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Abstract

Acrtificial Neural Networks for the estimation of the cetane number of biodiesel from their fatty acid
methyl ester composition were evaluated in this work. The study covered 64 neural networks
varying the number of nodes in the hidden layer and using five topologies and six different
algorithms for the second training. An experimental data from literature reports that covers 48 and
15 biodiesels in the modeling-training step and validation step respectively were taken. After the
training step, the best two ANN concerning selected statistical parameters were used in a validation
step, using an external data. A model to predict cetane number using an artificial neural network
was obtained with better accuracy than 95%. The best neural network to predict the cetane number
was a backpropagation network (11:4:1) using the Conjugate Gradient Descend algorithm for the
second step of the networks training and showing 93.8% of correlation. The proposed network is
useful for prediction of the cetane number of biodiesel in a wide range of FAME composition but
keeping the percent of total unsaturation lower than 80%.
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Resumen

En el presente trabajo se evallan redes neuronales artificiales para la prediccion de biodiesel a
partir del perfil de &cidos grasos. Un total de 64 redes fueron analizadas variando el nimero de
nodos en la capa oculta y empleando cinco topologias y seis algoritmos diferentes para la fase de
entrenamiento. Un conjunto de datos de la literatura 48 y 15 tipos procedencias de biodiesel para
las fases de entrenamiento y validacion respectivamente. Posteriormente al proceso de
entrenamiento, las dos mejores redes basadas en los estadigrafos seleccionados fueron validadas
empleando datos externos. Un modelo para predecir el nimero de cetano fue obtenido con una
exactitud mayor de 95% mediante el algoritmo Conjugate Gradient Descend para la segunda etapa
en base a una topologia (11:4:1) y mostrando un 93,8% de correlacion. La red propuesta es muy
atil para la prediccién del namero de cetano en un amplio rango de perfiles de &cidos grasos
manteniendo el porcentaje de insaturados por debajo del 80%.
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Nomenclature

CN cetane number M percent of Myristic
ASTM American standard P percent of Palmitic
ANN artificial neural networks Pt percent of Palmitoleic
CFR Cooperative Fuel Research engine S percent of Stearic

IQT ignition quality tester O percent of Oleic

R* coefficient of determination Li percent of Linoleic
FAME fatty acid methyl esters Ln percent of Linolenic
MLR multiple linear regression Ei percent of Eicosanoic
BP backpropagation Er percent of Erucic

CGD conjugate gradient descend Ot sum of residual FAME to reach 100%
QP quick propagation Wt weight percentage

BD biodiesel R coefficient of correlation
La percent of Lauric

1. Introduction

Several physical properties of biodiesel fuels depend on their fatty acid ester composition [1-3].
Also related to the ester composition is the cetane number which is one of the most cited indicators
of diesel fuel quality [3-9]. The cetane number measures the readiness of the fuel to autoignite
when it is injected into the combustion chamber. It is generally dependent on the composition of
the fuel and can influence the engine stability, noise level, and exhaust emissions.

The cetane number (CN), determined by a standard diesel engine is a measure of the ignition
quality of a diesel fuel in a compression ignition engine. A fuel with higher cetane number has a
shorter ignition delay period and starts the combustion shortly after it is injected into the chamber
[4]. While the ignition delay can be influenced by engine type and operation conditions, the cetane
number mainly depends on the chemical composition of the fuel. The cetane number of biodiesel is
generally higher than the standard diesel fuel. Experimental data shows values varying between 45-
67 for biodiesel and ranged between 40-49 for diesel fuel [10, 11]. A single fatty acid alkyl ester
molecule can have a cetane number between 42-89, depending on its molecular structure [10]. Van
Gerpen [10] studied the effect of adding pure esters to diesel fuel using a linear regression fit on the
CN data for each ester as a function of the percent of ester in the blend.

Equations for predicting the cetane numbers of diesel or biodiesel fuels have been published [4, 12-
18], correlating this parameter with different input experimental factors or using different
mathematical methods. Yang [12] developed multiple linear correlation equations and artificial
neural networks (ANN) for predicting the CN for 12 hydrocarbons. Most of the models published
for cetane number prediction were developed with Multiple Linear Regression (MLR) techniques.
That procedure requires the user to specify a priori a mathematical model to fit the data in order to
obtain the empirical correlation. An alternative to avoid that problem is the use of artificial neural
networks.

Unlike the correlation techniques, the neural network can identify and learn the correlative patterns
between the input and output data once a training set is provided. The use of ANN for predicting
and modeling of energetic and mechanical systems is reported [19-26]. Their use in the modeling of
engines combustion processes is also reported [27-30]. Very few works reported the use of ANN to
predict cetane number of diesel fuels [12, 31, 32], and only one for its prediction in biodiesel fuels
[15].
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Yang [12] used a backpropagation neural network model with a training step and a validation step.
The results shown a higher coefficient of determination (R*> = 0.97) than using MLR. Basu [31]
obtained relationships between the CN of diesel fuels using nuclear magnetic resonance. The cetane
number was determined using an IQT. Ramadhas [15] used an ANN to predict cetane number
selecting four types of networks. Santana [32] estimated the CN of individual components of diesel
fuel using ANN. The neural networks have also been applied to the prediction of other fuel
properties [33].

Determination of the CN by an experimental procedure at present is an expensive and time
consuming process. Therefore, the obtaining of accurate models to predict the CN of a biodiesel
from its FAME composition in a wide range of feedstocks characteristics would be useful for the
scientific community. The modeling of CN based on ANN brings more advantages than the use of
linear regression because opens the possibility of the use of networks ensembles for prediction of
more complex parameters. One example is the prediction of the ignition delay, that depends on
several related factors and one of them is the cetane number.

The purpose of this work is to obtain good performance ANN for predicting the cetane number of
biodiesel from its FAME composition, when different parameters of the network are varied. This
study covers changes in the network topology, training algorithms and learning rate, seeking for the
least mean absolute error in the prediction.

2. Experimental set-up and procedures

In the present work 48 different biodiesel fuels (including 10 pure fatty acids) were taken from
references as input and output data for the obtaining of ANN for predicting the cetane number. The
FAME main composition presented in biodiesel obtained from different feedstocks is covered by
ten FAME selected [13, 15, 18, 34-39]. The input data covers FAME composition and the output
covers the cetane number. The validation of the models obtained was done using a separate data set
selected from literature reports, which was not used for developing the models. The data selected
for validate covers 15 samples. The degree of relationship between measured and fitted cetane
number data was expressed as the R and R®. The best fit was expressed as the higher R and the
lower mean absolute error.

Several networks were developed using different topologies from (11:3:1) to (11:7:1). The only
difference with the others is in the number of neurons in the hidden layer. The ANN used were the
multilayer Perceptrons, with one hidden layer and between 3 and 7 units. The inputs of the network
were ten, representing the chemical composition of 10 FAME and one input representing the total
amount of the other FAME found in the biodiesel sample. The CN was the unique variable output
of the network.

The chemical formula and the structure of the FAME on which this research is focused are shown
in Table 1; the ten FAME represent the inputs for the CN modeling. The basic structural
description for the input FAME used in this work (XX:X) covers the information about the number
of carbon atoms (XX) and the number on the right (X) represents the number of unsaturation in the
molecule.

In the training step two phases were implemented, keeping constant the phase 1 (back propagation)
for all the ANNs evaluated. The training was developed for 10000 epochs with a learning rate of
0.01. Linear and logistic functions were used as the output functions in different networks variants.

In the search for the neural network that brings short absolute error in the estimation of cetane
number joint to lower correlation coefficients. The learning rate was kept constant at 0.01 and not
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varied due to the known direct proportionally dependence of the mean square error and the learning
rate [40]. Therefore the learning rate was kept as lower as possible.

Table 1. Chemical structure and name of the FAME

Fatty acid structure Formula
Lauric 12:0 C1oH240,
Myristic 14:0 C14H250,
Palmitic 16:0 C16H3,0,
Palmitoleic 16:1 C16H300,
Stearic 18:0 C1sH350,
oleic 18:1 C1sH340,
Linoleic 18:2 C1sH3,0,
Linolenic 18:3 C1sH3002
Eicosanoic 20:1 CyoH350-
Erucic 22:1 Cx»H40,

60 different ANN were tested for the prediction of the CN. The ANN used two phases in the
training step. The phase one was a backpropagation (BP) and the second phase was varied among
different possibilities: back propagation, conjugate gradient descend (CGD), Levenberg-Marquardt,
quick propagation (QP), quasi-Newton and Delta-bar-Delta. The experimental data used for
training the ANN shown in Table 2. Twelve ANN (for each topology) were evaluated keeping
constant the function for phase 1 (back propagation) and changing phase 2 and the regression
output function.

Table 2. Inputs given for the ANN models [4, 35-37]

BD 12:0 14:0 16:0 16:1 18:0 18:1 18:2 18:3 20:1 22:1 CN
lauric 100 O 0 0 0 0 0 0 0 0 614
myristic 0 100 O 0 0 0 0 0 0 0 66.2
palmitic 0 0 100 O 0 0 0 0 0 0 745
stearic 0 0 0 0 100 O 0 0 0 0 869
oleic 0 0 0 0 0 100 O 0 0 0 550
palmitoleic 0 0 0 100 O 0 0 0 0 0 510
linoleic 0 0 0 0 0 0O 100 O 0 0 422
erucic 0 0 0 0 0 0 0 0 0 100 76.0
eicosanoic 0 0 0 0 0 0 0 0 100 0 6438
linolenic 0 0 0 0 0 0 0 100 O 0 204
soybean 0O 01 105 01 37 232 489 12 03 01 472
inedible tallow 01 21 239 28 195 385 64 03 05 01 617
Thevetia peruviana M. 0 0 156 0 105 609 52 74 0 0 575
Moringa oleifera Lam 0 0 91 21 27 794 07 0.2 0 0 56.7
Pongamia pinnata P. 0 0 106 O 6.8 494 190 O 2.4 0 558
Holoptelia integrifolia 0 35 351 19 45 533 0 0 0 0 612
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Vallaris solanacea K. 0 0 7.2 0 144 353 404 O 0 0 503
Aleurites moluccana 0 0 55 0 6.7 105 485 285 O 0 342
Euphorbia helioscopiaL 2.8 55 9.9 0 1.1 158 221 427 O 0 342
Garnicia morella D. 0 0 0.7 0 464 495 0.9 0 0 0 635
Saturega hortensis Linn 0 0 0.4 0 04 120 180 620 O 0 255
Actinodaphne angust. 879 19 05 0 5.4 0 0 0 0 0 632
Litsea glutinosa Robins  96.3 0 0 0 0 2.3 0 0 0 0 648
Neolitsea cassia Linn 85.9 3.8 0 0 0 40 33 0 0 0 64.0
Swietenia mahagoni J. 0 0 9.5 0 184 560 0 161 O 0 523
Table 2. (a) Inputs given for the ANN models [34, 35, 37, 38]
BD 12:0 14:0 16:0 16:1 18:0 18:1 18:2 18:3 20:1 22:1 CN
Argemone mexicana 0 08 145 0 38 185 614 O 0 0 445
Salvadora persicaLinn  19.6 545 196 O 0 54 0 0 0 0 675
Madhuca butyracea M. 0 0 660 O 35 275 3.0 0 0 0 653
Rhus succedanea Linn 0 0 254 O 0 468 278 O 0 0 522
Basella rubra Linn 0 04 197 04 65 503 216 11 0 0 540
Corylus avellana 0 32 31 0 26 88.0 29 0 0 0 545
Jatropa curcas Linn 0 14 156 O 9.7 408 321 O 0 0 523
Croton tiglium Linn 0 110 1.2 0 05 56.0 290 O 0 0 499
Princeptia utilis Royle 0 18 152 O 45 326 436 O 0 0 489
Vernonia cinerea Less 0 80 230 O 80 320 220 O 0 0 575
Joannesia princeps V. 0 24 54 0 0 458 464 O 0 0 452
Garcinia combogia D. 0 0 2.3 0O 383 579 08 04 03 0 615
Garcinia indica Choisy 0 0 2.5 0 564 394 17 0 0 0 652
[licium verum Hook 0 4.4 0 0 79 632 244 O 0 0 50.7
Melia azadirach Linn 0 01 81 15 12 208 677 O 0 0 414
Myristica malabaricaL 0 392 133 0 24 441 10 O 0 0 618
Urtica dioica Linn 0 0 90 O 0 146 737 27 0 0 387
Tectona grandis Linn 0 02 110 0 102 295 464 04 0 0 483
canola 0 01 52 02 25 581 281 04 16 04 550
lard 01 19 245 28 144 383 134 03 07 01 636
yellow grease 1.1 173 22 95 453 145 13 13 0 529
rape 0 0 48 0 16 330 204 79 93 230 550
linseed 0 0O 50 0 20 200 180 550 O 0 520
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3. Results and Discussion

The search for the optimal network for predicting the CN was based in the absolute error as the
objective function in the processes, but combining it with adequate values of the correlation
coefficients. The results from the whole ANNSs in order find better CN prediction capabilities based
on the FAME as input parameters are shown in Table 2 and Table 3.

The results shown in Table 3 are corresponding to the trained ANNSs changing the phase two among
six algorithms, varying the nodes number between 3 and 7 and using the linear as output function.
The Table 4 shows the results for the same method but corresponding to a logistic output function.

Table 3. Absolute errors and correlation coefficients of cetane number estimation using a linear
output function

nodes BP CGD DBD LM ON QP
3 2.7(925) 24(935) 24(949) 19(946) 1.9(945) 2.0 (95.9)
4 2.9(934) 16(96.3) 2.3(94.3) 23(93.0) 15(95.7) 2.4 (94.6)
5 2.3(93.9) 2.6(94.9) 20(953) 23(95.2) 21(959) 2.1(95.0)
6 23(92.7) 25(943) 20(935) 19(94.9) 2.4(92.4) 19(95.7)
7 2.7(94.0) 2.3(94.9) 2.6(92.6) 2.0(95.8) 1.8(95.4) 2.1(94.3)

Both tables have shown the absolute errors and the coefficients of correlation (in parenthesis). The
correlation coefficients were in all cases higher than 91%. The critical point is that in many cases it
is not possible to obtain absolute error values below 2, as is observed in Table 3 and Table 4. Only
eight ANNs are below this value. Basu [31] also reported the use of backpropagation, Levenberg,
quick propagation and delta-bar-delta as training algorithms in three layer (8:3:1) neural networks.
For diesel fuels, he found correlation coefficients higher than 95% for the network in the training
step. Yang [12] obtained 2.1 of mean absolute error for a three layer backpropagation network but
his network is only applied to diesel fuels. Ramadhas [15] used four types of ANN, not reporting
the absolute error of the networks. The author used 5 inputs corresponding to 5 FAME while in this
work it is extended to 11 inputs. Ramadhas used a data set that covers biofuels with cetane numbers
between 22.7-75.6, similar to the range applied in the present work. Three ANN were selected for
the validation step, two of them according to the lowest absolute errors combined with two of the
highest correlation coefficients found. The third one is an ANN previously published by the authors
of this paper [9] that is also included in Table 3, in order to compare with the better proposal among
24 ANN tested, and previously published.

The first two ANNSs selected were corresponding to the use of a linear output function in the
network and four nodes in the hidden layer. As can be observed in Table 3, the lowest absolute
error values were obtained for CGD and GN algorithms. Therefore, both were selected for the
validation step.

Table 4. Absolute errors and correlation coefficient of cetane number estimation using a logistic
output function

nodes BP CGD DBD LM ON QP
3 22(94.0) 21(944) 26(91.4) 22(95.4) 24(942) 23(93.3)
4 2.8(93.0) 2.7(928) 24(92.9) 23(94.8) 25(94.7) 2.4(94.2)
5 22(93.3) 25(94.8) 20(92.9) 24(938) 22(95.7) 2.1(96.1)
6 2.1(92.4) 23(942) 20(93.3) 2.7(93.3) 2.0(94.3) 2.4(92.6)
7 1.9(94.8) 2.3(935) 22(91.1) 25(91.0) 25(93.1) 2.3(91.0)
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Models validation

For the validation of the models selected, a data set not related to the modeling data (Table 2) was
used. The validation data covers 15 samples from other references. The collected data includes the
experimental evaluation of FAME composition and CN, covering a wide range of possible values
of cetane number (between 41 and 69) and they were taken from experiments using engine tests or
an ignition quality tester. All the information about the validation data is presented in Table 5. All
the values in Table 5 are in weight percentage. The prediction capability of the selected models for
this external data were based in the comparison between the predicted cetane number by the ANN
and the experimental value (actual value) trying to find less residuals for the whole tested data. A
compendium of the main results of the validation process for the three selected models is shown in
Table 6. The analysis of the models showed that the prediction capability of the model using CGD
IS better than using the QN algorithm.

In a less extensive previous work [9], the authors of this work proposed as the best model a LM
(11:5:1) with linear output function among 24 ANN, because it showed the best prediction
capability for the validation data. But it this work, as is observed in Table 3, several ANN suggest
better performance than the previously published, therefore it won’t be taken into account for the
validation process.

As is shown in Fig.1, in many evaluated points, the prediction is better using the ANN (11:4:1)
with CGD algorithm. This selection is also based on the sum of squares corresponding to the
residual values on the cetane number estimation. The lowest sum of squares was also obtained for
the CGD with a total sum of 150 for 190 using the QN algorithm.

In the comparison between both models shown in Fig.1, even when there are some points with the
same predicted values for both, a general analysis of outlier points shows that the best algorithm for
CN prediction is the CGD. The zone in Fig.1 that covers the range 50-62 of cetane number
corresponds to the common CN value of biodiesel from many feedstocks. As is observed, this is the
zone that shows the lowest outlier points in both cases.

Ramadhas [15] reported accuracy between 3.4-5.0% for predicting the CN, depending of the type
of neural network used for the CN prediction, but he used only 5 FAMESs as inputs, therefore the
prediction capability of his ANNs can only be restricted to the composition of 5 FAMEs that is
quite limited due to the amount of feedstocks, different in chemical composition that can be found
in these biofuels. The main statistical results of the validation process are shown in Table 6. There
can be observed that mainly based in the sum of squares for the residuals and the correlation
coefficient obtained, the more adequate ANN is the based on CGD algorithm.
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Table 5. Experimental data selected for models validation [34, 35, 38, 41-43]

sample 12:0 14:0 16:0 16:1 18:0 18:1 18:2 18:3 20:1 22:1 CN
wild mustard 0 01 26 02 09 78 142 130 54 457 611
waste palm oil 0 1.0 390 02 43 437 105 02 0.2 0 604

Balanites roxburhii 0 0 170 43 78 324 313 72 0 0 505
Garnicia echinocarpa 0 0 3.7 0 437 526 O 0 0 0 631
Neolitsea umbrosa G. 59.1 115 O 0 0 210 67 O 0 0 608

Anamirta cocculus 0 0 6.1 0 475 464 O 0 0 0 643
Broussonetia p.Vent. 0 0 4.0 0 6.1 148 710 10 0 0 412
Salvadora oleoiles D. 35.6 50.7 45 0 0 83 01 O 0 0 66.1

Nephelium L. 0 0 0.2 0 138 453 O 0 4.2 0 649
Ziziphus maurit. L. 0 0 104 O 55 644 124 0 26 1.7 554
jojoba 0 0 1.2 0 0 107 01 04 595 123 69.0

rape 0 0 4.9 0 16 330 204 78 93 23.0 550
peanut 0 01 8.0 0 18 533 284 03 24 0 530
grape 0 01 69 01 40 190 691 03 0 0 48.0

sunflower 0 0 60 01 29 170 740 O 0 0 490

75 -
70 -
65 -
60 -
55 -
50 -
45 -
40 -
35 -
30 . . . . .

30 40 50 60 70 80

experimental CN

< experimental CN

predicted CN

Fig.1 Comparison between selected ANNSs corresponding to the validation data
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Table 6. Main statistical results for the models selected in the validation process

ANN Absolute Error R for the Sum of squares for
validation data the residuals
CGD (11:4:1) 1.6 93.8% 150.3
QN (11:4:1) 1.5 93.7% 196.0

Therefore, the best network is the implemented using a topology (11:4:1) of 11 inputs, 1 output
variable and four nodes. This ANN was implemented using two phases in the training step
(backpropagation and Conjugate Gradient Descend). The response surface obtained for this CGD
(11:5:1) network for the prediction of the CN as function of Myristic and Lauric is shown in Fig.2.
This was the only two dimensional relationship obtained with a change in the influence in the CN
depending of the value of the factor, in this case, the Palmitoleic percentage.

CN CN 540

a0 L 530
518
537
536
53.5
534
533
532
331
530
529
52.8
527

L
o e
AN W et SR
T A b e
.""“"'-“-_i-‘-
Bt

0 02 040608 10121416 18 2022 24 26 28 30
Palmitoleic

Fig.2 Response surface and dependence of Palmitoleic percentage for CN using a CGD (11:4:1)

Using the results of the validation process, the percentage of accuracy in the prediction was
evaluated, referring to the actual or experimental values of cetane number. Lack of accuracy was
observed in certain cases of the validation when the total percentage of unsaturation in the FAME
composition of the biodiesel. As is observed in Fig.3, beyond a value corresponding to near 80% of
total unsaturation, in some cases the uncertainty percent are increased, reaching values higher than

5%.
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Fig.3 Dependence of the uncertainties percent with unsaturation for the selected ANN

According to Fig.3, even when some values are well predicted by one or both ANN, the general
behavior is to lower accuracies when the unsaturation percent is higher than 80%, therefore the
selected best model can fail in this critical range of total unsaturation. Therefore, we recommend
the use of the selected and validated model for the prediction of CN only in a range of total
unsaturation in the biodiesel lower than 80%. In the proposed range, the ANN (11:4:1) with CGD
algorithm predicts the cetane number with equal or higher accuracy than 95%. The model is not
recommended for predicting cetane number of pure FAME different that the selected for this work.

4. Conclusions

A model to predict the cetane number based on the composition of ten FAME presented in
biodiesel using an artificial neural network was obtained with better accuracy than 95%. The best
neural network for predicting the cetane number was a backpropagation network (11:4:1) using a
Conjugate Gradient Descend algorithm for the second training step and showing 93.8% of
correlation for the validation data and a mean absolute error of 1.5. The proposed network is useful
for prediction of the cetane number of biodiesel in a wide range of FAME composition but keeping
the percentage of total unsaturation lower than 80%.
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