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Time-consuming and costly experiments to measure the cetane number
(CN) of biodiesel make computations even more valuable. In the current
study, two artificial intelligence (Al) models have been used to predict
the biodiesel CN by using comprehensive datasets (440 datasets). They
were the gradient-based artificial neural network (GB-ANN) and the
multi-layer-perceptron ANN optimized by the genetic algorithm (GA-
ANN) for the first time. The three input variablesof the model for
predicting the target variable of the biodiesel CN are the average
number of carbon atoms, average number of double bonds, and average
molecular weight of the fatty acid methyl esters. The learning function,
transfer function, number of hidden layers, and number of neurons in
the hidden layers are some of the optimized parameters in the current
Al-models. The developed models were compared using statistical
criteria such as the coefficient of determination (R?), mean square error
(MSE), average absolute relative deviation (AARD), standard deviation
(STD) and mean absolute percentage error (MAPE). The resulting
outcomes revealed that the highest R? and the lowest MSE were related
to the GB-ANN model with two hidden layers, trainbfg learning method
and logsig-tansig-purelin transfer function. The R? and MSE for the
optimized model are equal to 0.9296 and 0.0005 respectively. Although
the GA-ANN achieved acceptable outcomes, its statistical analyses
produced weaker outcomes than the Al-model based on GB-ANN.
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1. Introduction

Biodiesel can be a good substitute for fossil
fuels. It can be produced from renewable

sources and household wastes, and reduce the
consumption of fossil fuels. Additionally,
biodiesel is biodegradable and non-toxic,
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which makes it possible to use it in very
sensitive environments such as mines [1, 2].
The percentage of fatty acids in biodiesel fuel
determines its properties. The relationship
between the cetane number (CN) of biodiesel
fuel and the fatty acid composition is a good
way for predicting CN. CN is a parameter that
measures the qualitative properties of the fuel.
This parameter shows the delay time between
the start of spraying the fule into the
combustion chamber and the start of fuel
combustion. The CN of most of biodiesel fuels
are higher than those of fossil diesel fuels. The
CN of biodiesel is influenced by its
composition, molecular structure, chain
length, degree of saturation, double bond
position, and one-way structures [3, 4].

The experimental results of researches show
that the CN of biodiesel changes by the raw
materials in which the FAME composition
change [5-9]. The prediction of the CN and
other properties of the fuel by the molecular
structure has a long history. The Experiments
to measure CN are difficult and expensive, and
usually, the obtained results have experimental
errors. Imamovich et al. [10] presented the
results of their scientific research on the
determination of the CN of synthesized diesel
fuels by the cetane index (CI). They showed
that, the experimental determination of this
property of diesel fuel is expensive, therefore
the initial calculation of the CN of synthesized
diesel fuels via Cl is important.

Nowadays, researchers use various types of
machine learning methods to predict desired
properties [11-19]. For instance, the methods
of MLP-ANN, RBF-ANN, ANFIS, and
LSSVM have been employed to estimate the
viscosity of the TiOz/water nanofluid [12].
ANFIS is also used to estimate the water
content of natural gas [15] and the true vapor
pressure of petroleum products [14], as well as
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the viscosities and densities of CO»-loaded
amines [19]. Additionally, the LSSVM model
is utilized to estimate the precipitation of
asphalt during production processes or the
viscosity of mixtures of Athabasca bitumen
and heavy n-alkane [18].

Several studies have been conducted to predict
the CN of biodiesel. Recently, soft computing
methods, as predictive tools, have attracted
considerable attentions. A fast and efficient
method to estimate the CN of biodiesel was
presented by Garcia et al. [20]. The diesel
characteristic was obtained through a partial
least square regression model by the NIR
spectrum of the total hydrocracking effluent.
The developed regression model showed a
good performance in the estimation of the
studied property. The forecasting methods in
past were regression methods and multi-
parameter equations, but now the direction of
research is the artificial neural network (ANN)
technology. ANN is a type of statistical model
designed based on the human brain function.
This model can receive certain inputs and
provide the desired results by performing
processes in the model.

Ngesti Rahaju et al. [21], showed that, the
ANN model trained with Levenberg-
Marquardt (LM) had the highest prediction
accuracy. The LM algorithm successfully
predicted the CN of biodiesels with the highest
correlation and coefficient of determination (R
= 0.9615, R? = 0.9245) as well as the lowest
errors (MAD = 2.0804, RMSE = 3.1541 and
MAPE = 4.29). Piloto-Rodriguez et al. [22],
predicted the CN of biodiesel using ANNs and
the multiple linear regression. The best neural
network for the prediction of CN was a
backpropagation network (11:5:1) using the
LM algorithm for the second stage of training
the networks and showing R = 0.9544 for the
validation data. Hao et al. [23] collected the
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dataset, with 156 CN data points of biodiesels,
from literatures. In the composition-based
method, the input set contains the mass
fractions of fourteen FAME components from
C10:00 to C24:00. For the first time, an
analysis method was implemented to calculate
one-factor and  two-factor  sensitivity
coefficients between the input set and the
output set. In this study, the CN of biodiesel
was calculated by some properties of the
biodiesel, such as fatty acids, average double
bond, average carbon number, and average
molecular weight. Laporta et al. [24, 25]
presented the model for estimating the CN of
biodiesel fuels based on previous articles. This
model is obtained using experimental data. By
using different methods, the model data was
initially divided into two parts including the
combined fuel research engine (CFR) and the
combustion quality test device (1QT). Finally,
they were used together. The obtained values
of R? varied between 0.918 and 0.947. The
recent application of ANN in ICE has been
comprehensively reviewed by Veza et al. [26].
The ANN method has been successfully used
not only in conventional engines (gasoline and
diesel engines), but also in advanced
combustion engines. Sdnchez-Borrotoa et al.
[27] have investigated models for predicting
CN and the ignition delay using ANNs. The 38
biodiesel fuels and 10 pure fatty acid methyl
esters (FAMES), from the available literatures,
were given as input for the prediction of CN by
the model. The best ANN was the conjugate
gradient descent (11:4:1), which showed
satisfyingvalidation data and an average
absolute error of 1.6. The developed models
showed higher accuracies than 95% for
predicting CN and the ignition delay. Hence,
the developed ANN models can be used.

Some limitations caused researchers to try to
create ideas of merging or combining ANN
with other methods to achieve better

performances. Statistical, fuzzy logic, wavelet
transform, and genetic algorithm (GA)
methods are some of them. Among these
methods, GA solves the optimization problems
by imitating the principles of the theory of
biological evolution. It is also a low-cost and
time-consuming method. Therefore, GA
together with ANN can be an effective tool for
predicting and optimizing each parameter. In
this study, the optimization of ANN has been
done using GA as a new technique to estimate
the CN of biodiesel. Therefore, the gradient-
based artificial neural network (GB-ANN) and
a  multi-layer-perceptron  (MLP) ANN
optimized by GA (GA-ANN) are applied to
develop an Al-model for predicting the CN of
biodiesel based on the methyl ester fatty acid
composition. In the GA-ANN model, the
weight vectors of ANN were optimized by the
genetic algorithm technique to minimize the
error and the results were compared by those
of the conventional GB-ANN.

2. Background

In this research, two types of ANNSs have been
used: one is based on gradient and the other is
based on GA. ANNs are determined with the
help of network training, network weights, and
biases. If the mean square error (MSE) in each
cycle (the sum of square error for all
mentioned patterns) is less than the predicted
value or if the changes in network weights after
each cycle are too small, the network training
finishes. The purpose of this research is to
present an ANN including an MLP neural
network. To predict the CN of biodiesel, the
three input variables are the average number of
carbon atoms (Cn), average double bonds
(db) and average molar weight (MW) of
FAME. The CN of biodiesel has been
considered as an output variable.

The optimized ANN was introduced by
determining the best ANN architecture
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between the two networks (Three layers / Four
layers) and specifying the number of neurons
in each hidden layer. The learning function and
transfer function were optimized also in the
current Al-models. Other internal parameters
of ANN were also optimized by trial and error.
The analysis of the prediction ability of the
designed model was done using criteria such
as R?, MSE, STD, MAPE, and AARD.

2.1. Data gathering

In the present research, the datasets of FAME
compositions and the CN of different biodiesel
fuels (440 datasets) were collected from
literatures. Also, the FAME composition of
vegetable oil and the CN of the pure methyl

Table 1.

esters were obtained according to various
reports with experimental tests using ASTM
D613-24. All collected and used datasets are
shown in Table 1. To increase the accuracy and
speed of the neural network processes, data
was divided randomly to three phases. The
dataset listed on Table 1 were gathered from
440 samples, containing two categories of
saturated FAMEs and unsaturated FAMEs,
and of which 352 samples were used for
training (80% of the data), 66 samples were
used for testing (15% of the data), and 22
samples were used for validation (5% of the
data). Both categories were involved in the Al-
modeling.

Datasets collected from literatures

References

Number of data

[28]
[29]
[30]
[31]
[32]
[33]

[34]

77
50
126
61
9
58

59

Total number of datasets = 440

2.2. GB-ANN model

The GB-ANN design with 3 layers (input
layer, hidden layer, output layer) and 4 layers
(input layer, 2 hidden layers, output layer) are
considered and shown in Figures 1 and 2. The
input layer has three neurons because of the
three input variables. The second layer, which
is called the hidden layer, changes the number
of neurons from 2 to 6. According to
Kolmogorov's  theorem, it has been
investigated up to this stage to establish an
upper bound for the number of neurons in the
hidden layer. As per this theorem, an MLP

18

network with one hidden layer will never
require several neurons exceeding twice the
number of ANN inputs. However, an
excessive number of neurons in the hidden
layer can lead to overfitting, which usually
results in the poor predictive performance for
an ANN [35]. Therefore, the best number of
neurons in the hidden layer, from 2 to 6, was
investigated. In the third layer, it is determined
that the number of neurons must be equal to the
number of outputs. By optimizing the ANN
architecture, the number of neurons for a
network with one-hidden layer was 5 and was
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[5-5] for a network with two-hidden layers, as
shown in Figures 1 and 2. Through the trial-
and-error method and having the optimal
number of neurons in the hidden layer, it is
possible to reconsider the determination of the
type of the transfer function, values of training

parameters and number of intermediate layers.

If the network performance improves, that

network is selected as the optimal network.

The best network is evaluated based on the
highest correlation coefficient in the training
stage, and the lowest error is determined.

Input laver

Hidden laver

Outpul layer

Figure 1. Schematic of the 3-layer perceptron
neural network for predicting the CN of biodiesel.
Input layer  Hidden laver |

Hidden layer 2 Output lnyer

Figure 2. Schematic of the 4-layer perceptron
neural network for predicting the CN of biodiesel.

The performances of the developed models
were compared using the statistical criteria
such as R?, MSE, STD, MAPE, and AARD.

The values of these parameters may be close to
one another or may not have a uniform trend.
Therefore, the functions of general and
individual optimal conditions are defined for
the mentioned factors. To determine the
performance of the Al-model, various
statistical factors, of which one is R?, can be
considered. In many models, R? alone cannot
express the performance of the model. In this
project, the performance of ANN in predicting
the outputs was evaluated by MSE and R2
Additionally, MAPE shows the difference
between and accuracies of predictions. The
STD shows the dispersion of the values
relative to the mean values [36, 37].

2.3. GA-ANN

In the GA-ANN model with the same
architecture of GB-ANN, the weight vectors of
ANN were optimized by the genetic algorithm
technique to minimize the error, and the results
were compared by the conventional GB-ANN
model. The GA parameters were optimized
and specified by the trial and error method.

3. Results and discussion

3.1. Optimizing Al-model parameters

After using Kolmogorov’s theorem to acquire
the upper bound for the required number of
neurons in the hidden layers, and applying the
trial and error method for determining other
parameters, as represented in Table 2, the best
architecture and optimal parameters were
determined as shown in Figure 3 and Table 2.
This is due to the high accuracy and minimum
statistical errors. The results indicated that,
two- hidden layers were showing the more
satisfactory responses. Furthermore,the best
numbers of neurons in hidden layers were
determined between 2 and 6 neurons. For the
single-layer neural network, the number of
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neurons is 5, and for the two-layer neural
network, the number of neurons was [5-5].

Additionally, the logsig-tansig was chosen as
the best transfer function to achieve the best
response in a single hidden layer ANN. The
logsig-tansig-purelin was also selected for the

X}f / Minin

ANN with two hidden layers. The Al-model,
with the optimized architecture, by appliying
the learning function of Traiinbfg revealed the
statistical criteria including R?> and MSE of
0.9296 and 0.0005 respectively.

num MSE
\‘ ®
AY
N
‘ 6
I 4 NNin L2

\
\
\
\
\

NNinL,

Figure 3. Determining the optimal architecture for the Al-Model.

Table 2.
Optimal parameters for the Al-model
Al-Model Total number Number of Number of Number of Type of Type of Type of hidden
Training of layers neurons in the neurons in the hidden layer Input layer output layer layer transfer
function input layer output layer neurons transfer transfer function
function function
Trainbfg 4 3 1 [5-5] Logsig Purelin tansig

3.2. GB-ANN modeling results

The degree of agreement between the observed
values and the estimated values obtained from
the GB-ANN model by the mentioned
optimized architecture, and the parameters in
different stages of training, validation, testing,
are presented in Figure 4. In the below figures,

the horizontal axis represents the objective
function. The target value in the vertical axis is
the value that the network should reach by
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adjusting the weights, biases, number of
hidden layers, type of transfer function and
number of neurons. Also, the vertical axis
shows the output values from the optimal
neural network. If the line obtained from the
chart is closer to the y=x line, the selected
network will have less error and better
predictability. The R? of the following model is
equal to 0.92963. This value indicates the
acceptable capability of the presented model to
predict the desired data.
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Figure 4. Degree of agreement between the observed values and the estimated values of the GB-ANN
model.

Figure 5 shows the best possible epoch and
the lowest MSE, which is equal to 0.0005 at
the epoch of 200.

Best Validation Performance is 0.00051728 at epoch 197
100 F :

Train
Validation
Test
.......... Best

4
e

Mean Squared Error (mse)
] 5]
&b N
T

0 50 100 150 200 250
257 Epochs

Figure 5. MSE of the predicted data by the GB-ANN model.



Tanha and. Bashipour / Iranian Journal of Chemical Engineering, Vol. 21, No. 2, 15-29, (2024)

According to Figure 6, the accuracy of the
model increases by increasing the amount of

the accumulation of the graph (error rate) at
zero.

Error Histogram with 20 Bins

70 -
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Instances
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N = © S o
- = & © ©
' ' T T T

m-0.04766

I Training
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I Test
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0.1144
0.1306
0.1468
01792

Figure 6. Error histogram with 20 bines.

The difference between the actual data and the
predicted data is shown in Figure 7 by applying
the optimal neural network. The small
difference shows the better performance of the
neural network in predicting CN. The inputs
include the total profile of the saturated fatty

acids and the unsaturated fatty acids. The
output was CN. In Figure 7, the Data Index
shows the order of data on the horizontal axis
from the first to the last data. The vertical axis
shows the CN of the experimental and the
predicted data.

° [‘ Train Dlata +Pr;dicted TraiL\ Data [I'est Data ;Predicte!d Test Dat;

0.7 I . B
EO'G’TTJ«sﬂT 1Y ghieat Wﬂmr‘ﬁh;qm”ﬂ ”rW il LWT |
el e eamatie s 2 ol A banll R
;i ‘I’fﬁmﬂwnnwﬁ B R
forl 1 HENE RN M

0.2 | | i

| i J . l |

100 150 200 250

Data Index

300

350

400 450

Figure 7. Difference between the actual and predicted data by the optimized GB-ANN model.

Figure 8 shows the relative deviation of the
experimental ones from predicted data points
by the model for both training and testing
stages. The percentage of the mean absolute
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relative errors were obtained as 5.82 and 5.55
for the testing and training datasets
respectively.
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Figure 8. Relative deviations between the experimental and predicted CN by the GB-ANN model.

3.3. GA-ANN modeling results

The predicted CN verses the measured values
obtained from the GA-ANN model is shown in
Figure 9. The obtained R? has been equal to

GAANN
T

0.8217. This value shows that CN with an
accuracy of 82% can be obtained based on the
biofuel FAMESs composition.

0.8F

S
Q

Predicted Cetane number
SO
[ O T S
T T T T T
*

=
—
T

>

= Test Data [
* Train Data
---45° Line
—Best Fit Line
I T

1
0.3

1
0.4

1
0.5 0.6 0.7 0.8

Experimental Cetane number

Figure 9. Comparison between the reported and the predicted CN by applying the GA-ANN model.

As it can be seen in Figure 9, ther was a good
agreement  between the predicted and
experimental CN valuess. The analysis of the
results showed that the AARD of the GA-ANN
for all biodiesel FAMEs and the total data was
equal to 10.9564. The X-axis shows the
experimental CN and the Y-axis shows the
predicted CN by the model. The straight line
was obtained by plotting the changes of X vs.
Y. The slope of this line is R2. If the accuracy

of the model is higher, the R? is closer to one.
The FAME composition will play an essential
role in determining CN. The results of the
predicted CN based on test and train data are
shown in Figures 10 and 11. The results show
that the developed model can predict CN
accurately. The results were compared with the
results reported by other researchers as brought
in Table 3. The results show that CN changes
depending on the composition of FAME.
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Figure 10. CN data predicted based on the test data by applying GA-ANN model.
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Figure 11. CN data predicted based on the train data by applying the GA-ANN model.

It was observed that the raw materials with
high saturated fatty acid esters also had high
CN values. While the raw materials are
dominated by unsaturated fatty acids, the
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biodiesels have low CN values. This shows the
high effect of the fatty acid composition on the
CN of biodiesel.
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Table 3.
Comparison of Al-models in predicting the CN of biodiesel
Number of Number of
The model type Number input output Range of the R? MSE Ref.
of data - - outputs
variables variables
ANN 0.028894-
(To predict CN) 10 2 2 0.693467 ) ) [32]
ANN/GA
(To predict the optimal parameters 10 4 1 2.2.0075 0.99 0.0024 [38]
of the pretreatment process for
biodiesel production)
ANN-FURANIC 49.21%-
(To predict CN) 284 15 1 5 51% 49.21 7.60-3.86 [39]
ANFIS
(To predict CN) 232 3 1 20.40-130 0.944 152 [40]
GA-PSO 0.965 4.025
HGAPSO- LSSVM 232 3 1 0.966 5.902 [41]
(To predict CN) 0.978 6.929
TLBO-NN
PSO-NN 232 3 1 833 gggi [42]
(To predict CN) ' '
GB-ANN This study
(To predict CN) 440 3 1 0-0.7768 0.92963  0.00051728
GA-ANN 440 3 1 0007768 08217 00024  Thisstudy

(To predict CN)

4. Conclusion

The study aims at modeling and predicting the
CN of biodiesel-containing FAMEs. The
results achieved by researchers showed that the
CN of biodiesels increases by increasing
saturated methyl esters and decreasing
unsaturated methyl esters. Therefore, it has
been proven that the FAME composition has a
dominant effect on the CN of biodiesel. In this
work, GB-ANN and GA-ANN as new Al-
models were developed by applying
comprehensive datasets (440 datasets) in
MATLAB R2015a software. The GA-ANN
model optimizes the weight vectors of ANN
using the GA technique to minimize errors,
making it probably a superior choice when
compared to the conventional GB-ANN
model. The required data were collected from
the previous articles carefully. In the present
research, a wide range of FAMEs were used.
The Al-models were developed using input
variables such as db, C and MW in gmol™ to
predict the CN of biodiesel. The predictive
ability of the created model has been evaluated
by statistical parameters such as R? MSE,

STD, MAPE, and AARD. Several
architectures were tested for each model,
among which the model with the minimum
MSE and the maximum R? was selected. The
architecture of the best-developed model was
obtained with [1:5:5:3] neurons in its input
layer, two hidden layers, and output layer
respectively, by applying the logsig-tansig-
purelin transfer function. The results showed
that the training function of trainbfg with the
highest R? of 0.92963 and the least MSE of
0.0005 was the best model obtained. In the
GA-ANN model, the statistical criteria such as
R?, MSE, STD, MAPE and AARD were
obtained as 0.8217, 0.0024, 0.0898, 0.0376
and 10.9564 respectively, for all datasets.
Although the GA-ANN model achieved
acceptable outcomes, its statistical analyses
produced weaker outcomes than the Al-model
based on GB-ANN. Therefore, based on
satisfactory results, it can be concluded that the
developed GA-ANN model and specially the
GB-ANN model are the effective tools for
predicting the CN of biodiesel.
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