights and 
biases

Validate MLP/
DMBO

End of Process 

Inputs: [x1, x2, x3, x4, x5]

Predicted output (y)

Observed output 
(y*)

Backpropagation

No

Yes

MSE

DMBO

Experiments

Fig. 3. The main configuration of the MLP/DMBO system for the case study
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the relationship between the inputs and the output 
layer of the network is achieved as follows:

( )1 2 3 4 5, , , ,y f x x x x x=    (23)

Eighteen number of extracted data have been fed 
into the network as training data and the remained 
seven data are used for test and validation. Before 
feeding the training data to the proposed neural 
network, scaling has been adopted to shift the 
data in the interval [0, 1]. The Network is trained 
by backpropagation method (Fig. (3)). Based on 
the aforementioned configuration, the network 
training has been performed by optimal selection 
of the network weights and biases to minimize the 
MSE between the network output and the desired 
output. The validation of the training model is 
done by adopting it to predict the yield of seven 
remained data. During the network optimization 
based on DMBO algorithm, each parameter is 
referred to as monarch butterfly individual group. 
Each individual group includes five butterflies (

1 2 3 4 5, , , ,x x x x x ) that are the concentrations of co-
substrates. The best composition that is achieved 
based on the proposed method with the highest 

estimated biogas generation, is assessed empirically. 

7. SIMULATION RESULTS
7.1. System modeling based on neural network

Table 2 illustrates the initial empirical 
assessment for 25 digesters with different substrate 
profiles. The results showed that D15 gives the 
best efficiency for the biogas production (9354.46 
ml). The substrate contour for this digester was 
10% banana stem, 5% cow dung, 10% paper waste, 
25% rice bran and 50% saw dust, and the lowest 
performing digester (D21) with 800 ml had a 
substrate profile of 10% banana stem, 20% cow dung, 
10% paper waste, 15% rice bran, and 45% saw dust. 
Fig. (5) shows the efficiency of the digester for 25 
combinations for the co-substrates out of fifty days 
of fermentation. A motivation for co-digestion of 
feed stocks is to modify the carbon/nitrogen ratio. 
Generally, micro-organisms employ the ratio of 
25-30:1 for the nitrogen and the carbon for biogas 
generation, although this ratio is often lower than 
these ideal values [14]. The biogas generation based 
on microbial culture on a substrate is an outcome 
of connection among various microbial strains 
that are exposed to a myriad of cellular metabolic 

 
Fig.4. The inputs of the MLP network for biogas system simulation 
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Fig. 4. The inputs of the MLP network for biogas system simulation
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reactions along with possible impact of metabolic 
repressions. This makes the mathematical modeling 
of these dynamics as a complicated differential 
equation that needs lots of assumptions which 
causes inaccurate and low efficient models. 

The main purpose of this research is to utilize 
an optimized neural network as a nonlinear solver 
for capturing the compound cellular and metabolic 
interactions which convert the concentrations of 
banana stem, cow dung, rice bran, saw dust, and 
paper waste to biogas generation. For the hidden 
layer, Hyperbolic Tangent activation function has 
been adopted as a function to show the nonlinearity 
between inputs and the output of the network. Fig. 
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Fig. 7. The efficiency of the DMBO-MLP method com-
pared with the basic MBO-MLP and GA-MLP

(6) shows the neural network has a good agreement 
with the experimental results.

7.2. Optimization
The Developed Monarch Butterfly Optimization 

algorithm is a population-based metaheuristic 
that is proposed for the first time in this paper. 
The main advantage of the DMBO than the basic 
MBO is its higher efficiency in finding the global 
optimum within a lower convergence complexity. 
As before mentioned, all substrate concentrations 
except sawdust have been searched in the range 
of 5% and 30% and the percentage of sawdust 
is achieved based on the remained percent after 
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the difference of 100% from the sum of the other 
substrate concentrations percentage. To show the 
performance of the DMBO-MLP, it is compared 
with the basic MBO-MLP and GA-MLP from 
literature [14]. Fig. (7) shows the results. As can be 
observed, the presented DMBO-MLP method gives 
the best results and the average efficiency of biogas 
increased from generation 1 to generation 8, and 
became constant over two successive generations. 

The optimal predicted substrate profile for this 
digester is achieved 25% cow dung, 20% banana 
stem, 30% paper waste, 5% rice bran, and 20% saw 
dust with a biogas projected performance of 10,611 
ml. The results show that the proposed method is 
faster for biogas generation such that the process 
for the proposed method, GA based method, and 
MBO based method are started on the fourth day, 
sixth day and seventh day, respectively. Besides, the 
performance of the proposed method is obtained 
10,611 mL above the GA and MBO predicted 
values that are 10,144 ml and 9,856 ml, respectively 
that shows the best results for the proposed DMBO 
method toward the compared methods.

8. CONCLUSIONS
This paper proposed an optimized model 

of artificial neural network for modeling and 
optimization of biogas production. The study 
adopted Twenty-five semi-pilot fermentation 
runs to clarify the proper combined substrate of 
cow dung, rice bran, paper waste, banana stem, 
and saw dust that improved the efficiency of the 
biogas generation process in terms of amount and 
speed. The process modeling was based on multi-
layer perceptron neural network that is optimized 
by a developed version of Monarch Butterfly 
Optimization (DMBO) algorithm. The method 
was also compared with basic MBO algorithm and 
GA based algorithm from literature to show the 
algorithm prominence. The biogas performance 
for the proposed method is obtained 10,611 ml. 
Besides, the results indicated that the presented 
method is faster for biogas production toward the 
others. 
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