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ABSTRACT

Objective: The primary aim of the study is to augment the biogas production from flower waste through

optimization and pretreatment techniques.

Methods: Enhancement of biogas production by using response surface methodology (RSM) and artificial

neural network (ANN) was done. The time for agitation, the concentration of the substrate, temperature

and pH were considered as model variables to develop the predictive models. Pretreatment of withered

flowers was studied by using physical, chemical, hydrothermal and biological methods.

Results: The linear model terms of concentration of substrate, temperature, pH, and time for agitation had

effects of interaction (p < 0.05) significantly. From the ANN model, the optimal parameters for the biogas

production process increased when equaled to the model of RSM. It indicates that the artificial neural

network model is predicting the yield of biogas efficiently and accurately than the RSM model.

Chemical pre-treatments were found to enhance the biogas production from flower waste with higher

biomethane kinetics and cumulative yield.

Conclusion: Biogas production was significantly improved with statistical optimization and pretreatment

techniques.

© 2020 The Author(s). Published by Elsevier B.V. on behalf of King Saud University. This is an open access
article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

In recent times, about 85% of the world’s universal energy
demands will be obtained from fossil fuels (Edenhofer et al.,
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2010), these are contributing to a lot of global warming and natural
damages (Nigam and Singh, 2011; Rahman et al., 2011). Present
approaches deliver the utilization of alternative energy, which is
renewable, such as biomass, geothermal, solar and wind, to
decrease the GHG. There is an immense possibility for the genera-
tion of biofuels from biomass (Naik et al., 2010).

Liquid biofuels or gaseous fuels that are chiefly made by using
biomass will be classified as three generations (1st, 2nd and 3rd
generations) (Dragone et al., 2010). From the edible portion of
plants, such as seeds, grains and sugars, are considered to be

1018-3647/© 2020 The Author(s). Published by Elsevier B.V. on behalf of King Saud University.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


http://crossmark.crossref.org/dialog/?doi=10.1016/j.jksus.2020.101241&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1016/j.jksus.2020.101241
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:drgovind1979@gmail.com
mailto:mushahid@ksu.edu.sa
mailto:mushahid@ksu.edu.sa
mailto:vijimicro21@gmail.com
https://doi.org/10.1016/j.jksus.2020.101241
http://www.sciencedirect.com/science/journal/10183647
http://www.sciencedirect.com

L.C. Gopal, M. Govindarajan, M.R. Kavipriya et al.

first-generation fuels. From the non-edible parts of plants, such as
Lignocellulosic substrates are termed as second-generation fuels,
and fuels from microalgae are called as third-generation fuels
(Behera et al., 2015). Production of 1st generation biofuels contains
well-developed technologies and strategies with well-known path-
ways. Due to limitations of ecology and economic conditions, the
biofuels from first-generation biofuels is provocative. The first
restriction with first-generation fuels is its antagonism with the
agriculture area for food crops (Schenk et al., 2008). Hence, ligno-
cellulosic biomasses offer the possibility for biofuel production,
which emerged as second-generation biofuels, because of its
non-competitive with food crops for land utilization (Kleinert
and Barth, 2008). Fuels from the second generation can be used
for transportation and also can be compressed and utilized with
the natural gas grid as an alternative fuel (Fernando et al., 2008).
Lignocellulosic biomasses comprise of lignin (15-20%), hemicellu-
loses (25-35%) and cellulose (40-50). Though, the structural fea-
tures and composition can be denatured by enzymatic
degradation (Chang and Holtzapple, 2000; Monlau et al., 2013)
and some pretreatment techniques are needed for biomass, which
is hard to degrade (Taherzadeh and Karimi, 2008). Hence, pretreat-
ment of the lignocellulosic substrate will be highly useful in the
conversion of substrate into methane (Mood et al., 2013). The
paper focuses on the statistical optimization of flower waste into
biogas by using artificial neural network and response surface
methodology and pretreatment.

2. Materials and methods
2.1. Effect of inoculum concentration

For experimental set-up 1 the digester was initially filled with
cow dung and flower waste at 2:1 ratio, respectively. For experi-
mental set up 2, the cow dung and flower waste were added to
the digester at 1:1 ratio, respectively. For experimental set-up 3,
the digester was filled with cow dung and flower waste at a 1:2
ratio, respectively.

2.2. Effect of substrate concentration

The influence of flower waste concentration was analyzed by
grinding the flower waste into small size particles and introduced
through the inlet pipe of the digester at varying concentrations.
Five varying proportions (5%, 7.5%, 9%, 10% and 12.5%) were chosen
for the flower waste to be introduced in the reactor. Continuous
checking of pressure, temperature and pH was done every 24 h
to a period of 14 days for acclimatization of inoculum.

2.3. Response surface methodology design

Parameters affecting biogas production were designed experi-
mentally by using RSM (Arslan Alaton et al., 2010). The relation-
ship between independent variables and biogas production was
evaluated in response surface methodology (Giiven et al., 2008).
The best model for numerical experiments is central composite
design. Four essential factors, such as substrate concentration,
temperature, pH, and agitation, were taken. Table 1 describes the
independent variables of coded and actual values (Myers et al.,
2009). For the above mentioned four factors, a total of 30 experi-
ments (Table. 2) were designed (Montgomery and Wiley, 2001).
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Table 1
Factors and variables chosen for optimization.
Factors Name Variables
range
-2 -1 0 +1 +2
A Temperature (°C) 35 40 45 50 55
B pH 6.6 69 72 75 78
C Substrate Concentration 80 90 100 110 120
(kg)
D Agitation Time (s) 1 3 5 7 9
Table 2
Model design based on response surface.
Std Run Temperature Acid Substrate Agitation Biogas
Production Concentration Time Yield
deg C pH kg sec %
20 1 45 7.2 80 5 710
6 2 45 6.8 100 5 678
21 3 45 7.2 100 5 747
15 4 40 7.4 90 3 615
8 5 50 7 110 3 674
19 6 50 7.4 90 3 666
28 7 45 7.2 100 5 748
11 8 45 7.2 100 5 744
22 9 40 7.4 110 3 613
26 10 45 7.2 100 5 742
9 11 35 7.2 100 5 444
14 12 40 7 90 3 624
1 13 50 7.4 110 7 727
5 14 45 7.2 100 5 746
4 15 40 7 90 7 594
25 16 45 7.6 100 5 706
12 17 45 7.2 120 5 713
30 18 45 7.2 100 5 747
27 19 55 7.2 100 5 602
23 20 50 7 110 7 710
7 21 50 7 90 7 688
29 22 40 7.4 90 7 614
10 23 50 7.4 90 7 714
13 24 45 7.2 100 9 727
17 25 45 7.2 100 1 710
2 26 50 7.4 110 3 694
16 27 40 7 110 7 587
18 28 50 7 90 3 668
3 29 40 7 110 3 602
24 30 40 7.4 110 7 595

2.4. Design of artificial neural network

According to biological neurons, artificial network architectures
have been formed in recent years. It has an extensive range of
usages in various areas, especially in artificial intelligence.

2.4.1. Back propagation neural network

These methods usually consist of an output layer, some hidden
layers and an input layer (Fig. 1). The information flows in a forward
and backward direction, which enables the artificial neural network
adynamic memory (Bashir, 2010). Neurons will generate the output
layer according to the given input layer (Balaji et al., 1987). The first
layer consists of the input layer, the second consists of the layer,
which is hidden and the third layer is for the output. Four inputs
had been chosen, such as agitation time (AT), substrate concentra-
tion (SC), pH, and temperature (T). One hundred twenty inputs
had been formed, and 30 days were taken for every parameter.

2.5. Pretreatment of substrate

The substrate was pretreated with various methods such as
physical, chemical, hydrothermal and biological methods
(Bondesson et al., 2013).



L.C. Gopal, M. Govindarajan, M.R. Kavipriya et al.

Journal of King Saud University — Science 33 (2021) 101241

Input Layer

Hidden Layer

Output Layer

Agitation
Time

Biogas
Production

Fig. 1. Architecture of neural network.

2.5.1. Physical pretreatment

. Milling pretreatment was done to reduce the size to increase
an higher amount of surface area which will fasten the
decomposition process. The grinding procedure was con-
veyed out by using mixers.

ii. Microwave pretreatment was done by keeping the flower
waste in a glass beakers (250 ml) and kept in microwave
at 560 W, until bubbling of the fluid stage. The samples
are left hot intended for about 30 s. The execution of pre-
treatment was done in a traditional microwave stove (Sharp
conservative R230A, 50 Hz).

Ultrasonic pretreatment was done in Vibra Cell ultrasonic

processor with a working recurrence of 20 kHz and power

yield 130 W. Ultrasonication was processed for 30 m.

iv. A kinetic study was performed by Modified Gompertz model

as well as a logistic model to determine the biogas produc-

tion parameters where ‘C’ is cumulative biogas generation

(ml), ‘production of biogas (ml), ‘Rb’ represents biogas gen-

eration level (ml/day), ‘] represents lag phase period for

times as well as ‘exist exp (1) % 2. 7183.

=

iii.

=t

2.5.2. Chemical pretreatment

. NMMO pretreatment of flower waste was done by treating
the substrate with N-methyl morpholine-N-oxide. Pretreat-
ment was achieved by using the NMMO solution, which is
prepared at 85% (w/w) in a rotating evaporator, was added
with 7. 5 gm of flower waste was kept for 3 hrs at 120 °C
and propyl gallate was added for oxidation. Reaction was pre-
vented by adding deionized hot water (Mancini et al., 2016).

ii. Solvent pretreatment was done by adding flower waste (15

gm) with 150 ml of ethanol and kept the containers for

60 min in a convection oven (TCF 50 PRO), at 180 °C and then

transferred to ice bath for cooling. After pretreatment the sub-

strate was rinsed with deionized water until it reaches pH 7. 0.

Acidic pretreatment was carried out by mixing flower waste

(1 kg) with 0. 1 N H,SO04 at different percentages such as 1%,

2%, 3 and kept in incubation for half an hour to enable the

breakdown of lignocellulose and was washed thoroughly

with water.

iii.

=t

iv. Alkaline pretreatment thoroughly mixed with the flower
waste at different percentages 1%, 2% and 3% of NaOH
(0.1 N) and kept incubation for half an hour then the sub-
strate was washed thoroughly with water.

2.5.3. Hydrothermal and digestion tests

Autoclave made up of stainless steel was used for the
hydrothermal treatment of flower waste. The flower waste
(400 g) and deionized water (80 g) was subjected to hydrothermal
treatment in a reactor. Continuous stirring was done to prevent the
temperature gradient in the reactor; after the reaction, the liquid
phase was separated and stored in the fridge at 4°C. The tempera-
ture and time for hydrothermal treatment were ranging from 80°C
to 180°C and 0, 30, and 60 min, respectively. The rate of heating
ranges from 2.5 to 3°C/min with a time of heating about
3080 min and the cooling time was around 40-70 min. The slurry
pH was adjusted to 6.8 to 7.2 and the residual air was removed by
purging the nitrogen. Control was maintained with an untreated
flower waste sample.

2.5.4. Biological pretreatment

For pretreatment with biological methods, the solid-state fer-
mentation was followed by using Aspergillus fumigatus SL1. The
samples with and without fungal suspension were tested for bio-
chemical methane potential tests. After pretreatment, filtering of
the sample was done and the portion of solid content was
separated.

3. Results and discussion
3.1. Effect of inoculum concentration

Moisture content was measured for all three experimental
setup. The moisture content ranges from 70 to 80% for all three sets
of experiments. Set 3 on day 3 shows the higher moisture content
of 76.5%. On day 1, irrespective of experimental sets shows lesser
moisture content varies from 71 to 72%. Temperature plays a sig-
nificant role in the production of biogas (Gou et al., 2014). The
pH plays a vital role in biogas production with a range from 6.5
to 8 (Kalloum et al., 2005), with an optimal beach of 6.8 in 7.4
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(Raposo et al., 2006). The variation of inoculum with flower waste
in varied proportions, i.e. 2:1, 1:1, 1:2, were analyzed and showed
that 1:2 is found to be the most effective composition (Kalloum
et al.,, 2007). The flower waste for anaerobic digestion process
was considered in a ground and ungrounded state in order to
achieve the results from both, to compare and choose the best
result. To initiate the process of anaerobic decomposition of flower
waste (feedstock) and cow dung was used as an inoculum. The
amount of cow dung to water proportion was taken as 1:1 ratio.
pH, temperature, moisture content, and pressure were monitored
continuously. Microorganisms break down in length chain carbo-
hydrates, lipids and proteins, into small chains. Polysaccharides
will be converted into monosaccharides and proteins into amino
acids. The biogas produced under a controlled parameter of pH
5.5, temperature 28 °C was monitored with no pressure in the
beginning to 0.07 kg/cm? at the end of 15 days. Knowing the pres-
sure of inoculums the digester was introduced with flower waste.
The proportion of cow dung with water and the flower waste was
varied from 2:1, 1:1 and 1:2. These microscopic organisms need
aid anaerobic. Also, camwood develops under acidic states. To pre-
pare acidic acid, they compelling reason oxygen furthermore car-
bon. The proportion of cow dung with water and the flower
waste was varied from 2:1, 1:1, and 1:2. The pH, temperature,
moisture content, and the pressure were monitored, and the max-
imum pressure was recorded. Hence this proportion of the inocu-
lums was considered for carrying out the optimization process.
The results of ungrounded flowers were not obtained as the pro-
cess of decomposition is delayed.

3.2. Effect of substrate concentration

Influence of substrate concentration was studied at different
flower waste concentration such as 5%, 7.5%, 9%, 10% and 12.5%.
Maximum biogas production was seen in 8th day. The graph shows
that 7% substrate is more efficient in biogas production. The
grounded flower waste was sent to the pipe placed inside to the
digester. Five different compositions of flower waste such as 5%,
7.5%, 9%, 10% and 12.5% were tested for the anaerobic digestion.
Continuous checking of pressure, temperature and pH was done
for every 24 hrs up to 14 days. Results indicated the pH varies from
4.8 to 6.4 in the temperature range of 27-28 °C. The pressure for
different composition of flower waste ranging from 5% to 12.5%
was found to be 0 to 0.51 kg/sq.cm. The microbial activity was
found higher at 5.2 pH for 9% flower waste. It shows the tempera-
ture of 27 °C aiding in the efficient working of microorganisms.

3.3. Statistical optimization

Around 30 runs was designed based on response surface mod-
els. The F-value of the model is 220.57 and the probability value
(Pr>F <0.0012) is meager, which indicates that for biogas produc-
tion, the model was significant (Wang et al., 2015). By identifying
the difference between the responses from maximum and mini-
mum predictive variables, the signal to noise ratio will be calcu-
lated. Usually, a ratio of more than 4 is necessary (Jiménez et al.,
2014). The linear model terms of A (temperature), B (pH), C (sub-
strate concentration) and D (agitation time) were significant
(P < 0.05). Two variables, such as pH and concentration of sub-
strate, have a distinct effect on the production of biogas. For all
the four factors, the interactive effect was identified to be insignif-
icant (P > 0.05). In a polynomial equation, the correlation coeffi-
cient (R2) was calculated as 0.9951 for the production of biogas,
which indicates the variability of the observed response values.
The polynomial equation for the second-order was framed to sig-
nify the final regression model of biogas production (Table 3).
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Biogas = 730.1771 - 73.1875A + 8.0625B + 8.479167C + 17.02
083D + 1.9375AB + 7.4375 AC + 125625 CE + 13125
BCE + 3.1875 BD — 0.0625CD — 57.6979 A% —15.4479 B2
—-10.5729 C*> —8.82292 D?

In a polynomial equation, the correlation coefficient (R2) was
calculated as 0.9951 for biogas production. According to the pre-
sent study, the correlation coefficient value for optimum biogas
production is higher than R2 value (0.9806), which indicates the
more considerable agreement between observed and calculated
values. The mean values and standard deviation of the model were
found to be 0.4543 and 0.141, respectively. The three-dimensional
surface plots were created by keeping the intermediate level for
one variable and varying the experimental range for other vari-
ables. By plotting the 3-dimensional surface curves, the interactive
effects for biogas yield were studied. Based on the results, we
found that dependency for the production of biogas was increased
with an increase in temperature up to 45 °C and the yield of biogas
was ceased with a further increase in temperature (Hosseini et al.,
2012).

A 3-dimensional response surface plots have been designed by
keeping a variable at center and range of experiments differed with
other variables. The effect of interaction for the production of bio-
gas was analyzed from the three-dimensional surface curve plot.
The variable interaction and the calculated response were plotted
and the three-dimension surface curves were shown in Figs. 2-4.
The biogas production and temperature increase up to 50 °C was
found to be directly proportional after 50 °C the yield for biogas
was found to be decreased with an increase in temperature. The
optimum pH was found to be 7.2, after which the production found
to be decreased. Since the microbes involve in biogas production
are highly sensitive and it requires a specific range of temperature
and pH for its growth and production. Following the result, a pre-
vious study showed the optimum range of pH between 6.3 and 7.8
(Wu et al., 2017). A similar trend of biogas production trend was
found within the range. For the concentration of substrate,
100 kg was found to increase the biogas production after which
it seems to reduce and the time for agitation is optimum in 5, after
which production found to be reduced. For maximal biogas pro-
duction, the optimum condition was found to be 50 °C tempera-
ture, 7.2 pH, 100 kg substrate concentration, 5 s agitation time.

3.4. Conditions for optimum response and model validation

The efficient tools in simulating and controlling biogas produc-
tion are artificial neural network and response surface methodol-
ogy. In order to understand the interactive effects of biogas
production with various parameters and to ensure the quality of
the experiments, an artificial neural network is applied. MAE (%)
and R2 factors of the model was used for the comparison. The abso-
lute mean errors for response surface methodology and artificial
neural network were identified as 1.98% and 1.01%, respectively.
The higher R2 value indicates that the model can be used for better
estimation for the yield of biogas, which is in correlation with the
previous study (Liew, 2012). The targets and the output is better
correlated, which was reflected by the higher R2 value. The values
of an artificial neural network were the best fit with experimental
values. The RSM and ANN R2 value was found to be 0.9951 and
0.999, respectively. According to the higher R2 value, it can be con-
cluded that the model can be better used to predict the yield of bio-
gas and best-fitted data indicate the usefulness of the model in
predicting the biogas yield. The methane yield with the optimiza-
tion was found to be 568 ml CH4/g Vs). The artificial neural net-
work model is highly capable of predicting the yield of biogas.
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Table 3
Regression analysis of variance (ANOVA) of the model.
Source Sum of Square Degree of Freedom Mean Square F-Value P Value Remarks
Model 140650.4 14 10046.46 129.1779 5.06E-13 Significant
A-A 28567.52 1 28567.52 367.3229 5.84E-12
B-B 624.0375 1 624.0375 8.023912 0.012601
Cc-C 690.2042 1 690.2042 8.874687 0.009364
D-D 2781.204 1 2781.204 35.76089 2.52E-05
AB 60.0625 1 60.0625 0.772287 0.393371
AC 885.0625 1 885.0625 11.38019 0.004179
AD 2525.063 1 2525.063 32.46741 4.22E-05
BC 27.5625 1 27.5625 0.3544 0.560508
BD 162.5625 1 162.5625 2.090239 0.168812
cD 0.0625 1 0.0625 0.000804 0.977758
A? 91311.07 1 91311.07 1174.083 1.16E-15
B? 6545.503 1 6545.503 84.16248 1.53E-07
c 3066.146 1 3066.146 39.42469 1.48E-05
D? 2135.146 1 2135.146 27.45384 9.99E-05
Residual 1166.583 15 77.77222
Lack of Fit 1141.25 10 114.125 22.52467 0.001532 significant
Pure Error 25.33333 5 5.066667
Cor Total 141,817 29
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Fig. 2. Interaction between the variables (A) pH and temperature interaction; (B) Substrate and temperature interaction; (C) Substrate and pH temperature interaction.
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3.5. Effect of physical pretreatment on biogas production

The displacement of the water method measured biogas pro-
duction daily and the biogas generation was categorized as phase
I known as a lag phase for about 3 days, phase Il known as peak
phase for about 15 days, phase Il known as sub-peak phase for
about 20 days and phase IV known as fade phase after 21st day.
Throughout that lag phase, the production of biogas was less due
to the entrapment of oxygen within the digester. Higher gas yield
(906 ml) was achieved with a maximum concentration of methane
(532 ml) in ultrasonic pretreated flower waste on day ten, followed
by substrate pretreated with milling with 847 ml of biogas (493 ml
of methane content) on day nine and 723 ml of biogas (387 ml for
methane content) for the microwaved substrate on day ten.

To determine the cumulative biogas in the reactors, logistic and
Gompertz model (modified) was used. With the modified Gom-
pertz model, a higher Rb (biogas synthesis rate) for the untreated

substrate was found to be 709.4 ml/day. In milling, ultrasonic,
and microwave treatments, the Rb was identified as 769.5, 819.1,
and 745.2 ml/day, respectively. The Rb with a logistic model for
untreated, milling, ultrasonic, and microwave was found to be
718.2, 785.0, 839.1, and 758.1 ml/day, respectively.

The Rb value indicates that ultrasonic treatment improves the
biogas synthesis rate and also shorten the lag phase. Connection
coefficients acquired to the logistic model and Gompertz models
were 99.84% and 99.94%, respectively. It concludes that the Gom-
pertz model modified was found to be the best fit model.

3.6. Effect of chemical pretreatment

With NMMO pretreatment, there was no significant impact on
the original composition of flower waste. In agreement with previ-
ous research with NMMO pretreatment on grain (Mancini et al,,
2016), there was less impact on carbohydrates content (i.e. under
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0.5%) on flower waste (Kabir et al., 2015). The presence of lignin is
not favorable for the digestion process (McDonough, 1992).

Solvent pretreatment showed significant effect on flower waste.
After pretreatment, lignin content was reduced to 12%. Moreover,
the hemicelluloses part was significantly affected by pretreatment
with solvent with a 48% reduction. Also, the compositional investi-
gation demonstrated that the pretreatment with solvent resulted
in comparable enhancement of cellulose content (15%) of flower
waste. The structural transforms caused by pretreatment with sol-
vent will be attributed by linkages between ether to ester between
lignin and hemicellulose (Gopalan et al., 2013).

The composition of flower waste was affected majorly by alka-
line pretreatment. Hemicellulose content of flower waste was
reduced to 31% after pretreatment. The flower waste composition
was analyzed after alkali pretreatment and found that cellulose
content was improved by about 13%.

The pretreatments with the chemical method were found to be
effective in improving the biogas yield from flower waste. The
untreated flower waste shows a biomethane yield of 266 (+3) ml,
while NMMO treated sample shows a cumulative biomethane
yield of 301 (+3) ml. and with solvent, alkaline, and acidic pretreat-
ment found to yield biomethane of about 317 (+1), 328 (+2) and
321 (£1) ml, respectively.

The specific rate constants (kO) were obtained by using a classi-
cal 1st order model, while biogas production rate (Rm) was
obtained by using the modified Gompertz model. The kinetic con-
stant of flower waste was found to be 0.011 throughout the first
10 days of anaerobic digestion. The consistent kO was enhanced
to 79 (NMMO), 60 (solvent), 62 (acidic) and 148% (alkaline), with
a higher Rm of 48, 51 and 115%. After 10 days of digestion, the
untreated flower waste showed 172 mLCH4/g VS, with 92% of
methane production. An appropriate fit was seen between pre-
dicted and experimental data for the determination of coefficient
(r2) more than 0. 99.

3.7. Hydrothermal pretreatment

The maximum methane concentration of 65 vol% was found
with hydrothermal pretreatment for 30 min at 90 ‘C. With 160 C
of the hydrothermally pretreated sample, the methane and biogas
yield was lesser time from O to 60 min. Protein denaturation could
occur at 80°C will leads to depletion of organic matters, which
results in the Maillard reaction at 160°C. With higher the temper-
ature for hydrothermal pretreatment, the more will be the Maillard
reaction. The biogas and methane concentration was found to be
minimum with pretreatment at 180 °C and maximum was found
at 90 °C with 434 ml/g VS of biogas and 285 ml/g VS of methane
concentration (Fig. 5).

3.8. Biological pretreatment

Aspergillus, a filamentous fungus, is highly potential in produc-
ing the enzymes which break the cell wall of the plant, which will
help in degrading the organic matter, especially the cellulose con-
tent. The fungus was grown in solid-state fermentation (SSF) typi-
cally utilized for enzyme production (Liu et al., 2006) as a
pretreatment step for biogas generation from flower waste.

A notable enhancement (p < 0. 05) in the biomethane process
was seen with fermentation after 10 days (148 + 2 mLCH4 g~ 'VS).
Methanogenic bacteria did not well process that flower waste and
it was quickly metabolized by fungus for biological pretreatment
(Dubigeon et al., 1997). Similarly, SSF was performed in Japan with
Aspergillus sp found to have a higher biomethane potential of about
77.6 mLCH4 g~'VS (Otsuka and Yoshino, 2004). The solid-state fer-
mentation is more beneficial as it reduced the need for costly

Journal of King Saud University — Science 33 (2021) 101241

—@— Untreated = @= 80°C +++@++ 120°C = =160°C —@ =180°C
50
300
250
200
150
100

50

[9%]

Cumulative methane production
(ml/gVS)

0 5 10 15 20 25 30 35 40
Digestion time (days)

Fig. 5. Cumulative methane yield by hydrothermally pre-treated substrate at
different temperatures.

nutrient medium, less risk of contamination, the stability of the
product will be higher, higher volumetric production.

4. Conclusion

The biogas production response value is very near to experi-
mental value. The RSM and ANN R2 value was found to be
0.9951 and 0.999, respectively. Both models can be better used
for the biogas yield prediction. The ANN prediction is highly effi-
cient when compared to RSM. The removal of chemical oxygen
demand, volatile solids, total solids and biogas generation were
found to be higher with physical pretreatment. Kinetic factors
were determined by using logistic and Gompertz model modified.
Chemical pre-treatments were found to enhance the biogas pro-
duction from flower waste with higher biomethane kinetics and
cumulative yield. The surface area accession was studied with
water retention value and volatile fatty acid production was ana-
lyzed and validated. Hydrothermal pretreatment of flower waste
was also tested at different temperatures such as 80, 120, 160
and 180 °C, and found to have higher yield with 120 °C. The
solid-state fermentation was found to be a beneficial pretreatment
method for enhancing the production of biogas.
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