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Response surface methodology (RSM) and Artificial neural network (ANN) analysis of crude
palm kernel oil (CPKO) biodiesel production, using KOH and NaOH catalysts, were carried
out in this research work. The four process parameters considered during the produc-
tion process and modelling stages were 6-12 mol ratio of methanol/oil, 0.7-1.7 wt/wt%
catalyst concentration, 48-62 °C reaction temperature and 50-90 min reaction time. Log
sigmoid function and Levenberg marquardt technique were adopted in ANN while Box-
Benkhen method was utilised for RSM. The results revealed that KOH catalyst process pro-
duced higher yield of biodiesel (87 - 99%), compared to the yield obtained from NaOH
catalysed process (79 - 91%). The regression coefficients for RSM models were 0.9324 for
KOH catalysed process and 0.8935 for NaOH catalysed process, while the overall correla-
tion coefficients for ANN models were 0.82921 for KOH catalysed process and 0.89396 for
NaOH catalysed process, an implication that RSM is a better analytical tool (compare to
ANN) in models formulation.
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Rationale

Energy is a fundamental prerequisite for the economic advancement of every nation. This is because, every sector of a
nation can only be sustained through reliable energy source. The escalating global energy demand has revealed that non-
renewable energy sources are restricted wellspring of energy that will in the end run out [1-5].

In addition, the common problem associated with the utilisation of non-renewable energy sources (such as coal and
crude oil) is the environmental pollution arising from the release of the associated harmful substances such as sulphur
oxides (SOx), carbon oxides (COx) and some hydrocarbons (HCs). Hence, there is need for alternative energy sources that
are not only renewable but also sustainable in nature [6-8]. Biodiesel is a renewable form of energy source and it can be
commonly produced through a process of transesterification. This process involves a reversible chemical reaction between
the triglycerides of lipids (plant oils or animal fats) and the low carbon chain alcohol (methanol, ethanol, propanol) in a
catalytic environment [9-15]. One of the ways to attain energy sustainability is to use non edible and/or waste cooking oils
for biodiesel production. By so doing, the cost of production will reduce and the environmental challenge associated with
the wrong disposal of such waste oils will be minimised [16]. Crude palm kernel oil (CPKO) is a good example of non-edible
plant oil. CPKO contains 50% percent saturated fatty acids (palmitic acid C4gH3,0,, lauric acid Ci,H;40, and myristic acid
Cy14H505) and 50% unsaturated fatty acid (oleic acid C1gH340,). Crude palm kernel oil used in this study was extracted from
its seeds through a crude and traditional process (at 850 °C), in a local plant in Ota, Ogun state, Nigeria. [17]

According to Evangelos, the use of KOH and NaOH (as base catalysts) is commonly adopted for biodiesel production due
to ease of production process, short reaction time (30 min - 2 h), low alcohol to oil molar ratio (6-12), low concentration
of base catalyst (0.2 - 2.0 wt./wt.%), high yield of biodiesel (90 - 99%) and excellent catalytic performance.

Response Surface Methodology (RSM) is a collection of statistical and mathematical techniques useful for developing,
improving, and optimizing processes [18 -19]. The most extensive applications of RSM are used in situations where several
input variables potentially influenced some performance measure or quality characteristic of the process. Thus, performance
measure or quality characteristic is called the response or yield. The input variables are sometimes called independent
or process variables, and they are subject to the control or manipulation of the researcher. The field of response surface
methodology consists of the experimental strategy for exploring the space of the process or independent variables, empirical
statistical modelling (to develop an appropriate approximating relationship between the yield and the process variables) and
the optimization methods for finding the values of the process variables that produce desirable values of the response [20].
MINITAB software is one good statistical software that can be employed for RSM.

Another tool that can be used to model a relationship between the inputs and output(s) in a statistical study is artificial
neural network (ANN) [21-24]. ANN is a statistical tool in which its mode of operation of modelling formulation is based
on the simulation of the structural and functionalities of biological neural networks. Basic building block of every ANN is
artificial neuron, that is, a simple mathematical model (function). Such a model has three simple sets of rules: multiplication,
summation and activation [25-26]. At the entrance of artificial neuron the inputs are weighted, that is, every input value is
multiplied with individual weight. In the middle section of artificial neuron is sum function that sums all weighted inputs
and bias. At the exit of artificial neuron the sum of previously weighted inputs and bias passes through activation function
which is also called transfer function to generate response(s) [27-29]. ANN toolbox (MATLAB R2016a) is a good tool for ANN.

This research work aims at relating the analytical operations of both RSM and ANN in the CPKO biodiesel involving
KOH and NaOH catalysts, by relating biodiesel yield obtained (response) to the four input variables considered. That is, the
novelty of the study is in the application of RSM and ANN analytical tools to CPKO biodiesel process by establishing useful
models as well as the evaluation of the level of fitness of such models.

Procedures
Materials, reagents and equipment
The materials, reagents and equipment utilised include crude palm kernel oil, NaOH, KOH, CH30H, H,SO,4 (all reagents

are analytical grade products of Sigma-Aldrich, Qualikems and Romil Ltd), GCMS (Agilent Technologies 7890A) and AAS
(Analyst 200 Perkin Elmer precisely).

Design of experiment
Experimental design involved the use of Box-Benkhen method (Minitab 17 software) and the process parameters were

methanol-oil mole ratio (6 — 12), catalyst concentration (0.7 - 1.7) wt./wt.%, reaction temperature (48 - 62) °C and reaction
time (50 - 90) minutes, as shown in Table 1.

Biodiesel production

The biodiesel production involved transesterification reaction between CPKO and methanol, in the presence of KOH and
NaOH catalysts (used separately). The procedures followed during the production were as stated in the previous work [30].
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Table 1
Box-Behnken experimental design for biodiesel production.
Parameters Variables Levels
-1 0 +1
Methanol/Oil Mole Ratio X1 6 9 12
Catalyst Concentration (wt./wt.%) X3 0.7 1.2 1.7
Reaction Temperature (°C) X3 48 55 62
Reaction Time (minutes) X4 50 70 90
. Hidden layer
input layer

Output layer

‘Response

12 Neurons

Fig. 1. ANN topology.

modelling of biodiesel yield using RSM and ANN

Using RSM, the interaction effects between the four process parameters and biodiesel yields (at the prevailing experi-
mental conditions) were determined. modelling of biodiesel yield was carried out using RSM and ANN analytical tools, by
considering four input variables (methanol/oil mole ratio, catalyst concentration, reaction temperature and reaction time)
and biodiesel yield (output).

The interactive effects of the input variables on the yield was analysed and suitable models were established as well.
Using ANN toolbox (MATLAB R2016a), log sigmoid function was adopted (because of its high correlation profile) for the
modelling.

logsig(x) = 1/(1 + exp(—x)) (1)

The experimental data comprises of 4-input parameters such as methanol per oil mole ratio («p), catalyst concentration
(ac), reaction temperature (cp) and the reaction time (o) as shown in Fig. 1. The input parameters were graded by dividing
each column with the highest value in order to obtain values within the range of zero to one (0-1). Levenberg Marquardt
technique was adopted in this work, and the training methods were sectioned into training, validation, and test set of 70%,
15% and 15% respectively. Out of the twenty-seven (27) sets of samples, 70% which corresponds to nineteen (19) samples
were presented to ANN during training and the network was adjusted according to its error. Four samples (15%) were used
by the network for validation purpose such that training was halted when generalization stop improving. The outstanding
four samples (15%) had no effect on the training and so were used to give an independent measure of network performance
during and after training.

Data, value and validation

Biodiesel yields from KOH and NAOH catalysed transesterifications

Fig. 2 shows the biodiesel yields produced from the 27 experimental runs of the transesterification of CPKO (using KOH
and NaOH catalysts separately). While Fig. 3 shows the interactive effects of the four process parameters on the yields
(using KOH and NaOH catalysts separately). Generally, the high yield of biodiesel could be explained in terms of the ho-
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Fig. 2. CPKO biodiesel yields obtained from KOH and NaOH catalysts.

Table 2

Statistical results of the RSM model.
Term Coefficient SE Coeficient p

For KOH Catalyst
Constant 28.5989 6.07910 0.0000000
Linear
X4 11.0532 0.84301 0.0000000
X 24.6909 4.06234 0.0000076
X3 —0.3862 0.15879 0.0250590
Square
X1x1 —0.5788 0.04650 0.0000000
Xy %2 -10.3358 1.67418 0.0000062
Xgxq —0.0034 0.00086 0.0009154
Interaction
X3xq 0.0095 0.00218 0.0003577
For NaOH Catalyst

Constant 12.7330 9.04504 0.000000
Linear
X4 13.3021 1.25430 0.000000
X5 26.3284 6.04432 0.000340
X3 -0.3182 0.23626 0.193910
Square
X1x1 —0.6931 0.06919 0.000000
Xy %o -11.3070 2.49099 0.000224
Interaction
X3x4 0.0083 0.00325 0.019455
Xgxq —-0.0029 0.00127 0.033691

mogenous nature of all the reactants, products and catalysts. And the results generally showed that KOH catalysed transes-
terification process produced higher biodiesel yield compared to the yield obtained from NaOH catalysed transesterification
reaction (under the same experimental conditions). Also from Fig. 3, it could be seen that the favourable conditions for high
yield of biodiesel from KOH catalysed transesterification were methanol/oil mole ratio of 9.51, KOH catalyst concentration
of 1.24 wt/wt%, reaction temperature of 62 and reaction time of 80 min. For NaOH catalysed reaction, favourable biodiesel
yields were achieved at methanol/oil mole ratio of 9.57, catalyst concentration of 1.10 wt/wt%, reaction temperature of 62
and reaction time of 85 min. These results could be justified by the fact that KOH is chemically more active than NaOH,
since lesser energy is required to excite the single valence electron in potassium than in sodium [20].

Biodiesel yield model using RSM

The results of the model formulated between biodiesel yield and the four process variables using RSM (for both KOH
and NaOH catalysts) were displayed in Eqs. (2) & 3, while Table 2 revealed the statistical analysis obtained. The low values
of probability value (p values below 0.05 significant level) confirmed the suitability and reliability of each of the terms
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Table 3
Responses obtained from the utilisation of ANN and RSM using KOH and NaOH catalysts.
Input parameters Yield (Response)
SIN o o ar o RSM KOH ANN (KOH) RSM NaOH  ANN (NaOH)
1 1.00 1.00 089 0.78 087 0.88 0.81 0.84
2 1.00 041 089 078 0.89 0.88 0.85 0.87
3 0.50 1.00 089 078 0.84 0.85 0.79 0.80
4 0.50 041 089 078 0.85 0.86 0.81 0.82
5 0.75 071 1.00 100 0.99 0.95 0.95 0.94
6 0.75 071 100 056 0.93 0.94 0.90 0.87
7 0.75 071 077 1.00 0.90 0.89 0.87 0.86
8 0.75 071 0.77 056 0.90 0.93 0.87 0.88
9 0.75 071 089 078 0.95 0.94 0.91 0.89
10 1.00 071 089 1.00 091 0.91 0.89 0.88
11 1.00 071 089 056 0.90 0.89 0.87 0.86
12 0.50 071 089 100 0.87 0.87 0.82 0.82
13 0.50 071 089 056 0.85 0.90 0.81 0.81
14 0.75 1.00 100 078 0.95 0.97 0.91 0.87
15 0.75 1.00 077 078 091 0.92 0.89 0.88
16 0.75 041 1.00 078 0.93 0.94 0.90 0.91
17 0.75 041 077 078 091 0.90 0.88 0.87
18 0.75 071 0.89 078 095 0.94 0.91 0.89
19 1.00 071 100 078 0.93 0.91 0.90 0.87
20 1.00 071 077 078 0.90 0.89 0.88 0.88
21 0.50 071 100 078 0.89 0.89 0.86 0.86
22 0.50 071 077 078 0.87 0.87 0.81 0.79
23 0.75 1.00 089 1.00 0.92 0.94 0.89 0.90
24 0.75 1.00 089 056 0.90 0.91 0.88 0.87
25 0.75 041 0.89 100 0.92 0.90 0.90 0.90
26 0.75 041 089 056 0.90 0.93 0.87 0.88
27 0.75 071 089 078 0.95 0.94 0.91 0.89

of the two models Egs. (2) & (3). Also, high R-sq values (close to one), as well as the low values of Sum of Errors (SE)
coefficient established that the models formulated were of high accuracy, due to insignificant variation observed between
the experimental data and the model-generated data. [31]

(CPKO biodiesel yield)yon

= 28.5989 + 11.0532X; + 24.6909X, — 0.3862 X5 — 0.5787 X;X; — 10.3358 X5X; + 0.0094 X3X4
—0.0033 X4X4R — Sq = 93.24%R — Sq(adj) = 90.75% (2)
(CPKO biodiesel yield)naon

= 12.733 + 13.3021X; + 26.3284X, — 0.3181X; — 0.6931X;X; — 11.307 X,X, + 0.0082 X3Xs
—0.0029X,X4R — Sq = 89.35%R — Sq(adj) = 85.43% 3)

Biodiesel yield model using ANN

Table 3 shows the input parameters and yields for both ANN and RSM (using KOH and NaOH catalysts). Fig. 4(a) and (b)
showed the plots of ANN regression for training, validation, test and overall, using KOH and NaOH catalysts respectively, as
well as their high values of regression (R close to 1). Figs. 4(a) and (b) revealed the plots of error analysis (mean squared
error and error histogram) for KOH catalysed process, while Figs. 5(a) and (b) show the plots of error analysis (mean squared
error and error histogram) for NaOH catalysed process.

The analysis of uni-layered architecture for mean squared error (mse) indicated an ascending order performance. The
number of neurons were varied from 1 to 20 under 1000 iterations and the hidden layer suitable for this study was found
at 12 neurons. While its testing of mean square error begins to diverge fast at higher neurons, the training was stopped.
This research work adopted a topology of 4-12-1 because of the 4 graded input parameters, 12 hidden neurons and one
response (output).

The best ANN topology occurred at the least mean squared error value of zero (0) when both the target and output
have same value [31]. The method of trial and error was utilised to achieve the lowest mean square error in the validation
process and the performance of the trained network as to get the response values that would replicate the target values. In
this work, the best validation performance was 0.00021812 at epoch 4 for KOH catalysed CPKO process for mean squared
error analysis (Fig. 5a), while the best validation performance was 0.0005605 at epoch 3 for NaOH catalysed CPKO process
for mean squared error analysis (Fig. 6a). Considering the error histogram with 20 bins, the least error of —0.00231 was
observed for KOH catalysed CPKO biodiesel process (Fig. 5b) while 0.000741 least error was observed for NaOH catalysed
CPKO biodiesel production (Fig. 6b).
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Best Validation Performance is 0.0005605 at epoch 3
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Table 4

Biodiesel properties [20].
Property ASTM Method  Units CPKO Biodiesel =~ ASTM standard
Density @ 25°C ASTM D4052 g/cm? 0.8760 0.860 - 0.900
Pour Point ASTM D97 °C -6 (-11) - (-9)
Flash Point ASTM D93 °C 208v < 130
Water Content ASTM D2709 %vol. 0.004 < 0.005
Viscosity @ 40°C ~ ASTM D445 mm?/s  4.80 - 4.90 1.90 - 6.00

Statistical comparison of rsm and ann models

The regression coefficients (R;) for RSM models were 0.9324 for KOH catalysed biodiesel production and 0.8935 for
NaOH catalysed biodiesel production process, while the overall correlation coefficients (R) for ANN models were 0.82921
for KOH catalysed transesterification process and 0.89396 for NaOH catalysed transesterification process. Also, low values of
probability value (p values below 0.05 significant level) were recorded for both KOH and NaOH catalysed processes in the
case of RSM (these justify the suitability and reliability of RSM models). And the low values of mean squared errors depicts
the good level of accuracy of ANN models.

Properties of CPKO biodiesel produced

Table 4 shows the properties of the CPKO biodiesel obtained, as well as their ASTM standard values. The values of the
properties ascertain the high quality of the biodiesel produced. This is because each value of the properties falls within the
ASTM standard.

Conclusion

The research work investigated and compared the analytical strength of RSM and ANN in the transesterification process
of CPKO catalysed by KOH and NaOH separately. The results of this work showed that KOH catalyst produced higher yield
of biodiesel (as revealed in Fig. 2 and Table 3), due to a more reactive nature of potassium (compare to sodium). Also, the
results of this research work revealed RSM as a better analytical tool (compare to ANN) in formulating models in CPKO
transesterification process, as justified by the larger values of regression coefficients.

Declaration of Competing Interest
None.
Acknowledgement

Covenant University Centre for Research Innovation and Discovery (CUCRID) Ota, Nigeria is appreciated for making the
publication of this work a reality.

References

[1] M. Tabatabaei, K. Karimi, H. Sarvari, R. Kumar, Recent trends in biodiesel production, Biofuel Res. J. 7 (2015) 258-267.
[2] A.A. Ayoola, D.O. Adeniyi, S.E. Sanni, K.I. Osakwe, ].D. Jato, Investigating production parameters and impacts of potential emissions from soybean
biodiesel stored under different conditions, Env. Eng. Res 23 (1) (2018) 54-61.
[3] V.E. Efeovbokhan, ].D. Udonne, A.A. Ayoola, O.T. Shogbamu, R. Babalola, A study of the effects of phenolic de-emulsifier solutons in xylene on the
de-emulsiification of a Nigerian crude oil emulsion, ], App. Res. & Tech. 15 (2) (2017) 110-121.
[4] O. Agboola, T. Adedoyin, S.E. Sanni, S.0. Fayomi, E.A. Omonigbehin, B.E. Adegboye, A. Ayoola, O. Omodara, A.O. Ayeni, P. Popoola, R. Sadiku, P.A. Alaba,
Evaluation of DNA from Manihot Esculenta leaf (cassava leaf) as corrosion inhibitor on mild steel in acidic environment, Anal. & Bioanal. Electro 11
(10) (2019) 1304-1328.
[5] A.A. Ayoola, O.S.I. Fayomi, O.A. Adeeyo, J.0. Omodara, O. Adegbite, Impact assessment of biodiesel production using CaO catalyst obtained from two
different sources, Cog. Eng 00 (2019) 1615198.
[6] A.A. Ayoola, D.O. Adeniyi, S.E. Sanni, K.I. Osakwe, ].D. Jato, Investigating production parameters and impacts of potential emissions from soybean
biodiesel stored under different conditions, EER 23 (1) (2018) 54-61.
[7] O.S.I. Fayomi, A.P.I. Popoola, T. Oloruntoba, A.A. Ayoola, Inhibitive characteristics of cetylpyridinium chloride and potassium chromate addition on type
A513 mild steel in acid/chloride media, Cog. Eng (2017), doi:10.1080/23311916.2017.1318736.
[8] J.M. Encinar, A. Pardal, N. Sanchez, S. Nogales, Biodiesel by transesterification of rapeseed oil using ultrasound: a kinetic study of base-catalysed
reactions, Energies 11 (2018) 2229-2241.
[9] E.N. Ali, C.I. Tay, Characterization of biodiesel produced from palm oil via base catalyzed trans-esterification, Procedia Eng 53 (2013) 7.
[10] A.A. Ayoola, E.B. Igho, O.S. Fayomi, Data on calcium oxide and cow bone catalysts used for soybean biodiesel production, DIB 18 (2018) 512-517.
[11] P. Selvakumar, P. Sivashanmugam, Ultrasound assisted oleaginous yeast lipid extraction and garbage lipase catalyzed transesterification for enhanced
biodiesel production, Energy convers & mgt 179 (2019) 141-151.
[12] P. Selvakumar, P. Sivashanmugam, Study on lipid accumulation in novel oleaginous yeast Naganishia liquefaciens NITTS2 utilizing pre-digested munic-
ipal waste activated sludge: a low-cost feedstock for biodiesel production, Appl. Biochem & Biotech 186 (2018) 731-749.
[13] P. Selvakumar, S. Kavitha, P. Sivashanmugam, Optimization of process parameters for efficient bioconversion of thermo-chemo pretreated Manihot
esculenta crantz YTP1 stem to ethanol, Waste & Biomass Valorisatio 10 (2019) 2177-2191.


http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0001
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0001
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0001
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0001
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0001
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0002
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0002
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0002
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0002
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0002
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0002
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0003
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0003
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0003
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0003
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0003
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0003
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0004
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0004
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0004
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0004
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0004
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0004
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0004
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0004
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0004
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0004
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0004
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0004
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0004
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0005
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0005
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0005
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0005
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0005
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0005
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0006
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0006
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0006
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0006
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0006
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0006
https://doi.org/10.1080/23311916.2017.1318736
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0008
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0008
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0008
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0008
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0008
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0009
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0009
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0009
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0010
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0010
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0010
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0010
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0011
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0011
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0011
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0012
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0012
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0012
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0013
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0013
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0013
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0013

A.A. Ayoola, EK. Hymore and C.A. Omonhinmin et al./Chemical Data Collections 28 (2020) 100478 1

[14] TM.L Mahlia, Z.A.H.S. Syazmi, M. Mofijur, A.E. PgAbas, M.R. Bilad, H.C. Ong, A.S. Silitonga, Patent landscape review on biodiesel production: technology
updates, Renew. & Sust. Energy Rev 118 (2020) 109526.

[15] H.C. Ong, ]. Milano, A.S. Silitonga, M.H. Hassan, A.H. Shamsuddin, C. Wang, T.M. Mahlia, J. Siswantoro, F. Kusumo, ]. Sutrisno, Biodiesel production from
Calophyllum inophyllum-Ceiba pentandra oil mixture: optimization and characterization, ], Cleaner Prod 219 (2019) 183-198.

[16] A.A. Ayoola, O.S.I. Fayomi, L.F. Usoro, Data on PKO biodiesel production using CaO catalyst from turkey bones, DIB 19 (2018) 789-797.

[17] G.G. Evangelos, A statistical investigation of biodiesel physical and chemical properties and their correlation with the degree of unsaturation, Renew.
Energy 50 (2013) 858-878.

[18] R.H. Myers, D.C. Montgomery, Response surface methodology: process and product optimization using designed experiment, Wiley-Interscience Pub-
lication (2002).

[19] K.M. Carley, N.Y. Kamneva, ]. Reminga, Response surface methodology CASOS technical report, Carnegie Mellon University School of Computer Science,
Institute for Software Research International (2004).

[20] Ayoola, Production and life cycle assessment of biodiesel produced from three waste oils Ph.D. Thesis, Chemical Engineering Department, Covenant
University, Nigeria, 2015.

[21] L. Bravo-Moncayo, J. Lucio-Naranjo, M. Chavez, 1. Pavon-Garcia, C. Garzén, A machine learning approach for traffic-noise annoyance assessment, Applied
Acoustics 156 (2019) 262-270.

[22] L. Steinbach, M.E. Altinsoy, Prediction of annoyance evaluations of electric vehicle noise by using artificial neural networks, Applied Acoustics 145
(2019) 149-158.

[23] K. Hamad, M.A. Khalil, A. Shanableh, Modeling roadway traffic noise in a hot climate using artificial neural networks, Transportation Research Part D
53 (2017) 161-177.

[24] P.O. Babalola, C.A. Bolu, A.O. Inegbenebor, O. Kilanko, Graphical representations of experimental and ANN predicted data for mechanical and electrical
properties of AISiC Composite prepared by stir casting method, IOP Conf. Series: Materials Science and Engineering 413 (2018) 012063, doi:10.1088/
1757-899X/413/1/012063.

[25] J.P. Maran, V. Sivakumar, K. Thirugnanasambandham, R. Sridhar, Artificial neural network and response surface methodology modeling in mass transfer
parameters predictions during osmotic dehydration of Carica papaya L, Alexandria Eng. ] 52 (3) (2013) 507-516.

[26] K.M. Desai, S.A. Survase, P.S. Saudagar, S.S. Lele, R.S. Singhal, Comparison of artificial neural network (ANN) and response surface methodology (RSM)
in fermentation media optimization: case study of fermentative production of scleroglucan, Biochem. Eng. | 41 (3) (2008) 266-273.

[27] J.BeSter Krenker, A. Kos, Introduction to the artificial neural networks, Faculty of Electrical Engineering, University of Ljubljana Slovenia, IntechOpen
Publisher (2014).

[28] P.O. Babalola, C.A. Bolu, and A.O. Inegbenebor, Artificial neural network prediction of Aluminium metal matrix composite with silicon carbide particles
developed using stir casting method, http://ijens.org/Vol_17_1_06/154502-1706-7979-, pp. 151-159, 2017.

[29] A.A. Ayoola, FK. Hymore, C.A. Omonhinmin, O.C. Olawole, O.S.I. Fayomi, D. Babatunde, O. Fagbiele, Analysis of waste groundnut oil biodiesel production
using response surface methodology and artificial neural network, CDC 22 (2019) 100238.

[30] A.A. Ayoola, FEK. Hymore, C.A. Omonhinmin, Optimization of biodiesel production from selected waste oils using response surface methodology,
Biotechnol 16 (1) (2016) 1-9.

[31] D.M. Himmelblau, Accounts of experiences in the application of artificial neural networks in chemical engineering, Ind. Eng. Chem. Res 47 (16) (2008)
5782-5796.


http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0014
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0014
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0014
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0014
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0014
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0014
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0014
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0014
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0015
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0015
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0015
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0015
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0015
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0015
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0015
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0015
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0015
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0015
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0015
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0016
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0016
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0016
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0016
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0017
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0017
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0018
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0018
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0018
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0019
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0019
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0019
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0019
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0020
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0021
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0021
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0021
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0021
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0021
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0021
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0022
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0022
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0022
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0023
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0023
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0023
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0023
https://doi.org/10.1088/1757-899X/413/1/012063
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0025
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0025
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0025
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0025
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0025
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0026
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0026
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0026
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0026
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0026
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0026
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0027
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0027
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0027
http://ijens.org/Vol_17_I_06/154502-1706-7979-
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0028
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0028
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0028
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0028
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0028
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0028
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0028
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0028
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0029
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0029
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0029
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0029
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0030
http://refhub.elsevier.com/S2405-8300(20)30185-3/sbref0030

	Response surface methodology and artificial neural network analysis of crude palm kernel oil biodiesel production
	Rationale
	Procedures
	Materials, reagents and equipment
	Design of experiment
	Biodiesel production
	modelling of biodiesel yield using RSM and ANN
	Data, value and validation
	Biodiesel yields from KOH and NAOH catalysed transesterifications
	Biodiesel yield model using RSM

	Biodiesel yield model using ANN
	Statistical comparison of rsm and ann models
	Properties of CPKO biodiesel produced

	Conclusion
	Declaration of Competing Interest
	Acknowledgement
	References


