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Abstract: In this research work, various machine learning models such as linear regression (LR),
KNN and MLP were created to predict the optimized synthesis of biodiesel from pre-treated and
non-treated Linseed oil in base transesterification reaction mode. Three input parameters were
included for modelling, reaction time, catalyst concentrated ion, and methanol/oil-molar ratio. In
biodiesel transesterification reaction 180 samples run with non-Pre-treated Linseed Methyl Ester
(NPLME), Water Pre-treated Linseed Methyl Ester (WPLME) and Enzymatic Pre-treated Linseed
Methyl Ester (EPLME) oil as feed stocks and optimized parameters are find out for maximum
biodiesel yield to be 8:1 molar ratio, 0.4% weight catalyst, 60 °C reaction temperature.To test the
technique, R? and MAPE parameters were used. The average R? values for linear regression, KNN,
and MLP are 0.7030, 0.8554 and 0.7864 respectively. Moreover, the average MAPE values for these
models are 11.1886, 6.0873 and 8.0669 respectively. Hence, it is observed that the KNN model
outperforms other models with higher accuracy and low MAPE score.

Keywords: transesterification; machine learning; linear regression; k-nearest neighbour; Multilayer
perceptron
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1. Introduction

The energy crisis has aided the growth of biodiesel manufacturing. Charcoal, petroleum, and
natural gas are finite resources that will be depleted by the end of the century. As a result, finding
alternate energy sources is critical. Vegetable oils have a similar energetic content as diesel fuel and
are a renewable, theoretically limitless source of energy. Since its introduction as an alternative fuel
for diesel engines, bio-diesel has gained popularity due to its advantages for the environment and its
production from renewable resources. Since edible oil consumption exceeds local production, India
buys crude oil and petroleum products from Gulf nations in addition to having a large number of
trees in its forests that produce a variety of oilseeds. In order to save the environment and withstand
economic downturns, researchers searched for a diesel fuel substitute.

Bio-based fuels like vegetable oil have caught the attention of the scientific community due to
fuel shortages and environmental issues. Bio-diesel is the ideal alternative fuel since it is technically
sound, environmentally friendly, and readily available.lo-diesel, a fuel that can be utilised in diesel
engines, is made up of B fatty acid methyl/ethyl esters [1]. It is a renewable diesel fuel made by
transesterifying monohydric alcohols with renewable biological sources like vegetable oils and
animal fats [2—4]. Biodiesel is any diesel-equivalent biofuel that can be used in any diesel engine
vehicle that hasn’t been modified [5]. Around the world, a variety of feedstock oils, including
soybean, rapeseed, sunflower, safflower, and others, are used to produce biodiesel. These oils are
primarily edible in nature [6-9].

Non-edible oils such as Karanj, Mahua, Rice bran, Jatropha, and Linseed oil have been used to
make bio-diesel, mostly in India [10]. Producing renewable energy from vegetable oils like linseed
and jatropha will help India and other developing nations meet their energy goals [11]. Our country’s
climate and soil conditions are ideal for growing the Linseed (Linumusitatissimum) crop [12]. The
main Linseed oil production location is in village [13]. Linseed seed contains roughly 40%
oleaginous (oil) content, which can be turned to biodiesel [14].

Sirajuddin et al. organic heterogeneous catalysts called organotin (IV) carboxylates to make
biodiesel from corn oil. 83% with the assistance of the created catalysts, biodiesel production from
corn oil was accomplished. In light of this, one of the best catalysts for the production of biodiesel
can be used in the future with the newly created organotin (IV) carboxylate complexes [15].

Tariq et al. presents the FTIR, XRD, and SEM characterization of cadmium oxide in the nano
range that is produced by a hydrothermal technique. This cadmium oxide is then used as a catalyst to
prepare biodiesel by transesterifying linseed oil. Utilizing FTIR and 1HNMR spectroscopy, the
produced biodiesel was evaluated. Linseed oil biodiesel’s fatty acid makeup was investigated using
GC-MS analysis [16].

Tariq et al. describe the hydrothermal procedure used to produce nanoscale cadmium oxide,
which was then studied by FTIR, XRD, and SEM. This cadmium oxide was then used as a catalyst to
prepare biodiesel by transesterifying linseed oil. FTIR and HNMR spectroscopy were used to
evaluate the biodiesel that had been created. To investigate the fatty acid composition of linseed oil
biodiesel, GC-MS analysis was conducted [17].

Tariq et al. creating new biologically active chemicals, six 3-(4-flourophenyl)-2-methylacrylic
acid organotin (IV) carboxylate complexes were created. FT-IR, NMR ('H and '*C), and X-ray
crystallography were used to describe the complexes. With SSDNA, UV-visible spectroscopy and
viscosity measurements were used to examine the interactions between the ligand HL and
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complexes 1 and 4 [18].

Tariq et al. Developedsynthesise di- and tri-organotin (IV) carboxylates of the form R4nSnLn,
where R is Me, n-Bu, or Ph, L is 2-(4-ethylbenzylidene) but anoic acid, and n is 1 or 2. Elemental
analysis, FT-IR, NMR ('H, '3C, and 119Sn), and single crystal X-ray analysis were used to describe
these compounds. The antibacterial, antifungal, and cytotoxic properties of the produced compounds
were evaluated [19].

In order to maximise the amount of biodiesel produced from a feedstock, this study shows how
to employ various machine learning algorithms, including linear regression, multilayer
perceptron (MLP), and K-Nearest Neighbor (KNN). The technique used three different input metrics,
including reaction duration, catalyst concentration, and methanol quantity/molar ratio. The
anticipated output for NPLME, WPLME, and EPLME is the production yield. R2 and MAPE
parameters were used to assess the model’s performance.

Biodiesel production overview: Biodiesel is described as monoalkyl esters of long chain fatty
acids generated from sustainable feed stocks (vegetable oil/fats) by Srivastava and Prasad. Due to its
similarities to diesel, it can be used as a natural alternative to petroleum-based diesel and has the
potential to minimise dangerous emissions. Biodiesel is an alternative fuel created by
transesterication reaction from renewable sources, mostly vegetable oils; animal fats, or recycled
cooking oils, according to Mathiyazhagan et al. It will have to play a larger role as the world’s
energy source in the future.

1.1. Methods of transesterification

Bio-diesel can be made in a variety of ways. In the transesterification process, triglycerides
react with three molecules of alcohol in the presence of a catalyst to create mono-alkyl esters of
long-chain fatty acids and glycerol. Acids, bases, and enzymes can all catalyse the reaction. It is the
most popular and commonly applied technique for converting vegetable oil into biodiesel [20-22]. It
describes a chemical reaction that results in glycerol and mono-alkyl esters of long-chain fatty
acids (biodiesel) from an oil (triglyceride) and an alcohol (methyl/ethanol) [23,24]. The
concentration of alcohol, the quantity of free fatty acids, the presence of water, the catalytic reaction,
temperature, pressure, and duration are the primary variables impacting tranesterication [25,26].

Vegetable oil’s performance can be improved by altering it through the transesterification
process. This procedure is used to reduce the viscosity of vegetable oil. Fatty acid chains joined
chemically to one methanol molecule provide the basis of biodiesel [27]. Long chain fatty acids and
three carbon backbones are features of vegetable oil. Triglyceride and alcohol are chemically
reacting with one another in the presence of a catalyst [28]. Figure 1, depicts the chemical reactions
involved in biodiesel synthesis [28,29].

1.2. Base catalyzed transesterification

The most prevalent and widely used method for producing biodiesel is base catalysis. To create
low-fat feed oil, it is employed. When a triglyceride and an alcohol interact in the presence of a
catalyst, like a strong base (KOH/NaOH), they produce fatty alkyl esters (biodiesel) and
glycerol [30]. Triglycerides are trancesterified using an alkaline catalyst in alcoholysis. The
transesterification of vegetable oils via a base-catalyzed process is substantially faster than the acid-
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catalyzed reaction [31].

According to Maa and Hanna, the mechanism of the alkali-catalyzed reaction was devised in 3
stages. The first included the triglyceride’s carbonyl carbon being struck by an alcohol anion, which
led to the formation of a tetrahedral intermediate. In the second phase, the intermediate then interacts
with an alcohol to regenerate the alcohol’s anion. A fatty acid ester and a diglyceride are produced as
a result of the third phase’s rearranging of the tetraheldral intermediate [32]. Methanolysis is the term
used when methanol is utilised in a transesterification reaction. The overall transesterification
reaction is shown in Figure 1. However, it is believed that three consecutive and reversible processes
take place. Triglycerides are first transformed into diglycerides, then into monoglycerides, and lastly
into monoglycerides, which yield one methyl ester molecule from each glyceride. R1, R2, and R3
stand in for the triglyceride’s fatty acid hydrocarbon chains.

H
| CH,COOR,
H— C— COOR, . |
|
. catalyst

CH,OH

| |
+

| CH,COOR,
H
Triglyceride Methanol Biodiesel Glycerin

Figure 1.Transesterification of vegetable oil.
1.3. Acid catalyzed transesterification

Karanj and mahua oil (H2SO4) are strong acids or acid catalysed biodiesel feed oils with a large
level of free fatty acids [33]. The high FFA concentration of the vegetable oil is reduced by the acid-
catalyzed transesterification process to roughly 2% FFA. As shown, free fatty acids and methanol
react when an acid catalyst like sulphuric acid is present [34,35].

1.4. Enzymatic transesterification

Haldar and Nag [36] reported that employing Lipase enzyme and methanol, they were able to
produce bio-diesel through enzyme catalysed transesterification. Because of the ease of glycerol
recovery, side reactions, and quick product separation, enzymatic biodiesel synthesis offers more
advantages than chemical biodiesel manufacturing [37,38].

With Novozym-435 lipase and supercritical carbon dioxide, biodiesel was created enzymatically.
Lipase enzyme can be utilised as a catalyst in the transesterification process, according to Rathore
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and Giridhar. Microorganisms can be used to make lipase. The main drawback of the enzyme
catalytic process is the high cost of lipases as a catalyst in given equation [39].

0
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1.5. Supercritical and subcritical alcohol transesterification

Supercritical methanol is used in a catalyst-free transesterification process. Purification
becomes much easier, and the yield increases [40,41]. A variety of feedstocks can be used with this
approach since free fatty acids are converted to methyl esters instead of soap. Process of removing
the catalyst is also skipped [42]. Production energy costs are on par with or lower than those of
catalytic processes [43].

2. The operating variables of transesterification

Reaction time, catalyst quantity, and the molar ratio of alcohol to oil are the most critical
variables that influence the transesterification reaction. Each of these will be discussed separately in
the further.

2.1. Catalyst

Alkali metal alkoxide has been reported to be more efficient than acidic catalysts for the
triglyceride tranesterification reaction than enzyme or heterogeneous catalysts [44]. The conversion
to vegetable oil esters was determined to be 94-99% at a concentration of 0.5-1% (w/w). When too
much base catalyst is used in transesterification processes, the glycerides react with the base catalyst,
resulting in the saponification process [45].
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2.2. Molar ratio of alcohol to oil

The molar ratio to triglyceride was one of the most crucial variables impacting the ester yield.
The molar ratio calculates the ratio of glycerides to alcohol moles in an oil sample. To make three
moles of fatty acid alkyl esters and one mole of glycerol through transestrification, three moles of
alcohol and one mole of triglyceride are needed [46]. A higher molar ratio leads to a larger ester yield
more quickly.

2.3. Reaction time

The conversion rate rises as reaction time increases. Since the conversion rate rises with
reaction time, the reaction’s outcome is clearly influenced by the reaction’s reaction time [47]. A
portion of the oil will remain unreacted if the reaction period is not long enough to provide a high
ester yield [48].

The objectives of this experimental research are to identify the optimum reaction conditions for
the methanolysis (transesterification) of enzymatic degummed and non-degummed Linseed oil for
biodiesel production. The important process variables for transesterifiaction such as concentration of
catalyst, alcohol/oil ratio and reaction time are optimized. Very few researchers have been worked
with degummed feedstock’s using alternative process.Vegetable oils must be degummed prior to
transesterification process.

2.4. Linseed biodiesel synthesis using a single-step transesterification process

The methyl ester synthesis method was carried out using a single step alkali base catalysed
transesterification from crude or pre-treated Linseed oil. Because the FFA content of these oils was
less than 2 mg KOH/g, no pre-treatment of the feed stocks was required. As a result, the
transesterification was carried out using methanol (CH3OH) and NaOH as a catalyst. The trials were
carried out on a laboratory scale.

3. Methods of biodiesel preparation

The three-necked glass flask was filled with linseed oil, either unrefined or refined. The flask
was incubated for five hours between 48 and 50 degrees Celsius in a water bath with gentle agitation.
The oil was heated to 80 °C for 15 minutes after five hours to inactivate the enzyme. After the
enzyme was inactivated, the oil was heated to 60 °C, and 3 wt% hot distilled water was then added to
the reaction flask. The system’s temperature was held at 55 degrees Celsius for 15 minutes. The
mixture was moved to a centrifuge while the stirrer was spinning at 400 rpm.

3.1. The effect of process parameter on pretreatment Linseed oil ester yield recovery
The methyl ester yield recovered by transesterification at various molar ratios, catalyst

concentrations, and reaction times is shown in Table 1. Throughout the experiment, the reaction
temperature (60 °C) and settling time (24 hours) were kept constant.

AIMS Bioengineering Volume 9, Issue 4, 319-336.



325

Table 1. Recovery of methyl ester (biodiesel) yield.

S. Reaction time  Catalyst Methanol Molar NPLME WPLME EPLME
No (Hour) concentration % quantity (gm) ratio Ester Ester Ester
yield % Yield% yield %

1. 0.5 0.2 15 4:1 50 70 75
2. 0.5 0.4 15 4:1 60 83 85
3. 0.5 0.6 15 4:1 55 79 80
4. 0.5 0.8 15 4:1 49 72 74
5. 0.5 1 15 4:1 45 59 60
6. 1 0.2 15 4:1 52 89 83
7. 1 0.4 15 4:1 56 88 90
8. 1 0.6 15 4:1 63 85 87
9. 1 0.8 15 4:1 60 82 84
10. 1 1 15 4:1 55 78 79
11. 1.5 0.2 15 4:1 54 75 80
12. 1.5 0.4 15 4:1 62 84 87
13. 1.5 0.6 15 4:1 59 82 84
14. 1.5 0.8 15 4:1 50 74 76
15. 1.5 1 15 4:1 40 63 64
16. 0.5 0.2 222 6:1 52 78 81
17. 0.5 0.4 222 6:1 63 85 86
18. 0.5 0.6 222 6:1 56 81 84
19. 0.5 0.8 222 6:1 53 75 79
20. 0.5 1 22.2 6:1 50 72 78
21 1 0.2 22.2 6:1 60 85 87
22. 1 0.4 222 6:1 68 89 93
23. 1 0.6 222 6:1 65 87 90
24. 1 0.8 22.2 6:1 62 85 87
25. 1 1 22.2 6:1 59 83 85
26. 1.5 0.2 222 6:1 54 80 82
27. 1.5 0.4 22.2 6:1 65 89 90
28. 1.5 0.6 222 6:1 60 84 86
29. 1.5 0.8 22.2 6:1 55 82 85
30. 1.5 1 22.2 6:1 52 81 84
31. 0.5 0.2 30 8:1 58 75 83
32. 0.5 0.4 30 8:1 65 88 89
33. 0.5 0.6 30 8:1 62 85 87
34. 0.5 0.8 30 8:1 58 84 85

Continued on next page
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S. Reaction time ~ Catalyst Methanol Molar NPLME WPLME EPLME
No (Hour) concentration % quantity (gm)  ratio Ester Ester Ester
yield % Yield% yield %
35. 0.5 1 30 8:1 56 83 84
36. 1 0.2 30 8:1 68 80 90
37. 1 0.4 30 8:1 74 95 98
38. 1 0.6 30 8:1 70 95 96.2
39. 1 0.8 30 8:1 65 94 95
40. 1 1 30 8:1 60 92 94
41. 1.5 0.2 30 8:1 60 82 85
42. 1.5 0.4 30 8:1 68 91 93
43. 1.5 0.6 30 8:1 65 87 90
44, 1.5 0.8 30 8:1 60 85 89
45, 1.5 1 30 8:1 58 84 87.1
46. 0.5 0.2 59.2 16:1 30 52 55
47. 0.5 0.4 59.2 16.1 34 58 60
48. 0.5 0.6 59.2 16:1 32 56 57
49. 0.5 0.8 59.2 16:1 20 49 51
50. 0.5 1 59.2 16:1 15 39 40
51. 1 0.2 59.2 16:1 28 40 55
52. 1 0.4 59.2 16:1 39 64 66
53. 1 0.6 59.2 16:1 35 59 60
54. 1 0.8 59.2 16:1 30 54 55
55. 1 1 59.2 16:1 20 45 46
56. 1.5 0.2 59.2 16:1 30 53 55
57. 1.5 0.4 59.2 16:1 36 58 64
58. 1.5 0.6 59.2 16:1 34 57 58
59. 1.5 0.8 59.2 16:1 25 52 53
60. 1.5 1 59.2 16:1 18 40 42

The optimum condition was identified based on the higher % yield of methyl esters given in
Table 2.
The following formula was used to compute the methyl esters’ yield:

Yield [:ESTEI“ I%"I‘) Ameunt FAME recovered % 100 (1)

Erams of cilwsed inrecction
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Table 2. Optimized process parameters for maximum ester yield.

S. Reaction Reaction  Catalyst Molar NPLME WPLME EPLME

No. temperature time concentration ~ Ratio Maximum Ester Maximum Ester Maximum
°C) (Hour) % yield % yield % Ester yield %

1. 60 1 0.4 4:1 56 86 90

2. 60 1 0.4 6:1 73 89 93

3. 60 1 0.4 8:1 74 95 98

4. 60 1 0.4 16:1 36 64 66

4. Classification methodology

4.1. Linear regression

It is an artificial intelligence algorithm built on the idea of supervised learning. Regression
creates a model for the target prediction value based on the independent values or parameters. the
main purpose of using a regression technique is mostly for calculating the relationship between
variables and prediction. The kind of link between the dependent and independent instances they are
analysing, together with the amount of independent variables being employed, completely decide the
types of regression models.

Figure 2. Linear regression.

The task of predicting a dependent variable’s value (y) based on an independent variable is
carried out using linear regression (x). As a result, this regression method determines that x and y
have a linear relationship.

AIMS Bioengineering
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In Figure 2, X represents job experience as an input and Y represents a person’s pay as an
output. The regression line is the line that fits our model the best. The hypothesis function for Linear
regression is

y=a+bx

We are provided x and y while training the model. Where y is the data label and x is the input
training data. In order to predict the value of y given a value for x, the model fits the best line during
training. By choosing the optimal a and b values, the technique creates the best regression fit line.
Where a is the intercept and b is the coefficient of x.

The best fit line is obtained after determining the best a and b values. As a result, when we
ultimately use our model to make predictions, it will forecast the value of y given x as an input [49].

4.2. K-Nearest neighbor

The KNN algorithm estimates the nearness of a data point to that of the other member of one
group or another. It looks at the data points around the given data point to define the group of that
data point. For example, for a given class- Group X and Group Y the algorithm, to determine its
Group will look at the data points that are near to the given data point to see the Group with the
majority of data points [50]. Distance between the members is measured by a distance function.
Algorithm 1: based on distance: building
Step 1. The division of data space.

Step 2. For each partition, pick a single reference point.

Step 3. Calculate the distance between the reference point and all of the data in the partition.
Algorithm 2: based on distance: KNN search

Step 1. Calculate the distances between the query item and each of the reference points for a given
query item Q.

Step 2. Sort the divisions in a non-decreasing order based on their distances from Q.

Step 3. Using the triangle inequality from the nearest partition, look for KNNs of Q.

One of the methods to find the distance with the Euclidean distance formula.

I

b
Euclidean distance = _q‘llzi‘,l (2, — 32 (2)

where k is the number of neighbour members to be considered and x and y are the members between
whose distance is measured [51,52].

4.3. Multilayer perceptron

A MLP is one of the feedforward neural networks. As seen in Figure 3, a MLP contains three
layers: input, hidden, and an output layer. All nodes, with the exception of the input nodes, are
neurons, and has a nonlinear activation function. During training, MLP uses the supervised learning
technique known as back propagation. Due to its multiple layers and non-linear activation, MLP
differs from linear perceptron. Data that cannot be separated linearly can be differentiated using
MLP [53,54].
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Figure 3. Multilayer perceptron.

Algorithm 1: Multilayer perceptron learning process

Step 1. Starts with the inputs: The sum of the product of inputs and their weights.

Step 2. A bias Factor is added.
Step 3. Feeds the sum with the Activation Function
Step 4. The output of the perceptron is the outcome.

5. Results and discussion

The analysis of the performances of the machine learning models is carried out using the R2
value and Mean Absolute Percentage Error (MAPE) value. R-squared (R?) is a statistical measure
that shows how much of a dependent variable’s variance can be accounted for by one or more

independent variables in a model. The following is the R? formula.
R-squared (R?)

sum squared regression (S5R)

R2:1_

total sum of squares (S5T)
SSR =Y (y; — 9)*

SST=X(v; — Ei]:

Ziw =3
2 1 i
R*=1 Ziyi—»)®
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Where,the actual data values and the modelled values’ respective means are represented by the

lettersy;and¥;, and Eistands for the modelled values and the original data values, respectively.

R? is a percentage between 0 and 1 with no value closer to 1, indicating that the model captures
a bigger amount of variation. For example, the R? value of 0.94 means that the fit explains 94% of
the total variation in the given data [55,56].

5.1. Mean absolute percentage error (MAPE)

MAPE =371, |72 (7)
Where y;, ¥; are the original and modelled data respectively (Best value = 0; Worst value = +o0)
MAPE has a fairly simple interpretation in terms of relative error. It is utilised in activities

where sensitivity to relative variations over absolute variations is more crucial. However, it also has

some drawbacks, the most significant of which are that it can only be used with strictly positive data
by definition and that it is biassed toward low forecasts, making it inappropriate for predictive

models where big mistakes are anticipated [57,58].

As discussed above R? and MAPE scores are used to test each model used in this study.
Figures 4—6 and Table 3 show the performance of the models for each yield [59,60]. The plots show
that the KNN model has more points close to the lines with an R? score close to 1 and a low MAPE
score which implies that the prediction accuracy is better compared to Linear regression and MLP.
Also, the R2 score of Linear regression and MLP is higher for Non Pre-treated Linseed Methyl
Ester (NPLME). Moreover, the MAPE score of all models is less when calculated with Enzymatic
Pre-treated Linseed Methyl Ester (EPLME) [60—64].

NPLME

Predictions

@ LnearRegression @ KNN MLP
P ) é 70
True Values

Figure 4. Predicted yield and actual yield for NPLME.
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Figure 5. Predicted yield and actual yield for WPLME.
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Figure 6. Predicted yield and actual yield for EPLME.
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Table 3. Performance of the models.

Model NPLME WPLME EPLME

R? MAPE R? MAPE R? MAPE
Linear
Regression 0.7309  14.4841 0.6824  9.8820 0.6959  9.1998
KNN 0.8680  7.9753 0.8217  5.5745 0.8765  4.7121
MLP 0.8415  8.5512 0.7761  7.9917 0.7417  7.6580
Comparative results with existing model
Models R? MAPE
Boosted MLP [58] 0.998 0.052
Boosted LR [58] 0.926 0.056
Forest of decision trees[58] 0.992 0.098

6. Conclusion

The brain’s auto-learning and self-improving ability to answer the study’s challenging questions
is the inspiration for the machine learning approach, which offers greater prediction with the highest
accuracy. Consequently, it is advantageous for the transesterification process and for real-time
monitoring of the biodiesel system. Applications of machine learning in the procedure phase include
quality optimization and estimation of the conditions of the process, with yield biodiesel serving as
the output parameter and reaction time, catalyst concentration method, methanol quantity, and molar
ratio serving as the input parameters.

This paper demonstrates the use of different machine learning techniques namely linear
regression, Multilayer Perceptron (MLP), and K-Nearest Neighbour (KNN) to maximise biodiesel
output from a feedstock. Three different input metrics such as reaction time, catalyst concentration,
and methanol quantity/molar ratio was used in the technique, while the production yield is the
predicted output for NPLME, WPLME, and EPLME. To evaluate the performance of the model, R?
and MAPE parameters were used. The average R?values for linear regression, KNN, and MLP
are 0.7030, 0.8554 and 0.7864 respectively. Moreover, the average MAPE values for these models
are 11.1886, 6.0873 and 8.0669 respectively. Hence, it is observed that KNN model outperforms
other models with higher accuracy and low MAPE score.
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