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Sustainable sources for biodiesel production from non-edible feedstocks are gaining attention due to limited sources of 

crude petroleum and concern related to the harmful emission of fossil fuels. In this study, Spirulina-Platensis algae biomass 

has been used for biodiesel production. The effect of methanol to algae biomass ratio, temperature, time, catalyst 

concentration, and stirring speed for optimization of algae biomass biodiesel using the transesterification process has been 

studied. The proposed work has implemented the quadratic regression equation obtained by RSM with the whale 

optimization algorithm. The result shows maximum production of algae biomass biodiesel (89.87%) obtained at the algal 

biomass/methanol ratio of 5.56, temperature of 54.64 °C, time of 78 minutes, H2SO4 of 77.06% w/w, and stirring speed of 

450 rpm. The RSM and WOA prediction models have been compared for more. The experimental result shows that WOA 

optimization can accurately predict the optimal point with a small error. The fundamental properties of algae biomass 
biodiesel have been checked and compared with fossil diesel. 

Keywords: Whale optimization algorithm, RSM, Spirulina platensis, Transesterification 

1 Introduction 

Energy is currently the most crucial resource for 

humanity and its sustainable growth due to the energy 

crisis, which has become a critical global concern
1
. 

Fuels are an essential source of energy because of 

their high energy content. Our way of life primarily 

depends on fossil fuels like gasoline, coal, and natural 

gas since they provide more than 80% of the energy 

needed for transportation, home use, and industrial 

production worldwide. Population is growing faster 

than the volume of production of crude petroleum oil 

and its derivatives
2
. The crude petroleum oil price 

fluctuations, especially in underdeveloped countries, 

contribute to regional and global wars. Only 12.8 % 

of the world’s energy demand has been fulfilled by 

renewable energy, regarded as one of the most 

essential resources
3
. Liquid biofuels have become a 

vital sustainablealternative fuel due to their high 

energy content, low carbon dioxide emission profile, 

and renewability
4
. 

Three generations of liquid biofuels can be 
separated based on the feedstocks and manufacturing 
method. Corn, sugarcane, and vegetable oils were 
among the food crops utilized to produce the first 
generation of liquid biofuels, such as bioethanol and 

biodiesel. Since food crops are consumed in the 
process of producing fuel, the effects of first-
generation liquid biofuels were on the food supply, 
and there was an increase in the price of food crops. 
Therefore,itis necessary to use second-generation 
liquid biofuels from animal fats, vegetable oil, non-

edible plant seed oil, and waste cooking oil 
5
.Second-

generation liquid biofuels addressed the problems 
faced by their first-generation predecessors, leading to 
more fuel consumption and significant challenges in 
obtaining reliable feedstock. As a clean substitute for 
gasoline-diesel, biodiesel is the basis for developing 

third-generation liquid biofuels, such as algae 
biodiesel 

6-7
. Biodiesel (fatty acid alkyl esters) is a 

sustainable liquid diesel fuel produced by combining 
vegetable oils or lipids with alcohol in the presence of 
a catalyst

8
. The biodiesel is non-toxic, biodegradable, 

and environmentally beneficial
9-10

. It may be 

produced from specific microalgae, animal fat, 
vegetable oils, etc.

11-12
. The ability of microalgae to 

reproduce quickly (every two to three weeks), 
produce oil ten times more abundant than most 
oilseed crops, reduce greenhouse gas emissions (one 
kilogram of algal biomass requires approximately 

1.83 kilograms of CO2), and grow in wastewater has 
led to their recent attention as a promising biomass 
feedstock with significant potential for the production 

—————— 
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of biodiesel 
13

. Since microalgae are not an essential 
food source, their use as a fuel source has little impact 
on the food problem.  

Biodiesel can be produced from microalgae oil via 

transesterification
14,15

. For this process, pre-extracted 

oil is usually utilized as the raw material. It is 

generally created by mechanical pressing, after which 

the leftover oil is extracted using a solvent to remove 

any remaining oil. Finally, the oil is converted to 

Fatty acid alkyl esters and glycerol. Enzymes, alkalis, 

or acidic can all catalyze the transesterification. The 

alkaline-catalyzed transesterification method would 

not be suitable for producing biodiesel from 

microalgae oil due to the high FFA level in 

microalgae lipids. This is because utilizing alkaline 

catalysts with high FFA oils would result in the 

Development of soap and complicate the subsequent 

separation and purification of biodiesel. The use of 

sulfuric acid as a reaction catalyst has been referred to 

as microalgal lipid transesterification because of its 

insensitivity to the FFA content of this oil feedstock 

and the fact that acidic catalysis facilitates the 

transesterification and esterification reactions of 

biodiesel production
16

.  

Additionally, as the alcohol-to-oil ratio is large 

(approximately 40:1), research is ongoing on using 

enzymes as catalysts for transesterification. 

Commercial biodiesel synthesis from microalgae still 

faces difficulties because of the high costs associated 

with the existing biomass production and fuel 

conversion methods 
17

.One method of producing 

biodiesel from microalgae lipids is ―in-situ 

transesterification‖ or ―reactive extraction.‖The process 

combines pure methanol and acid catalysts 

simultaneously with dry powder microalgal biomass 

added to the solution. Methanol extracts the lipids from 

the microalgal biomass and trans-esterifies them to 

create fatty acid methyl esters using acid catalyzes
18

.  

The goal of metaheuristic algorithms is to  

combine local search and randomization equitably. 

Consequently, most of these techniques are used  

for worldwide optimization 
19

. The Hybrid model 

techniques such as RSM-ANN, RSM-GWO, ANN-

Ant colony optimization, and RSM-ANFIShave been 

utilized in the transesterification process for various 

feedstocks 
20–23

. The whale optimization technique of 

updating their location gives the WOA a vast 

capability for exploration. The WOA accelerates 

convergence while avoiding local optima through 

repetitions
24

. 

The optimization of algal biomass 

transesterification process variables through nonlinear 

regression in conjunction with the WOA algorithm 

has not yet been documented in any research. This 

study aims to improve biodiesel yield by optimizing 

transesterification process parameters using the RSM-

WOA. Additionally, time and money can be saved by 

reducing the number of experiments by establishing 

relationships between independent variables and 

modelling the system statistically. The conformity 

experiment has been carried out to check the quality 

of algae biomass biodiesel, which is suggested  

by the whale optimization algorithm at a given input 

parameter. 

 

2 Materials and Methods 
 

2.1 Materials  

The powder (biomass)of spirulina-Platensis 

microalgae has been used,and sulphuric acid, which is 

98% pure, has been used to catalyse the 

transesterification process. Methanol has been used in 

this research with a 99.9% purity level as the  

reactive alcohol. A magnetic stirrer attached to the 

temperature sensor and a 500 ml laboratory glass 

flask has been used forthe experiment’s reaction. 
 

2.2 Method  

The acid-methanol solution has been made by 

mixing fresh sulfuric acid in predetermined amounts 

with methanol. H2SO4 has been continually swirled on 

a magnetic stirrer for five minutes to dissolve it. The 

solution has been produced freshly to preserve the 

catalytic activity. The catalyst and alcohol mixture are 

gently mixed on low for several minutes after adding 

50 grams of dried microalgae. The simultaneous 

extraction and transesterification reaction began when 

the catalyst and alcohol solution reacted with the 

triglyceride (oil) in the microalgae strain and broke a 

fatty acid chain. The appropriate temperatures have 

been then maintained in the reaction mixture’sflask 

for a predetermined period.  

The range of consideration variables has been 

selected based on available research
25–27

. In a 500 ml 

lab flask, biodiesel from algal biomass has been 

produced. As the transesterification process is 

complete, the algal biomass biodiesel and glycerol 

have been allowed to separate into two discrete layers 

by gravitational force. The crude algal biomass 

biodiesel has been cleaned and dehydrated after 

decanting the glycerol layer
28

. The yield of biodiesel 

produced has been calculated according to equation 1. 
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𝐵𝑖𝑜𝑑𝑖𝑒𝑠𝑒𝑙 𝑦𝑖𝑒𝑙𝑑 % =
𝐵𝑖𝑜𝑑𝑖𝑒𝑠𝑒𝑙 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛

𝑂𝑖𝑙 𝑢𝑠𝑒𝑑
𝑋 100 

 … (1) 
 

2.3Development of RSM model 

The RSM model has been used in this work to 

evaluate key process input parameters, including the 

algal biomass (g)/methanol (ml) ratio, temperature 

(°C), time (minute), catalyst amount (wt%), and 

stirring speed (rpm), which affect the amount of 

biodiesel yield. As shown in Table 1, a variety of the 

investigated factors, including the 2:1–6:1 methanol 

to algal biomass ratio, the temperature range of  

30–70 °C, the period of 30–90 minutes, the amount  

of 25–100% of catalyst, and the stirring speed of  

200–700 rpm have been used. RSM has been used to 

obtain 50 experimental designs to avoid needless run 

repeats. 

Table 2 shows the experiment design for algae 

biomass biodiesel production suggested by RSM. 

Table 3 shows theimpact of the five parameters on the 

yield of biodiesel produced from algae biomass. The 

significance test and analysis of variance (ANOVA) 

have been used to evaluate the effectiveness of the 

quadratic equation response model. Equation 2 serves 

as a representation of the fitted model
29-30

. 
 

𝑌 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + 𝛽3𝑋3 + 𝛽4𝑋4 + 𝛽5𝑋5 +
𝛽12𝑋1𝑋2 + 𝛽13𝑋1𝑋3 + 𝛽14𝑋1𝑋4 + 𝛽15𝑋1𝑋5 + 𝛽23𝑋2𝑋3 +
𝛽24𝑋2𝑋4 + 𝛽25𝑋2𝑋5 + 𝛽34𝑋3𝑋4 + 𝛽35𝑋3𝑋5 + 𝛽45𝑋4𝑋5 +
𝛽11𝑋1

2 + 𝛽22𝑋2
2 + 𝛽33𝑋3

2 + 𝛽4𝑋44
2 + 𝛽55𝑋5

2 … (2) 
 

Where Y is the yield of algae biomass biodiesel, β0 

is the constant term; β1, β2, β3, β4, and β5 are the 

various linear coefficients; β12, β13, β14, β15, β23, β24, β25, 

β34, β35, and β45 are the various interaction coefficients; 

β11, β22, β33, β44 and β55 are the various quadratic 

coefficients; and X1, X2, X3, X4 and X5 are the non-

actual independent parameters. 
 

2.4 Development of model for the whale optimization 

algorithm 

The WOA was presented as a optimization strategy 

based on population by Mirzalili and Lewis in 2016 
31

. 

The locations of individual humpback whales are 

considered independent variables,and the objective 

isassociated with the distance of thewhale fromthe 

food.  

The operational process of the whale is divided into 

three phases: shrinking and encircling of prey, 

exploitation phase (bubble-net attackingapproach), 

and exploration phase (prey exploration).  
 

2.4.1Encircle of prey 

Humpback whales possess the ability to detect and 

enclose their prey for food. The whale optimization 

algorithm indicates that the primary best solution is 

either to target prey or reachvery near to it because of 

the optimum design location in the search space. Once 

the best search agent has been determined, the other 

search agents nearby will update their locations. 

Equation (3) and equation(4) describe the behavior of 

the mechanism. 
 

𝐷   =  𝐶.    𝑋𝑏𝑒𝑠𝑡            𝑡 − 𝑋  𝑡    … (3) 

𝑋  𝑡 + 1 = 𝑋𝑏𝑒𝑠𝑡            𝑡 − 𝐴  . 𝐷        … (4) 
 

Where X position vector,t is current iteration, and 

Xbest
            best position vector, respectively, || is absolute 

value, and ―・‖ is element-by-element multiplication. 

The Coefficient vectorsA    and 𝐶 , calculated using 

equation (5) and equation(6).  
 

𝐴 = 2𝑎.    𝑟 − 𝑎   … (5) 

𝐶 = 2. 𝑟   … (6)  
 

Where 𝑎 decreases from 2 to 0 through iterations 

inexploration and exploitation phasesand 𝑟 ∈[0, 1] isa 

random vector. 
 

2.4.2 Bubblenet attacking technique 

This strategy is also known as the exploitation 

phase. The bubble-net technique is one that whales 

might utilize to attack their prey. This has led to the 

establishment of bubble-net techniques for humpback 

whales. The whale has used the shrinking encircling 

mechanism to modify their new location (Xbest, Ybest), 

utilizing the agent’s prior positionto obtain the best 

position in a two-dimensional space (shown in Fig. 1. 

This was accomplished by reducing the a   value in 

equation (4). After that, the feeding mechanism (spiral 

bubble-net)is developed by measuring the distance 

between the whale’s position and the prey. The spiral 

movement of the whale and its prey is then simulated 

using equation (7). 

Table 1 — Variable factor range. 

Factor Name Units Minimum 

Value 

Maximum 

Value 

A Methanol to algal 

biomass ratio 

ml/g 2 6 

B Temperature °C 30 70 

C Time minute 30 90 

D Catalyst % 25 100 

E Stirrer speed rpm 200 700 
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Table 2 — Experiment design for algae biomass biodiesel production suggested by RSM. 

Run Methanol to algae 
biomass ratio 

Temperature Time Catalyst Stirrer  
speed 

Yield RSM Predicted 
Yield 

WO Predicted 
Yield 

  °C minute % Rpm % % % 

1 4 50 60 62.5 450 82 80.32 80.682 

2 6 70 90 25 700 71 69.31 69.4944 

3 6 30 30 100 700 67 65.11 65.4721 

4 2 30 90 100 700 47 48.79 48.1486 

5 2 70 90 25 200 45 45.82 46.0018 

6 4 50 60 62.5 450 82 80.32 80.682 

7 2 30 30 25 700 32 33.91 33.985 

8 2 30 30 100 700 54 52.15 52.5089 

9 4 70 60 62.5 450 71 72.15 72.6587 

10 2 30 90 100 200 53 51.13 52.4942 

11 2 70 30 25 200 37 35.8 35.9871 

12 2 70 30 25 700 41 42.33 42.5165 

13 4 30 60 62.5 450 62 62.97 63.1898 

14 2 50 60 62.5 450 70 72.26 72.6301 

15 2 30 90 25 700 36 34.92 34.9997 

16 6 50 60 62.5 450 83 82.85 83.2184 

17 4 50 60 62.5 200 75 76.79 76.1595 

18 2 70 90 100 700 65 63.72 64.5551 

19 2 70 90 100 200 61 63.19 64.0257 

20 6 30 90 25 700 55 56.13 56.213 

21 6 70 30 100 700 69 71.04 71.8786 

22 6 70 90 100 200 73 72.02 72.8639 

23 4 50 90 62.5 450 82 82.44 82.8066 

24 6 30 90 100 700 69 70.63 70.9869 

25 2 70 90 25 700 51 50.22 50.4062 

26 2 70 30 100 200 59 57.55 58.386 

27 2 30 30 100 200 50 52.37 51.7295 

28 6 70 30 25 700 52 52.55 52.7297 

29 4 50 60 62.5 450 83 80.32 80.682 

30 2 70 30 100 700 61 60.2 61.0404 

31 6 70 90 100 700 83 83.43 84.2683 

32 2 30 30 25 200 32 30.25 30.3306 

33 4 50 60 25 450 59 60.5 60.631 

34 6 70 30 100 200 58 57.51 58.3492 

35 6 30 90 25 200 43 43.73 43.8085 

36 6 30 30 100 200 53 54.46 54.8177 

37 4 50 60 62.5 450 81 80.32 80.682 

38 4 50 30 62.5 450 73 74.68 75.0419 

39 6 70 30 25 200 36 35.14 35.3253 

40 4 50 60 100 450 78 78.62 79.2174 

41 6 30 30 25 200 31 31.72 31.7938 

42 6 70 90 25 200 53 54.03 54.215 

43 4 50 60 62.5 450 84 80.32 80.682 

44 4 50 60 62.5 450 82 80.32 80.682 

45 4 50 60 62.5 700 84 84.32 84.689 

46 2 30 90 25 200 34 33.39 33.4703 

47 6 30 90 100 200 64 62.1 62.4574 

48 4 50 60 62.5 450 82 80.32 80.682 

49 6 30 30 25 700 48 46.24 46.3232 

50 4 50 60 62.5 450 75 80.32 80.682 
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Table 3 — ANOVA for algae biomass biodiesel production. 

Source Sum of Squares df Mean Square F-value p-value 

 Model 13481.51 20 674.08 137.02 < 0.0001 significant 

A-Moler ratio 952.94 1 952.94 193.7 < 0.0001 

 B-Temperature 715.76 1 715.76 145.49 < 0.0001 

 C-Time 512.47 1 512.47 104.17 < 0.0001 

 D-Catalyst 2790.12 1 2790.12 567.15 < 0.0001 

 E-Stirrer speed 481.88 1 481.88 97.95 < 0.0001 

 AB 9.03 1 9.03 1.84 0.1859 

 AC 157.53 1 157.53 32.02 < 0.0001 

 AD 0.7813 1 0.7813 0.1588 0.6932 

 AE 236.53 1 236.53 48.08 < 0.0001 

 BC 94.53 1 94.53 19.22 0.0001 

 BD 0.2813 1 0.2813 0.0572 0.8127 

 BE 16.53 1 16.53 3.36 0.0771 

 CD 38.28 1 38.28 7.78 0.0092 

 CE 9.03 1 9.03 1.84 0.1859 

 DE 30.03 1 30.03 6.1 0.0196 

 A² 18.81 1 18.81 3.82 0.0602 

 B² 402.56 1 402.56 81.83 < 0.0001 

 C² 7.64 1 7.64 1.55 0.2226 

 D² 286.24 1 286.24 58.18 < 0.0001 

 E² 0.1451 1 0.1451 0.0295 0.8648 

 Residual 142.67 29 4.92 

   Lack of Fit 90.79 22 4.13 0.5569 0.8612 not significant 

Pure Error 51.88 7 7.41 

   Cor Total 13624.18 49 

     

 
 

Fig. 1 — Hunting nature of humpback whales32. 
 

𝑋  𝑡 + 1 =  𝑋𝑏𝑒𝑠𝑡            𝑡 − 𝑋  . ⅇ𝑏𝑙 . 𝑐𝑜𝑠 2𝜋𝑙 + 𝑋 𝑏𝑒𝑠𝑡  𝑡   
 … (7) 
 

Where 𝑋𝑏𝑒𝑠𝑡            𝑡 − 𝑋   is the distance between the 

whale’s position and the prey, l is random number 

between 0 and 1, and b is the constant used in the 

logarithmic. In addition to swimming in a decreasing 

circle, humpback whales move in a spiral pattern with 

their prey. To show this concurrent behavior, we 

estimate a 50% possibility of using either the spiral 

model or the shrinking encircling mechanism to 

update whale positions during the optimization. The 

mathematical model is defined by equation (8). 

𝑋  𝑡 + 1 

=  

𝑋𝑏𝑒𝑠𝑡            𝑡 − 𝐴  . 𝐷       𝑖𝑓 𝑝 < 0.5 

 𝑋𝑏𝑒𝑠𝑡            𝑡 − 𝑋  . ⅇ𝑏𝑙 . 𝑐𝑜𝑠 2𝜋𝑙 + 𝑋 𝑏𝑒𝑠𝑡  𝑡 

 𝑖𝑓 𝑝 ≥ 0.5

  

  … (8) 
 

2.4.3 Prey exploration 

In the exploration phase,the humpback whale 

updates its location using the A   vector through the 

bubble net striking. As shown by equation (9) and 

equation (10), the humpback whale A    conduct a 

random prey hunt in the iteration to prevent falling 

into the ideal solution. 
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D   =  C.    Xrand
            t − X    t   … (9) 

 

X    t + 1 = Xrand
            t − A    . D        … (10) 

 

Where Xrand
           is position vector randomly is chosen 

from the population. 
 

3 Results and Discussion 
 

3.1 ANOVA analysis 

ANOVA, suggested by response surface 

methodology, has been used to check the significance 

of the model in predicting the ideal condition 

forbiodiesel production from algal biomass. The 

quadratic model has been selected based on the P-

values (0.0001) compared to the P-values of other 

models. However, the models’ F-values can serve as a 

different criterion for choosing the best model. 

The findings of the ANOVAare highlighted in 

Table 3. For the sake of this analysis, a significance 

level of 0.05 has been maintained. The predicted F 

value is 137.02 with a negligibly small probability 

value (0.0001), so the developed model is significant 

at a 95% confidence level. The confidence level 

shows how reliable the fitted model is in predicting 

the biodiesel yield from algal biomass. The regression 

coefficient (R
2
), adjusted R

2,
 and predicted R

2
 

valuesare0.9895, 0.9823, and 0.9720, respectively. 

The P values for the variables listed in Table 3 have 

been calculated.: A(algae biomass/methanol ratio), 

B(temperature), C(time), D(catalyst amount), 

E(stirring speed), AC(algae biomass/methanol ratio 

and time), AE(algae biomass/methanol ratio and 

stirring speed), BC(temperature and time), CD(time 

and stirring speed), DE(algae biomass/methanol ratio 

and stirring speed). Others (AB, AD, BE, CE, A
2
, C

2
, 

and E
2
), on the other hand, are shown to be 

insignificant. Equation (11) shows the quadratic 

regression equation for algae biomass biodiesel 

production. 
 
 

Yield =
−78.78 +  4.03 ∗  Algae biomass/methanol ratio +
3.24 ∗  Temperature + 0.17 ∗  Time + 1.30 ∗  Catalyst −
0.007 ∗  Stirring − 0.013 ∗
 Algae biomass/methanol ratio ∗  Temperature + 0.04 ∗
 Algae biomass/methanol ratio ∗  Time + 0.002 ∗
 Algae biomass/methanol ratio ∗  Catalyst + 0.005 ∗
Algae biomass/methanol ratio ∗  Stirring + 0.003 ∗
Temperature ∗  Time − 0.00012 ∗ Temperature ∗
 Catalyst + 0.00014 ∗ Temperature ∗  Stirring −
0.00097 ∗ Time ∗  Catalyst − 0.00007 ∗ Time ∗
 Stirring − 0.0001 ∗ Catalyst ∗  Stirring − 0.69 ∗

( Algae biomass/methanol ratio) ² − 0.032 ∗
Temperature² − 0.002 ∗ Time² − 0.0076 ∗ Catalyst² +
0.00004 ∗ Stirring²  … (11) 
 

Fig. 2 and Fig. 3 show the three-dimensional 

interaction of surface for the yield of algal biomass 

predicted by the RSM model. The effect of 

temperature and the ratio of methanol to algal 

biomass on the output of algae biomass-based 

biodiesel is shown in Fig. 2. The algae 

biomassbiodiesel production increased as the 

temperature and the ratio of methanol increased. With 

a 5.56 methanol/algae biomass ratio and 54 °C 

temperature, after that, it began to decrease because 

 
 

Fig. 2 — Interaction surface between methanol/algae biomass and 

temperature to yield of algae biomass biodiesel. 
 

 
 

Fig. 3 —Interaction surface between temperature and catalyst to 

yield of algae biomass biodiesel. 
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when temperature increases, oil viscosity decreases, 

allowing for better oil-to-methanol interaction. 

Compared to the transesterification reaction, side 

reactions such as the hydrolysis of methyl esters of 

fatty acids into corresponding acids and alcohols 

occur more quickly at higher temperatures 32.  

Fig. 3 shows the surface interaction between 

temperature and catalyst to yield algae biomass 

biodiesel. From 25 to 66% of the catalyst 

concentration, it has been discovered that the 

biodiesel yield increases; however, beyond 66%, the 

yield begins to decline. Higher catalyst concentrations 

encourage triglyceride side reactions, making more 

triglycerides accessible for biodiesel production. 

Further, at greater catalyst concentrations, emulsion is 

formed, increasing viscosity and making biodiesel 

recovery very challenging
33,34

. 
 

3.2 Modelling using the WOA technique 

A model for projecting the yield of algae biomass 

biodiesel has been created using WO algorithms. Five 

variables have been selected as the model’s inputs, 

including the algal biomass. The output of algal 

biomass biodiesel has been established in response at 

the same time. The boundary conditions established 

for the response surface methodology have been 

applied for the outputs and inputs process parameters 

for WOA, and analyses have been carried out using 

MATLAB software to maximize the power equation’s 

indexes. Table 4 shows the whale optimization 

algorithm parameters. Table 5 shows the optimal 

yield of algal biomass biodiesel suggested by WOA 

with their experimental validation. Trial and error 

methods have been used to determine an appropriate 

valueof parameters. The biodiesel yield model 

developed by WOA is more accurate for each run 

than the RSM predicted yield. 

Experimental yield compared to RSM projected 

and WOA predicted yields are shown in Table 2.  

Fig. 4 and Fig. 5 show the linear equations (0.9896x + 

0.6414) and (0.9968x 0.5244) suitable for the 

variations of yield obtained from experimental and 

response surface methodology and experimental and 

whale optimization algorithm yield, respectively. The 

R
2
 value is 0.9895 for the RSM model and  

0.9902 for the WOA model, respectively. As a 

result, the WOA model could accurately estimate the 

yield of algae biomass biodiesel compared to the 

RSM model. 
 

3.3 Optimal condition of biodiesel from algae biomass 

biodiesel 

The ideal situation for the production of algal 

biomass biodiesel is shown in Fig. 6. Table 5 shows 

the methanol/algal biomass ratio of 5.56 ml/g, 

temperature 54.64 °C, time 78 minutes, catalyst at 

77.06 wt (%), and stirring speed 450 minutes resulted 

in the highest yield of algae biomass biodiesel 

(89.87%). The experimental yield from the justification 

Table 5 — Experimental validation of algae biomass biodiesel. 

Algae biomass(g)/methanol(ml)  

ratio 

Temp. 
 0C 

Time 

Mint. 

Catalyst % Stirring  

rpm 

Predicted yield  

(%) 

Experimental yield  

(%) 

%  

Error 

5.56 54.64 78 77.06 450 89.87 87.07 3.12 
 

Table 4 — Parameters setting Whale optimization algorithm. 

Variables Name No. 

Search Agents no.  30 

Number of iterations  200 
 

 
 

Fig. 4 — Comparision of experimental yield (%) and RSM 

predicted yield (%). 
 

 
 

Fig. 5 — Comparision of experimental yield and WOA predicted 

yield. 
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test utilising the optimized experimental parameters has 

been 87.07%. It is discovered that there is an average 

error of 0.0312% between the predicted and actual 

values. The validation results show the model’s accuracy 

because of the lower percentages of prediction errors. 

Table 6 shows the fundamental characteristics of 

the produced algal biomass biodiesel. The biodiesel 

properties of algal biomass met those of conventional 

diesel
35

. Biodiesel produced from algal biomass can 

reduce fuel usage and enhance the performance of 

diesel engines. 
 

4 Conclusion 
The study concludes that the RSM coupled with the 

Whale optimization algorithm (WOA) can optimize 

process parameters for biodiesel production from 

algal biomass on the lab scale. The 89.87% algae 

biomass biodiesel has been obtained at an algal 

biomass/methanol ratio of 5.56, temperature of 54.64 

°C, time of 78 minutes, H2SO4 of 77.06% w/w, and 

stirring speed of 450 rpm. The predicted coefficient of 

determination (R
2
) for the RSM model is 0.9895, 

while the R
2
 for the WOA model is0.9902, indicating 

the WOA model’s superiority to the RSM model. The 

WOA accurately predicted the yield as compared to 

RSM’s predicted yields. The fuel’s characteristics 

complied with the range of criteria for fossil diesel 

characteristics. 

 

Acknowledgement 

The author acknowledges Maharishi Dayanand 

University Rohtak Haryana, India, for providing lab 

facilities and experimental setup.  

 
References  
1 Ashfaq S, Liangrong S, Waqas F, Gulzar S, Mujtaba G, & 

Nasir R M, Gondwana Res, 127 (2024) 288.  

2 Jeswani HK, Chilvers A, &Azapagic A, Proc R Soc A, 476 

(2020) 20200351.  

3 Yolcan OO, IGD, 2 (2023) 100070.  

4 Martinez-Valencia L, Garcia-Perez M, & Wolcott MP, 

Renew Sustain Energy Rev, 152 (2021) 111680.  

5 Lin C-Y, & Lu C, Renew Sustain Energy Rev, 136 (2021) 

110445.  

6 Malode SJ, Prabhu KK, Mascarenhas RJ, Shetti NP, 

&Aminabhavi TM, Energy Convers Manag: X, 10 (2021) 

100070.  

7 Oztay D, Inan B, Koçer AT, &Ozçimen D, Braz J Chem 

Eng, 40 (2023) 103.  

8 Brahma S, Nath B, Basumatary B, Das B, Saikia P, Patir K, 

& Basumatary S, Chem Eng J Adv, 10 (2022) 100284.  

9 Mascarenhas N O, Pereira M A, Pires C A M, Simonelli G, 

& Santos L C L, Biomass Convers Biorefin, 14 (2024)  

9455. 

10 Neto VS, Derenzo S, De Araujo Marin M P, Novazzi LF, & 

Poco J G R, Braz J Chem Eng, 41 (2024) 889.  

11 Monika, Banga S, & Pathak V V, Energy Nexus, 10 (2023) 

100209.  

12 Pires V D, Cavalcante R M, & Young Am F, Braz J Chem 

Eng, (2023).  

13 Khan M I, Shin J H, & Kim J D, Microb Cell Fact, 17 (2018) 

36.  

14 De Jesus S S, Ferreira G F, Moreira L S, & Filho R M, 

Renew Energy, 160 (2020) 1283.  

15 Brar P K, Ormeci B, &Dhir A, Biomass Convers Biorefin, 14 

(2024) 1481.  

16 Ferreira Mota G, Germano De Sousa I, Luiz Barros De 

Oliveira A, Luthierre Gama Cavalcante A, Da Silva Moreira K, 

Cavalcante F T T, Da Silva Souza J E, Falcão I R A, Rocha 

T G, Valerio R B R, Carvalho S C F, Neto F S, Serpa J F, de 

Lima R K C, De Souza M C M, & Dos Santos J C S, Algal 

Res, 62 (2022) 102616.  

17 Chhandama M V L, Satyan K B, Changmai B, Vanlalveni C, 

& Rokhum S L, BioresourTechnol, 15 (2021) 100771. 

18 Salam K A, Velasquez-Orta S B, & Harvey A P, Renew 

Sustain Energy Rev, 65 (2016) 1179.  

 
 

Fig. 6 — Best fitness score obtained by the whale optimisation 

algorithm. 
 

Table 6 — Various fundamental characteristics of algae biomass 

biodiesel and diesel. 

Properties Algae Biomass Biodiesel Diesel 

Calorific value  

(MJ/Kg) 

38.42 45.5 

Density at 27 °C  

(g/L) 

0.87 0.856 

Flash  

point 

176 69.5 

Kinematic viscosity at 

40°C (mm2 /s) 

11.2 3.073 

Moisture  

(g/100g) 

<0.1 0.05 max 

Cetane  

number 

67 48 

Cloud point  

(°C) 

-1 -7 

 Pour point  

(°C) 

-6 -8 

Acidic value  

(mg NaOH/g) 

0.576 6.032 

 



INDIAN J ENG MATER SCI, OCTOBER 2024 

 

 

758 

19 Rajwar K, Deep K, & Das S, Artif Intell Rev, 56 (2023) 

13187.  

20 Ayoola A A, Hymore F K, Omonhinmin C A, Babalola P O, 

Fayomi O S I, Olawole O C, Olawepo A V, & Babalola A, 

Chem Data Coll, 28 (2020) 100478.  

21 Esfe MH, Toghraie D, & Amoozadkhalili F, Powder 

Technol, 415 (2023) 118097.  

22 Sharma P,& Sahoo B B, Int J Hydrogen Energy, 47 (2022) 

19298.  

23 Kumar V, Kalita K, Madhu S, Ragavendran U, & Gao X-Z, 

Process, 9 (2021) 442.  

24 Deng H, Liu L, Fang J, Qu B, & Huang Q, Math Comput 

Simul, 205 (2023) 794.  

25 Torres S, Acien G, García-Cuadra F, & Navia R, Algal Res, 

28 (2017) 30.  

26 Kialashaki M, Mahdavi MA, & Gheshlaghi R, J Clean Prod, 

241 (2019) 118388. 

27 Brar A, Kumar M, Soni T, Vivekanand V, & Pareek N, 
BioresourTechnol, 339 (2021) 125597.  

28 Sokac T, Gojun M, Tusek AJ, Salic A, & Zelic B, Renew 
Energy, 159 (2020) 642.  

29 Kumar P & Dhingra AK, in Recent Advances in Intelligent 
Manufacturing, edited by Kumar H, Jain PK, Goel S 
(Springer Nature Singapore, Singapore), 2023, 239. 

30 Elkelawy M, Bastawissi HAE, Esmaeil KK, Radwan AM, 
Panchal H, Sadasivuni K K, Suresh M,& Israr M, Fuel, 266 
(2020) 117072.  

31 Mirjalili S, & Lewis A, Adv Eng Softw, 95 (2016) 51–67.  
32 Alahmer H, Alahmer A, Alkhazaleh R, & Alrbai M, Energy 

Rep, 9 (2023) 77.  
33 Zhao H, Guo S, & Zhao H, Energies, 10 (2017) 874.  
34 Rana N, Latiff M S A, Abdulhamid S M, & Chiroma H, 

Neural Comput, 32 (2020) 16245.  
35 Rizwanul Fattah I M, Kalam M A, Masjuki H H, &  

Wakil M A, RSC Adv, 4 (2014) 17787.  

 


