The Innovation Engine of India

Indian Journal of Chemical Technology
Vol. 31, January 2024, pp. 11-19
DOI: 10.56042/ijct.v31i1.6357

N a\ st e Gt andl’hw esh

Application of machine learning in optimizing thermochemical conversion
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Improving the bio-oil yield is a challenging part in the thermochemical conversion processes of biomass. Implementing
suitable pre-treatment technology to improve the biomass characteristics is an effective technique to increase the yield. In
this study, a multi-variate random forest algorithm has been used to optimize the pre-treatment method in order to improve
the biomass characteristics. The data collected from many previous studies are analysed to identify the importance of
biomass characteristics in bio-oil yield. The correlation between biomass characteristics and bio-oil yield, is analysed using
Pearson method and the important influencing parameters %C and %H have a very good positive correlation with a
coefficient value range 0.455 to 0.818. Among the six pre-treatment methods analysed, thermochemical pre-treatment
method was found effective with more than 95% improvement of many biomass characteristics. The range of voting given
to the parameters identify %H be the important characteristic to be optimized first. The suggested method is validated by
laboratory experiments and % accuracy between predicted and calculated biomass characteristic values showed more than
90% accuracy for all the biomass characteristic parameters tested in this study.
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Introduction

Interest in renewable energy sources has grown
over the past few decades due to negative
environmental effects generated by the traditional
fossil fuels. Biomass is an alternative energy source
that ranks as the fourth-most significant primary
energy source in the world. Biomass is regarded as a
desirable, pure, and eco-friendly raw material with
little gas emission'. As a result of economic
advancement and population increase, there has been
an imbalance between the supply and demand of
energy in practically every sector over time. There has
been a substantial increase in the energy consumption
by the transportation sector from 23% in 1971 to 29%
in 2017, as compared to the overall final energy
consumption by sector around the world>. Mainly, the
emission of greenhouse gases has increased global
warming concerns and researchers are tend to find out
alternative sources as renewable options to minimize
the dependence on fossil fuels. The biofuel production
in worldwide has been scaled up. Also there have
been instances of biorefineries that create uncertainty
about their environmental effects’. The first
generation of feedstock to biofuel has shown several

issues such as water pollution, land use and
degradation, high  water consumption, and
biodiversity loss. Second-generation feedstocks based
on non-edible crops have been identified as a means
of addressing the aforementioned issues, but they
have some fundamental drawbacks, such as a high
land demand and seasonal variations in the
feedstocks®. In the coming years, it will be crucial to
control the high demand for energy (particularly oil,
which now dominates as a fuel) from the
transportation sector. Additionally, according to BP's
statistical analysis of the global energy sector, both
energy consumption and carbon emissions are rising,
at rates of 2.9% and 2%, respectively. Renewable and
sustainable biomass sources can meet this escalating
energy demand caused by the lack of non-renewable
fossil fuel supplies®.

Specifically grown plants, crop residues, timber,
algae, fatty acids, edible plant oils, sewage waste, and
food waste all makeup biomass feedstock. Pre-
treatment techniques are crucial to deal with the
resilience of lignocellulosic biomass, microalgae, and
macroalgae biomass and make subsequent processes
accessible and cost-effective’. Pre-treatment refers to
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procedures carried out on biomass feedstock before
the primary transformation to overcome the natural
barrier of resistance and disassemble the lignified cell
wall, enhancing the effectiveness of subsequent
processing into bioproducts®. Pretreatment techniques
for lignocellulosic biomass include biological,
physical, chemical, and physicochemical techniques.
Physical techniques include milling, chipping, and
grinding. Chemical techniques include using acid,
alkaline, oxidants, organosolv, deep eutectic solvent
(DES), and ionic liquid’. After the pretreatment of
renewable sources, biochemical and thermochemical
methods are typically used to convert biomass into
biofuels. Through pyrolysis and gasification, the
thermochemical processes can transform biomass,
both food and non-food related into fuel products. A
potential method is thermochemical gasification,
which can extract the energy contained in different
kinds of biomass and transform it into useful products
appropriate for diverse industrial uses®. Agricultural
crop leftovers, forest residues, energy crops, and
organic municipal wastes are typical feedstocks for
gasification. Pyrolysis, hydrodeoxygenation, and
hydrothermal process are the most preferred
techniques used to produce bio-oil from biomass’'.
There were many pretreatment techniques used to
improve the yield of bio-oil. Especially, hydrothermal
pretreatment is widely used in many commercial
processes due to its lower cost, minimal erosive
impacts on equipment, and low concentration of
produced inhibitors’.

According to the desired product, the hydrothermal
process can be divided into three categories:
hydrothermal liquefaction (HTL), hydrothermal
gasification (HTG), and hydrothermal carbonization
(HTC)’. To turn wet biomass into bio-oil at a
moderate  temperature  (200-380°C),  pressure
(5-20 MPa), and time, the HTL process was chosen
(15-60 min)''. A strategy to treat lignocellulosic
biomass that uses liquid water or vapour water is
known as hydrothermal pretreatment. The same
method is also known by other names including
autohydrolysis, hot-compressed water treatment, or
liquid hot water pretreatment. Pyrolysis is a
sophisticated thermal process that creates syngas from
a material, similar to gasification, but at lower
temperatures and without oxygen'?. Additionally, it
always comes first in the processes of gasification and
combustion, where it is followed by either full or
partial oxidation of the primary products. Despite

having a higher calorific value than a gas created
through gasification, pyrolysis often produces
significantly less gas because there is no oxygen
carrier.

Biomass pyrolysis and thermochemical processes
are intricate processes and varies depending on
several aspects like the lignocellulosic material
composition, heating rate, and inorganic material
content, etc.””. The cellulose, hemicellulose, and
lignin content of biomass influence the gasification
and pyrolysis, suggesting a wide variety of the
effectiveness of various biomass and the processes
employed.

Artificial intelligence and machine learning models
help in predicting the required results based on the
training given to it""’. Supervised machine learning
algorithms can be applied over the dataset for
classification and regression'®*’. Regression schemes
can be applied over the dataset where input and output
values are known®', whereas classification schemes
can be applied over the dataset which contains generic
output variables™*. Since thermochemical process
involves known input and output variables,
classification and regression schemes of supervised
models provides high prediction precisions®**.
Supervised machine learning models having multiple
input and output variables required a multi-variate
regression®*?’. Gopirajan et al have applied machine
learning models to predict the bio-oil yield from the
biomass through liquefaction and gasification
process™?. Cloud computing offers huge volume of
storage capacity for dispersed dataset over wireless
network’. This proposed study uses third party cloud
storage offered by Amazon Web Services (AWS) to
store and retrieve dataset’'”?. Dataset stored in the
cloud repository will be treated as the input to the
machine learning model. This proposed study uses
multiple biomass characteristics such as M
(Moisture), VM (Volatile Matter), FC (Fixed carbon),
A (Ash), C (Carbon), H (Hydrogen), O (Oxygen), N
(Nitrogen) and S (Sulphur) which are considered as
the dependent variables correlated with each other.
‘Random Forest Classifier’ class package present in
python was included in this proposed Multi-variate
Dependent Random Forest (MDRF) model. An
exclusively developed Multi-variate-based Decision
Support System (MDSS) classification model
suggests optimal pre-treatment method and suitable
conditions for the optimization of the entire
thermochemical conversion process.
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Experimental Section
Biomass collection and characterization

The various biomasses were cultured and collected
from Chennai, District of Tamil Nadu, India. The
collected biomass was washed using the deionised
water, air-dried and grinded into fine powder for further
experiments. The characteristics of the biomass was then
examined for its Carbon (%), Hydrogen (%), Nitrogen
(%), Oxygen (%), and Sulphur (%) content of different
biomass collected using an Elemental analyser
(PerkinElmer 2400 series CHNS analyser). Further, the
moisture content (%) and ash content (%) of different
collected biomasses was also determined according to
the standards of ASTM, 2006 and ASTM, 1995.

There are six types of pre-treatment technique
considered in this study. They are Pl: Ultrasound
treatment, P2: Acid treatment, P3: Alkali treatment, P4:
Thermochemical treatment, P5: Biological treatment and
P6: Enzymatic treatment. For ultrasound treatment,
about 100 g of biomass was suspended in 500 mL of
water and ultrasonic waves of frequency 220 KHz were
irradiated for about 30 min, then the biomass was
filtered, dried and used for further studies. For acid
treatment, 100 g of biomass was added to 500 mL of
10% HCI and mixed well using a mechanical shaker for
1 h at the speed of 100 rpm. After that, the biomass was
filtered, washed with water three times and then dried to
be used for further studies. For alkali treatment, about
10% NaOH solution of volume 500 mL was taken.
100 g of biomass was suspended in this solution and
mixed well in a mechanical shaker for 1 h at a speed of
100 rpm. The biomass was then filtered, washed well
with water for three times, dried and then used for
further studies. For biological treatment, 100 g of
biomass was suspended in 500 mL of water and 6 mL of
Cellulomonas flavigina inoculum was added in to it.
This mixture is kept in shaking incubator at a
temperature of 35°C for 72 h. The shaking speed was
maintained in 100 rpm. Then the biomass was filtered,
washed with water, dried and then used for further
studies. For enzymatic treatment, 100 g of biomass was
suspended in 500 mL water and about 5 mL volume
of 20% cellulase enzyme was added and incubated
at a temperature of 35°C for 6 h. The mixture was
shaken well at 100 rpm speed. After the reaction, the
biomass was filtered, washed with water, dried and used
for further studies.

Hydrothermal liquefaction
Each of the biomasses were liquefied individually
using the stainless steel 250 mL capacity

hydrothermal reactor (4598, PARR model reactor, Par
Instrument Co, Moline, IL) equipped with an auto
temperature controller. During the in-between process
of each biomass in the hydrothermal reactor, the
left-out residues in the reactor were washed with
heated water at 400°C for 4 h. About 15 g of biomass
was processed by heating at varying temperatures
from 200 — 340°C for 1 h using 200 mL of solvents
like ethanol and acetone. The hydrothermal
liquefaction reaction was performed in the presence of
a nitrogen atmosphere of about 5 MPa with the
constant stirred reactor conditions at 720 rpm. Once
after the processing of HTL experiments, the reactor
was allowed to cool down and collected the gaseous
products in airtight bags. Finally, dichloromethane
was used to collect the bio-oil from the slurry
obtained. Further, the excess dichloromethane present
in the bio-oil was removed and the concentrated
bio-oil was collected using a rotary vacuum
evaporator. The obtained bio-oil yield was then
estimated using the following Eq. (1).
Bio — oil yield (%Y) =
Mass of bio—oil obtamed) % 100 (1)

(

Machine learning model

Fig. 1 shows the overall process flow of the
proposed machine learning model used in this study.
Input variables such as M, A, VM, FC, C, H, O, N
and S were given to the central MDRF model.
Decision tree with all the subsets were built based on
the dependency between the input variables. This
multivariate decision tree includes all the biomass
characteristics, processing methods and conditions for
predicting the best-fit pre-treatment process based in
the voting suggested by the MDSS classification
model. MDSS model predicts the yield based on the
newly entered input variables as well as the existing
input variables stored in the cloud repository.
Finally, the biomass characteristics, predicted
processing conditions (Temperature, Pressure and
Time) and methods suggested by the decision support
system were stored in the repository to form a dataset.

Mass of biomass added

MDRF model

The process flow of the proposed MDRF model
and complete process flowsheet for bio-oil extraction
are shown in Figs 2 and 3, respectively. Data
collection and pre- processing is the first step for
dataset preparation. This study includes dataset
collected from published*®**** and unpublished
work from the authors research team. The dataset
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Fig. 2 — Machine learning model implementation process flow

includes, the biomass and its characteristics which are
discussed in this paper, process conditions as
mentioned in the paper and the corresponding bio-oil
yield. Collected dataset was organized as ‘.csv’ file
and stored in the repository after the removal of
redundant and noisy data. Error free dataset was fitted
as the training set in the MDRF model using ‘sklearn’
library package available in Python. This proposed
study uses 80:20 training and test data suggested by
Roshan Joseph®. Around 700 biomass datasets were
deposited in the cloud repository, out of which, 560
were considered as training set and 140 as test set.
Pearson function suggests the correlation among the
variables and helps to classify the variables as highly
correlated and weakly correlated*®’. Pearson
correlation function was calculated over the dataset to

provide the correlation between the biomass variables.
Accuracy of the proposed system was calculated

with the results available obtained through
experiments.
MDSS model
Multivariate based decision support system

(MDSS) was constructed considering the following
steps:

Step 1: In Multivariate Dependent Random Forest
model, input all the records taken from the data set
having 700 number of records.

Step 2: Construct Decision trees individually for
each biomass including the subsets.

Step 3: Obtain output from all the subsets of all the
decision trees.
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Step 4: Calculate Subjective Majority Voting
(SMV):

Step 4.1 Check If all the subsets of decision tree
are complete

Biomass Ultrasound
v Acid
P Best method
retreatment optimized o
v Thermochemical
Bl'omass with Biblogloal
improved
characteristics .
Enzymatic
Y Temperature
Hydrothermal L
Liquefaction | OPtimization Pressure
Time
A4
Bio-oil

Fig. 3 — Complete process flowsheet

Step 4.2 Else perform Averaging for Classification
and regression.

Step 5: Input

Majority voting helps in assigning individual
strengths to the variables’ >*. This proposed MDSS
model uses majority voting (for complete decision
tree) and averaging (for incomplete decision tree).

Results and Discussion

Effect of biomass characteristics on bio-oil yield

Bio-oil yield may be affected by various biomass
characteristics. Fig. 4 shows the effect of biomass
characteristics such as moisture content (M), ash
content (A), volatile matter (VM), fixed carbon (FC),
carbon (C), hydrogen (H), oxygen (O), nitrogen (N)
and sulphur (S) on %yield. The characteristics such as
M, VM, FC, C, H and N have positive effect on bio-
oil yield, whereas others like ash content (A), O and
sulfur (S) have negative effect. The presence of ash
content reduces the available carbon which reduces
the yield. Oxygen and sulphur inhibit the liquefaction
reaction and their presence reduces the oil yield.
Based on this observation it will be easy to decide the
factors that should be reduced and the factors that
should be improved by pre-treatment. This will help
in choosing the suitable method to influence the
change of favourable characteristics. The trend
observation further shows that carbon and hydrogen
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Fig. 4 — Trend analysis of influence of input biomass characteristics on bio-oil yield
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content have synergistic effect on bio-oil yield. This
can be clearly seen from Fig. 3 as the data points in
the same level have a drastic change in the % Y.

Correlation between biomass characteristics and bio-oil yield

Analysis of correlation between biomass
characteristics and bio-oil yield was carried out using
Pearson correlation method. The correlation matrix is
shown in Fig. 5. This matrix helps in understanding
the intensity of correlation between the parameters.
Also, this correlation shows the way the machine
learning model was trained to consider the
parameters. The importance to various parameters
will be given based on the correlation coefficient and
its positivity or negativity to the response, in this case
bio-oil yield (%Y). The important influencing
parameters %C and %H have a very good positive
correlation with a coefficient value range 0.455 to
0.818 positive in which %H has higher value whereas,
the %ash content and %Oxygen has higher negative
coefficient values -0.2 to -0.6. These values suggest
the importance of negative characteristics which
should be considered for modification. Interestingly,
%moisture content has higher coefficient on the
negative side (-0.818 to -0.636), which during the
trend statistical analysis, showed a positive trend.

Technically, the higher moisture content of
biomass results in the lower carbon content and other
biodegradable contents. This would further reduce the
oil yield and result in the less %Y values. Despite the
addition of water in the liquefaction process, the
presence of residual moisture in the biomass has a
negative influence. Though the mixture of interactions
among parameters studied and %Y, the interaction
between two individual characteristics would highly
depend on the way they affect each other. For
example, the moisture content affects each parameter
in a different way. Presence of moisture may interact
with ash content in a negative way so the %Y would
reduce. Similarly the interaction with oxygen would
be positive for the parameters but the %Y will be
affected in a negative way because oxygen is not
favorable in the liquefaction reaction. The carbon
content is affected by moisture in the negative manner
and this would reduce the yield. The positive
interactions between yield and other parameters are
important. All the positive effectors would have
positive effect when they interact with each other in a
positive manner. Even the negative effectors interact
each other in a positive manner, it will surely affect
the yield in a negative way.

Effect of pre-treatment on biomass characteristics

There are six types of pre-treatment technique
considered in this study. They are P1: Ultrasound
treatment, P2: Acid treatment, P3: Alkali treatment,
P4: Thermochemical treatment, P5: Biological
treatment and P6: Enzymatic treatment. The
improvement of each biomass characteristic was
calculated based on before and after pre-treatment

values. Fig. 6 shows the %Improvement of
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M: Moisture; VM: Volatile Matter; FC: Fixed carbon, A: Ash, C: Carbon,
H: Hydrogen, O: Oxygen; N: Nitrogen; S: Sulphur

Fig. 5 — Pearson correlation matrix for the biomass
characteristics after pre-treatment methods and conditions versus
bio-oil yield (%Y)
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Pretreatment method

(b) =H =0 =N =S
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Pretreatment method

Fig. 6 — %Improvement of biomass characteristics by various
pre-treatment methods (P1: Ultrasound, P2: Acid, P3: Alkali, P4:
Thermochemical, P5: Biological, P6: Enzymatic)
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each biomass characteristic according to the
pre-treatment method. The results clearly show that
each pre-treatment method has a significant
improvement in the biomass characteristic. This is
due to the removal of unwanted impurities and
concentrating the effective biomass levels. Despite
the similarity in %Improvement in all the methods,
P4: Thermochemical pre-treatment method has
shown high improvement of all the biomass
characteristics.

Preference of selection in biomass characteristics for

optimization

The optimization algorithm works based on the
preferences for the selection of biomass
characteristics to be optimized. The algorithm assigns
a range of voting to optimize the parameters. Table 1
shows the range of voting parameters assigned by the
algorithm for various biomass characteristics. V1
being the highest range, the votes descend based on
the importance of parameters to a level of V8. The
frequency of number of times the particular parameter
is voted to a particular level is mentioned in the table.
Taking V1 as an example, it is clearly seen that the
biomass characteristic ‘H’ (%hydrogen) was
frequently voted for this level. The voting score range
is 90, whereas the ‘C’ (%carbon) was voted to the
second level in this range. Similarly the voting range
varies for every parameter. The algorithm works
based on this voting range and starts optimizing the
value highly voted in V1 and moving on to the next
values. The high frequented value in V8 was
optimized at the last. Also it can be noted that, the
initial voting ranges were clearly organized and the
final values were stumbling. But, the margin of range
was very clear that the parameter for each voting line
was selected properly.

Validation of predicted parameters

MDRF algorithm predicted the suitable pre-
treatment method based on the input biomass
characteristic values and also predicted the final
biomass characteristic values that improve due to the
pre-treatment process. These data were validated by
laboratory experiments to analyse the suitability of the
algorithm. Fig. 7 shows the %accuracy values of
biomass characteristics predicted by the algorithm. A
model biomass was taken for the analysis. It is noted
that all the biomass characteristics were predicted
with more than 90% accuracy by the algorithm. Many
of these parameters were predicted even with more
than 95% accuracy which shows that this algorithm is

Table 1 — Range of voting for parameters
Parameter V1 V2 V3 V4 V5 V6 V7 V8

M 0 1 82 2 3 2 3 3
A 0 1 2 2 3 69 9 11
VM 0 1 2 1 2 8 11 59
C 9 88 7 1 3 0 4 4
H 90 6 3 0 1 3 5 5
(0] 0 2 2 79 10 3 2 3
N 1 1 1 4 10 62 12
S 0 0 1 11 75 5 4 3
100
98
96
g 94
< o2
°\<=
90
88
86

M A VM (o} H o N S %Y

Fig. 7 — %Accuracy of biomass characteristics predicted based
on the MDRF algorithm

suitable for the optimization process pertaining to the
thermochemical conversion techniques.

Conclusion

This study involves the development of a machine
learning algorithm based on random forest technique to
optimize the pre-treatment method applied to the
biomass to improve its characteristics to get optimum
bio-oil yield wusing thermochemical conversion
processes. The correlation of parameters showed that
%H and %C were the important characteristics that
influence the oil yield values. Furthermore, a range of
voting was applied by the algorithm to initiate the
optimization process from the foremost important
parameter which in this case was %H. The validation
of the predicted parameters was carried out based on
the laboratory studies and the %accuracy values
showed that all the biomass characteristics have been
predicted with more than 90% accuracy. This MDRF
algorithm is a promising technique to optimize the pre-
treatment based thermochemical conversion systems,
to get higher bio-oil yields from any suitable biomass.
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