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Abstract: Biodiesel is considered as an alternative source of energy obtained from renewable materials. In the present paper,
the investigation of the applicability of adaptive neuro-fuzzy inference system (ANFIS) and artificial neural network (ANN)
approaches for modeling the biodiesel blends property including kinematic viscosity and density at various temperatures and
the volume fractions of biodiesel. An experimental database of kinematic viscosity and density of biodiesel blends (biodiesel
blend with diesel fuel) were used for developing of models, where the input variables in the network were the temperature and
volume fractions of biodiesel. The model results were compared with experimental ones for determining the accuracy of the
models. The developed models produced idealized results and were found to be useful for predicting the kinematic viscosity
and density of biodiesel blends with a limited number of available data. Moreover, the results suggest that the ANFIS approach
can be used successfully for predicting the kinematic viscosity and density of biodiesel blends at various volume fractions and
temperature compared to another models.
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1. Introduction
Increasing environmental consciousness such as the
concerns about greenhouse gas, global warming, and
emissions and the soaring price of oil associated with the
depletion of the world’s oil reserves have drawn researchers’
interest in alternative renewable sustainable energy sources
[1-3].
Vegetable oils, non-edible oils and their derivatives such as
biodiesel have received increasing attention due to their
promising characteristics. These renewable sources are
biodegradable [4] carbon neutral [5] and clean-burning fuels
[6] with almost-zero sulphur content.
Biodiesel is a mixture of mono-alkyl esters of saturated
and unsaturated long chain-fatty acids obtained by a
transesterification of oils and fats from plant, animal sources
[1]. Both vegetable oils and biodiesel can be directly used in
conventional petroleum diesel engine with little modification
or fuel modification [7]. Moreover, when various blends of
petroleum diesel and vegetable oils [8] or petroleum diesel

and biofuels [9] are used, the engines work without any
damage to their parts and without any engine modifications.
One of the most advantage of biodiesel is reduced the level
of pollutants [10]. In addition, biodiesel has become
attractive because it is biodegradable [4]. Biodiesel has
higher point, also is non-toxic, and essentially free of sulfur
and aromatics than petro-diesel fuel. Furthermore, it
improves remarkably the lubricity of diesel in blends. In
addition, it has some disadvantages such as lower heat of
combustion and higher cloud point [11].
Comparing biodiesel with petro-diesel, the density,
density, viscosity, cloud point and cetane number of biodiesel
is higher than petro-diesel. In general, the main important
biodiesel properties are density and viscosity because they
have a direct effect on the atomization process during
combustion,
Accurate prediction methods are of great practical value in
predicting the biodiesel properties and relevant studies can be
found in the recent literature. For instance, in the middle
1960s Gouw and Vlugter [12] used the Smittenberg relation
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to estimate the density of saturated methyl esters at 20°C and
40°C. Allen et al. [13] proposed empirical correlations to
estimate the viscosity of saturate and unsaturated FAMEs as
a quadratic function of their molecular weight. Krisnangkura
et al. [14] fitted empirical equations to predict the
temperature-dependent kinematic viscosities of saturated
FAMEs as a function of the carbon number in the
corresponding fatty acid. In general, mathematical models
[15, 16], statistical models [17-22], neuro fuzzy [23-25] and
artificial neural network [26-31] have been used in predicting
the properties of biodiesel including viscosity, density or cold
flow properties.
This present study evaluated the efficiency of ANFIS and
ANN in accurately predicting the kinematic viscosity of
biodiesel blends at different degrees of blends and
temperatures using biodiesel obtained from rapeseed oil and
other types of vegetable oils. The details of the calculation
method, numerical validation, and comparative statistical
analysis are fully described in this work. The ANFIS and
ANN to be developed in this paper address a more extensive
database that published in other works [32-49].

2. ANFIS Model Development
ANFIS is a kind of adaptive neuro-fuzzy inference system
which connects fuzzy logic system with neural network and
constructs hybrid intelligent system and benefits from the
advantages of both fuzzy logic and neural networks, and its
efficiency in very accurate models has been proved. In this
work, the thermo-physical properties of two biodiesel and
their blends was modeled using ANFIS. A fuzzy model was
developed for the prediction of the kinematic viscosity,
density and dynamic viscosity of five biodiesel samples. The
typical ANFIS model, which has five layers (fuzzification,
product, normalization or rule, defuzzification and overall
summation layers), was proposed for the process [50]. A
characteristic fuzzy rule in a Sugeno fuzzy model can be
represented as follows:
If x is M and y is N, then h = f (x, y)
where M and N are the fuzzy sets, h = f (x, y) is a function
resulting from M and N.
Assuming h = f (x, y) is a first-order Sugeno fuzzy
inference system (FIS) model with two fuzzy rules [50]:
Rule 1. If x is M1 and y is N1, Then
f1 = r1x + s1y + t1
Rule 2. If x is M2 and y is N2, Then
f2 = r2x + s2y + t2
where, fi is the system output, ri, si, and ti are adjustable
parameters.

3. Artificial Neural Network (ANN)
ANNs are computational models composed of processing
units called neurons that are connected together to form a
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network. The computation that each neuron performs, along
with the way they are interconnected, decides particular type
of neural network. The network usually consists of an input
layer, some hidden layers and an output layer. The
information contained in the input layer is mapped to the
output layer through the hidden layers [51]. The number of
hidden layers and neurons within each layer can be designed
by the complexity of the problem and data set. The
estimation problem using neural network models has three
successive steps: model building or neural network
architecture, the learning or training procedure, and the
testing procedure. An important stage when accommodating
a neural network is the training step, in which an input is
introduced to the network together with the desired outputs,
the weights and bias values are initially chosen randomly and
the weights are adjusted so that the network attempts to
produce the desired output. The weights, after training,
contain meaningful information, whereas, before training,
they are random and have no meaning. When a satisfactory
level of performance is reached, the training stops, and the
network uses these weights to make decisions [52]. A back
propagation (BP) algorithm was chosen to calculate the
weight values of the network. BP is composed of two phases.
The knowledge is processed from the input layer to the
output layer by means of a feedforward phase. In the BP
phase, the difference between network output values obtained
in feed forwarding and desired output value is compared with
previously determined difference tolerance and the error in
output layer is calculated. This error value is propagated
backward to update the links in the input layer [53].

4. Appraisal of the Developed Models
The developed ANFIS and ANN models were evaluated
comprehensively for predicting the biodiesel properties of
biodiesel samples. The following statistical indicators were
employed: correlation coefficients (R), coefficient of
determination (R2), mean squared error (MSE), and root
mean squared error (RMSE).
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where n is the number of experimental data, ap,i is the
predicted values, ae,i is the experimental values, ae,ave is the
average experimental values, ap,ave is the average predicted
values and i is the number of input variables.
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5. Experimental Data
Kinematic viscosity and density data of different biodiesel
blends samples at different temperatures and volume fraction
of biodiesel were gathered from the literature. A total of 900
and 520 experimental points for kinematic viscosity and
density, respectively, were obtained from various scientific
publications [32-49]. The development of the proposed
approaches was performed as follows. In the first step, the
experimental measurement data were separated into input
data (independent variables, including temperature and
volume fraction of biodiesel and output data (dependent
variable in term of kinematic viscosity and density).
Subsequently, different approaches (ANFIS and ANN) were
proposed to describe the behavior of the kinematic viscosity
and density as a function of temperature and volume fraction
of biodiesel. In this case, the database was randomly divided
into three groups with 60% to training, 20% to testing and
20% to checking or validation. The temperature and volume
fraction biodiesel were considered as input variables on
ANFIS and ANN. Since the input variables and output
variables on the ANFIS and ANN have different magnitude,
a normalization of them is required [54, 55].

6. Results and Discussions
6.1. Adaptive Neuro–Fuzzy Inference System (ANFIS)
Model of Density
The model was trained with part of the database derived
from the experimental results of previous studies. The
database was first split into training data and testing data.
The training data set was also split into two parts, a training
set and a checking set. The use of checking sets in ANFIS
learning beside the training set is a recommended technique

to guarantee model generalization and to avoid over-fitting
the model to the training data set.
In this study, by trial and error, the best number of
membership functions for each input was determined as 6,
the membership grades takes the Gaussian-shaped
membership functions and the output part of each rule uses a
constant defuzzifier formula.
In this research, two methods, hybrid and back propagation
tested for generation ANFIS that the results is presented in
Table 1. The results show the training error in the hybrid
method is lower of back-propagation method. Therefore, the
hybrid method has used for simulations.
Table 1. The ANFIS information used in this study by the hybrid optimum
method.
Epoch
Training error
Tasting error
Checking error
Number of nodes
Number of linear parameters
Number of nonlinear parameters
Number of fuzzy rules

hybrid
1000
0.0463
0.0327
0.0435
101
36
24
36

back-propagation
1000
0.0503
0.0410
0.0529
101
36
24
36

The structure (rules) of the tuned FIS is shown in Figure 1,
which contains 36 rules with AND logical connector for all
rules. In order to develop ANFIS models for designing the
density of biodiesel, the available data set from the previous
study, which was consisted of two input (temperature and
volume fraction of biodiesel with diesel) vectors and their
corresponding output vector (density), was used. This data
set was randomly assigned as the training set. After training,
fuzzy inference calculations of the developed model were
performed.

Figure 1. Structure of ANFIS models.
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The three-dimensional surface plots of kinematic viscosity of biodiesel blend with benzene against temperature and volume
fraction of biodiesel is depicted in Figure 2. The plot suggest strong interaction between the variables with significant influence
on the density of biodiesel blends. From the Figure, increasing in volume fraction of biodiesel leads to increase the density of
biodiesel blends, while the lowest temperature leads to decrease the density of biodiesel blends as shown in Figure 2.

Figure 2. Surface viewer of ANFIS model for density of biodiesel blends.

Figure 3 shows the change of the density with the increase
of the percentage of biodiesel. The abscissa represents the
fraction of biodiesel, whereas the density values are provided
on the ordinate as shown in Figure 3. It can be observed from
the figure that the density increased as the percentage of
biodiesel blend with diesel increased for each temperature
considered. Additionally, it can be noticed that increasing
temperature leads to decrease the density of biodiesel blends.

Figure 3. Density and volume fraction of biodiesel relationship obtained by
ANFIS.

Furthermore, Figure 4 shows the comparisons of ANFIS
with experimental results for density of biodiesel blends,
which also show good agreement between ANFIS predicted
data and experimental data. The R-squared values are also
close to unity highlighting proper fitting of the predicted
values of density with experimental data.

6.2. Artificial Neural Network (ANN) Model of Density
The development and the training of the network model in
this study were carried out using the MATLAB Neural
Network Toolbox. In this study, the experimental data of 454
biodiesel samples were randomly split into three data set,
60% in the training set, 20% in the validation set and 20% in
the test set.
The inputs and targets are normalized into the range [-1,
1] to make the training procedure more efficient. Training
of the network was performed by using the Levenberg–
Marquardt, back-propagation algorithms. There is no
general rule for the determination of the optimum number
of hidden layers and usually it is determined through trial
and error method. Therefore, the number of neurons in the
hidden layer was determined by trial and error test, where a
mean squared error greater than 1 ×10-3 and a correlation
coefficient higher than 0.9 was obtained. In addition, with
the trial and error method, training results showed that the
ANN with three hidden layers has the best performance.
Consequently, the developed ANN model for predicting
density biodiesel blends is shown in Figure 5 and the
training parameters can be found in Table 2. The developed
network architecture has a 2-3-1 configuration with two
neurons in the input layer indicating temperature and
volume fraction of biodiesel. Three hidden layers with
varying neurons and ten neurons in the output layer
representing density are used.
Table 2. Neural network configuration for the training.

Figure 4. Fitting of the predicted ANFIS and experimental values for density
of biodiesel blends.

Parameter

Specification

Training Function

Levenberg–Marquardt

Performance function

Mean square error (MSE)

Activation function

Log-Sigmoid

Number of layers

3

Number of neurons

10

Normalized range

-1 to 1
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Figure 5. Neural network architecture for two inputs and one output.

Figure 6 illustrates a linear relation for the training,
validation, testing and performance of the network with
high correlation coefficients (R) of density. The straight
lines in Figure 6 are the linear relationships obtained
between the output (predicted) and the target (experimental)
data of density used in this study. The mean squared error
(MSE) for density network is 1.16×10-3. The high
coefficients of correlation (R) obtained during the training,
validation and testing of the density network display very
good relationship between the output and the experimental
values of density.
Figure 7. Density and volume fraction of biodiesel relationship obtained by
ANN.

To evaluate the performances of the ANN modeling
further, Figure 8 shows the results of fitting the predicted
and experimental values for density of biodiesel, using
linear regression equations. These clearly show the fit
values, and variance of the results predicted by the ANN
models has been expressed in terms of R-squared (R2)
values, which are quite encouraging. R-squared value is a
measure of goodness-of-fit, which means how close the
data points are to the fitted regression line. These values
are close to unity, as shown in Figure 8, highlighting
proper fitting of the predicted values by the adopted
methodology.

Figure 6. Regression plots for density of biodiesel blends network.

The test values obtained from the ANN model results were
compared with experimental values as shown in Figures 7.
As a result, the test values obtained from ANN model were
quite compatible with experimental values.

Figure 8. Fitting of the predicted ANN and experimental values for density
of biodiesel blends.
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6.3. Adaptive Neuro–Fuzzy Inference System (ANFIS)
Model of Kinematic Viscosity
The proposed ANFIS methodology to predict the
kinematic viscosity of biodiesel blends using various
biodiesel obtained from vegetable oils or waste vegetable
oils. The developed ANFIS model for predicting the
kinematic viscosity at different temperature and volume
fraction of petro-diesel is shown in Figure 9. The model
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was trained with part of the database derived from the
experimental results of literature studies. A total of 934
experimental points were obtained from various scientific
publications to estimate the kinematic viscosity of biodiesel
blends. The database was first split into training data (80%)
and testing data (20%). The training data set was also split
into two parts, a training set (60%) and a checking set
(20%).

Figure 9. ANFIS architecture for predicting kinematic viscosity of biodiesel blends.

In this work, the best number of membership functions for each input was determined as 3, the membership grades takes the
Gaussian-shaped membership functions and the output part of each rule uses a constant defuzzifier formula, which found by
trial and error methods. Moreover, two methods (hybrid and back-propagation) are tested for generation ANFIS that the results
is obtained in Table 3. The results show the training error in the hybrid method is lower of back-propagation method.
Therefore, the hybrid method has used for this study.
Table 3. The ANFIS information used in this study by the hybrid optimum method.

Epoch
Training error
Tasting error
Checking error
Number of nodes
Number of linear parameters
Number of nonlinear parameters
Number of fuzzy rules

hybrid
1000
0.0798
0.0374
0.0529
245
100
40
100

back-propagation
1000
0.0811
0.0361
0.0829
245
100
40
100

The 3D surface plots of kinematic viscosity of biodiesel blend with benzene against temperature and volume fraction of
biodiesel is depicted in Figure 10 The plot suggest strong interaction between the variables with significant influence on the
kinematic viscosity of biodiesel blends. From the Figure, increasing in volume fraction of biodiesel leads to increase the
kinematic viscosity of biodiesel blends, while the highest temperature leads to decrease the kinematic viscosity of biodiesel
blends as shown in Figure 10.
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Figure 10. Surface viewer of ANFIS model for kinematic viscosity of biodiesel blends.

Figure 11 illustrates the results of fitting the predicted and
experimental values for kinematic viscosity of biodiesel
blends, using linear regression. It can be seen that these
values are close to unity highlighting proper fitting of the
predicted values by the adopted methodology.

6.4. Artificial Neural Network (ANN) Model of Kinematic
Viscosity
The kinematic viscosity of biodiesel blends was
estimated considering an input layer with two independent
variables (temperature and volume fraction of biodiesel)
eight neurons in the four hidden layer, as well as one
response variable in the output layer (kinematic viscosity),
which made an architecture of 2: 4: 1 as shown in Figure
12. Approximately 60% of the experimental data was used
for training and 20% for validation, while the remaining
20% was reserved for testing. The observed experimental
data were normalized for improving the performance of
the network. The back propagation algorithm was used for
training the ANN model.

Figure 11. Fitting of the predicted ANFIS and experimental values for
kinematic viscosity of biodiesel blends.

Figure 12. Schematic representation of ANN for predicting kinematic viscosity.

The performance of ANN model is noticeably affected by
the number of hidden layers and number of neurons in each
hidden layer. The optimum number of neurons in the hidden
layer was selected as 4. The maximum number of epochs and

goal were fixed as 1000 and 0.000001, respectively, during
the training. For the chosen network the training performance
is achieved with minimum error of 8.6581 × 10−6 error rate,
which is shown in Figure 13.
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Figure 15. Fitting of the predicted ANN and experimental values for
kinematic viscosity of biodiesel blends.

6.5. Comparing Between ANFIS and ANN Approaches
Figure 13. Performance graph of tested ANN model.

A linear relation for the training, validation, testing and
performance of the network with high correlation coefficients
(R) of kinematic viscosity of biodiesel blends is shown in
Figure 14. The high coefficients of correlation (R) obtained
during the training, validation and testing of the kinematic
viscosity network display very good relationship between the
output and the experimental values of kinematic viscosity.

Figures 16 and 17 show a comparison for the calculated
density and kinematic viscosity data using ANFIS and ANN
approaches expressed by their percent absolute error, the
results are in the range of 0.2% to 3% and 0.2% to 5% for
predicted density data using ANFIS and ANN, respectively
as shown in Figure 16. Moreover, the results of kinematic
viscosity using ANFIS and ANN are in the range of 0% to
10% and 0.7% to 25%, respectively as shown in Figure 17.
Figures 16 and 17 indicate that ANFIS approach gives an
excellent agreement between the experimental and predicting
values of density and kinematic viscosity of biodiesel.

Figure 16. Absolute error vs temperature for two models for predicting
density of biodiesel.

Figure 14. Regression plots for density of biodiesel blends network.

The results of fitting the predicted and experimental values
for kinematic viscosity of biodiesel blends, using linear
regression is shown in Figure 15. It can be seen that these
values are close to unity highlighting proper fitting of the
predicted values by the adopted methodology.
Figure 17. Absolute error vs temperature for two models for predicting
kinematic viscosity of biodiesel.
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7. Conclusions
Viscosity and density are the most significant properties of
biodiesel because of its major effect on the engine
performance. For this reason reliable mathematical models
that accurately describe the kinematic viscosity and density
of biodiesel as a function of temperature and biodiesel
fraction are of great interest for the development of
combustion models as well as for the design of process
equipment.
This work proves two empirical approaches, which are
ANFIS and ANN to predict the density and kinematic
viscosity of biodiesel blends at various temperatures and
volume fraction of biodiesel, which is characterized by only
two adjustable parameters.

The following conclusions can be drawn from the study:
a. The densities and kinematic viscosity of diesel fuels
are lower than biodiesels. Therefore, the density and
kinematic viscosity of the blend increases with the
increase of biodiesel concentration.
b. The ANFIS and ANN methods used the temperatures
and biodiesel fraction as inputs and the density and
kinematic viscosity of biodiesel blends were output.
Results indicate that the proposed ANFIS method is
able to predict the most accurate biodiesel densities and
kinematic viscosities with the overall R2 of 0.95
compared with the other approaches.
c. There is an excellent agreement between the
experimental data and estimated values for the
densities and kinematic viscosities.
d. Overall, the ANFIS method presented the best
accuracy with the highest R-squared.
e. The statistical indices used in performance assessment
of the developed models showed that the predictions of
ANFIS model were more accurate than ANN model.
Because of R-squared of the model is higher than ANN
approach.

References

biodiesel production: a comparison of different
homogeneous catalysts systems. Bioresource Technology, 92
(3), 297-305.
[7]

Misra, R., & Murthy, M. (2010). Straight vegetable oils usage
in a compression ignition engine—A review. Renewable and
Sustainable Energy Reviews, 14 (9), 3005-3013.

[8]

De Almeida, S. (2002). Performance of a diesel generator
fuelled with palm oil. Fuel, 81 (16), 2097-2102.

[9]

Cursaru, D. L., Tănăsescu, C., & Mărdărescu, V. (2011).
Effect of biodiesel and alkyl ether on diesel engine emissions
and performances. Air Pollution XIX. doi:10.2495/air110311.

[10] ElSolh, N. (2011). The Manufacture of Biodiesel from the
used vegetable oil (Unpublished master's thesis). Cairo
University, Egypt.
[11] Benjumea, P., Agudelo, J., & Agudelo, A. (2008). Basic
properties of palm oil biodiesel–diesel blends. Fuel, 87 (1011), 2069-2075.
[12] Gouw, T. H., & Vlugter, J. C. (1964). Physical properties of
fatty acid methyl esters. I. density and molar volume. Journal
of the American Oil Chemists’ Society, 41 (2), 142-145.
[13] Allen, C., Watts, K., Ackman, R., & Pegg, M. (1999).
Predicting the viscosity of biodiesel fuels from their fatty acid
ester composition. Fuel, 78 (11), 1319-1326.
[14] Krisnangkura, K., Yimsuwan, T., & Pairintra, R. (2006). An
empirical approach in predicting biodiesel viscosity at various
temperatures. Fuel, 85 (1), 107-113.
[15] Betiku, E., Omilakin, O. R., Ajala, S. O., Okeleye, A. A.,
Taiwo, A. E., & Solomon, B. O. (2014). Mathematical
modeling and process parameters optimization studies by
artificial neural network and response surface methodology: A
case of non-edible neem (Azadirachta indica) seed oil
biodiesel
synthesis.
Energy,
72,
266-273.
doi:10.1016/j.energy.2014.05.033.
[16] Wakil, M., Kalam, M., Masjuki, H., Atabani, A., & Rizwanul
Fattah, I. (2015). Influence of biodiesel blending on
physicochemical properties and importance of mathematical
model for predicting the properties of biodiesel blend. Energy
Conversion
and
Management,
94,
51-67.
doi:10.1016/j.enconman.2015.01.043.

[1]

Demirbas, A. (2008). Relationships derived from physical
properties of vegetable oil and biodiesel fuels. Fuel, 87 (8-9),
1743-1748.

[17] Prieto, N. M., Ferreira, A. G., Portugal, A. T., Moreira, R. J.,
& Santos, J. B. (2015). Correlation and prediction of biodiesel
density for extended ranges of temperature and pressure. Fuel,
141, 23-38. doi:10.1016/j.fuel.2014.09.113.

[2]

Knothe, G., & Steidley, K. R. (2007). Kinematic viscosity of
biodiesel components (fatty acid alkyl esters) and related
compounds at low temperatures. Fuel, 86 (16), 2560-2567.

[18] Barabás, I., & Todoruţ, I. (2011). Predicting the Temperature
Dependent Viscosity of Biodiesel–Diesel–Bioethanol Blends.
Energy & Fuels, 25 (12), 5767-5774. doi:10.1021/ef2007936.

[3]

Ma, F., & A Hanna, M. (1999). Biodiesel production: a
review. Bioresource Technology, 70 (1), 1-15.

[4]

Ma, F., Clements, L., & Hanna, M. A. (1999). The effect of
mixing on transesterification of beef tallow. Bioresource
Technology, 69 (3), 289-293.

[19] Barabás, I. (2013). Predicting the temperature dependent
density of biodiesel–diesel–bioethanol blends. Fuel, 109, 563574. doi:10.1016/j.fuel.2013.03.001.

[5]

[6]

Pinto, A., Guarieiro, L., Rezende, M., Lopes, W., Pereira,
P., & Andrade, J. (2005). Biodiesel: an overview. Journal
of the Brazilian Chemical Society, 16, 1313-1330.
Retrieved from.
Vicente, G., Martı́nez, M., & Aracil, J. (2004). Integrated

[20] Chavarria-Hernandez, J. C., & Pacheco-Catalán, D. E. (2014).
Predicting the kinematic viscosity of FAMEs and biodiesel:
Empirical
models.
Fuel,
124,
212-220.
doi:10.1016/j.fuel.2014.01.105.
[21] Geacai, S., Iulian, O., & Nita, I. (2015). Measurement,
correlation and prediction of biodiesel blends viscosity. Fuel,
143, 268-274. doi:10.1016/j.fuel.2014.11.041.

American Journal of Computer Science and Technology 2018; 1(1): 8-18

[22] Phankosol, S., Sudaprasert, K., Lilitchan, S., Aryusuk, K., &
Krisnangkura, K. (2015). An Empirical Equation for
Estimation of Kinematic Viscosity of Fatty Acid Methyl
Esters and Biodiesel. Journal of the American Oil Chemists'
Society, 92 (7), 1051-1061. doi:10.1007/s11746-015-2667-7.
[23] Mostafaei, M., Javadikia, H., & Naderloo, L. (2016).
Modeling the effects of ultrasound power and reactor
dimension on the biodiesel production yield: Comparison of
prediction abilities between response surface methodology
(RSM) and adaptive neuro-fuzzy inference system (ANFIS).
Energy, 115, 626-636. doi:10.1016/j.energy.2016.09.028.
[24] Ogaga Ighose, B., Adeleke, I. A., Damos, M., Adeola Junaid,
H., Ernest Okpalaeke, K., & Betiku, E. (2017). Optimization
of biodiesel production from The vetia peruviana seed oil by
adaptive neuro-fuzzy inference system coupled with genetic
algorithm and response surface methodology. Energy
Conversion
and
Management,
132,
231-240.
doi:10.1016/j.enconman.2016.11.030.
[25] Hosoz, M., Ertunc, H. M., Karabektas, M., & Ergen, G.
(2013). ANFIS modelling of the performance and emissions
of a diesel engine using diesel fuel and biodiesel blends.
Applied
Thermal
Engineering,
60
(1-2),
24-32.
doi:10.1016/j.applthermaleng.2013.06.040.
[26] Meng, X., Jia, M., & Wang, T. (2014). Neural network
prediction of biodiesel kinematic viscosity at 313K. Fuel, 121,
133-140. doi:10.1016/j.fuel.2013.12.029.
[27] Rocabruno-Valdés, C., Ramírez-Verduzco, L., & Hernández,
J. (2015). Artificial neural network models to predict density,
dynamic viscosity, and cetane number of biodiesel. Fuel, 147,
9-17. doi:10.1016/j.fuel.2015.01.024.
[28] Eryilmaz, T., Yesilyurt, M. K., Taner, A., & Celik, S. A.
(2015). Prediction of Kinematic Viscosities of Biodiesels
Derived from Edible and Non-edible Vegetable Oils by Using
Artificial Neural Networks. Arabian Journal for Science and
Engineering, 40 (12), 3745-3758. doi:10.1007/s13369-0151831-6.
[29] Ilangkumaran, M., Sakthivel, G., & Nagarajan, G. (2015).
Artificial neural network approach to predict the engine
performance of fish oil biodiesel with diethyl ether using back
propagation algorithm. International Journal of Ambient
Energy, 37 (5), 446-455. doi:10.1080/01430750.2014.984082.
[30] Shenbaga Vinayaga Moorthi, N., Arul Franco, P., & Ramesh,
K. (2015). Application of design of experiments and artificial
neural network in optimization of ultrasonic energy-assisted
transesterification of Sardinella longiceps fish oil to biodiesel.
Journal of the Chinese Institute of Engineers, 38 (6), 731-741.
doi:10.1080/02533839.2015.1027740.
[31] Rocabruno-Valdés, C., Ramírez-Verduzco, L., & Hernández,
J. (2015). Artificial neural network models to predict density,
dynamic viscosity, and cetane number of biodiesel. Fuel, 147,
9-17. doi:10.1016/j.fuel.2015.01.024.
[32] Amin, A., Gadallah, A., El Morsi, A., El-Ibiari, N., & ElDiwani, G. (2016). Experimental and empirical study of diesel
and castor biodiesel blending effect, on kinematic viscosity,
density and calorific value. Egyptian Journal of Petroleum, 25
(4), 509-514.
[33] Gülüm, M., & Bilgin, A. (2016). Two-term power models for
estimating kinematic viscosities of different biodiesel-diesel
fuel blends. Fuel Processing Technology, 149, 121-130.

17

[34] Geacai, S., Iulian, O., & Nita, I. (2015). Measurement,
correlation and prediction of biodiesel blends viscosity. Fuel,
143, 268-274.
[35] Freitas, S. V., Segovia, J. J., Carmen Martín, M., Zambrano,
J., Oliveira, M. B., Lima, Á. S., & Coutinho, J. A. (2014).
Measurement and prediction of high-pressure viscosities of
biodiesel fuels. Fuel, 122, 223-228.
[36] Ivaniš, G. R., Radović, I. R., Veljković, V. B., & Kijevčanin,
M. L. (2016). Thermodynamic properties of biodiesel and
petro-diesel blends at high pressures and temperatures.
Experimental and modeling. Fuel, 184, 277-288.
doi:10.1016/j.fuel.2016.07.023
[37] Esteban, B., Riba, J., Baquero, G., Rius, A., & Puig, R.
(2012). Temperature dependence of density and viscosity of
vegetable oils. Biomass and Bioenergy, 42, 164-171.
[38] Ramírez-Verduzco, L. F., García-Flores, B. E., RodríguezRodríguez, J. E., & Del Rayo Jaramillo-Jacob, A. (2011).
Prediction of the density and viscosity in biodiesel blends at
various temperatures. Fuel, 90 (5), 1751-1761.
[39] Moradi, G., Mohadesi, M., Karami, B., & Moradi, R. (2015).
Using Artificial Neural Network for Estimation of Density
and Viscosities of Biodiesel–Diesel Blends. Journal of
Chemical and Petroleum Engineering, 49 (2), 153-165.
[40] Yuan, W., Hansen, A. C., Zhang, Q., & Tan, Z. (2005).
Temperature-dependent kinematic viscosity of selected
biodiesel fuels and blends with diesel fuel. Journal of the
American Oil Chemists' Society, 82 (3), 195-199.
[41] Tate, R., Watts, K., Allen, C., & Wilkie, K. (2006). The
densities of three biodiesel fuels at temperatures up to 300°C.
Fuel, 85 (7-8), 1004-1009.
[42] Tate, R., Watts, K., Allen, C., & Wilkie, K. (2006). The
viscosities of three biodiesel fuels at temperatures up to
300°C. Fuel, 85 (7-8), 1010-1015.
[43] Aksoy, F., Baydir, Ş. A., & Bayrakçeken, H. (2009). The
Viscosity at Different Temperatures of Soybean and
Sunflower Biodiesels and Diesel Fuel Blends. Energy
Sources, Part A: Recovery, Utilization, and Environmental
Effects, 32 (2), 148-156.
[44] Machado, M., Zuvanov, V., Rojas, E., Zuniga, A., & Costa, B.
(2012). Thermo physical Properties of Biodiesel Obtained
from Vegetable Oils: Corn, Soy, Canola And Sunflower.
Enciclopédia Biosfera,, 8 (14), 917.
[45] Freitas, S. V., Pratas, M. J., Ceriani, R., Lima, A. S., &
Coutinho, J. A. (2011). Evaluation of Predictive Models for
the Viscosity of Biodiesel. Energy & Fuels, 25 (1), 352-358.
doi:10.1021/ef101299d.
[46] Barabás, I. (2013). Predicting the temperature dependent
density of biodiesel–diesel–bioethanol blends. Fuel, 109, 563574.
[47] Tesfa, B., Mishra, R., Gu, F., & Powles, N. (2010). Prediction
models for density and viscosity of biodiesel and their effects
on fuel supply system in CI engines. Renewable Energy, 35
(12), 2752-2760.
[48] Mejía, J., Salgado, N., & Orrego, C. (2013). Effect of blends
of Diesel and Palm-Castor biodiesels on viscosity, cloud point
and flash point. Industrial Crops and Products, 43, 791-797.

18

Youssef Kassem et al.: Adaptive Neuro-Fuzzy Inference System (ANFIS) and Artificial Neural Network (ANN) for
Predicting the Kinematic Viscosity and Density of Biodiesel-Petroleum Diesel Blends

[49] Kanaveli, I., Atzemi, M., & Lois, E. (2017). Predicting the
viscosity of diesel/biodiesel blends. Fuel, 199, 248-263.
[50] Jang, J. (1993). ANFIS: adaptive-network-based fuzzy
inference system. IEEE Transactions on Systems, Man, and
Cybernetics, 23 (3), 665-685. doi:10.1109/21.256541.
[51] Gokalp, B., Ertunc, H. M., Hosoz, M., & Sarac, H. I. (2010).
Performance prediction of a CI engine using artificial neural
network for various SME and diesel fuel blends. International
Journal
of
Vehicle
Design,
54
(2),
156.
doi:10.1504/ijvd.2010.035357.
[52] Canakci, M., A. Erdil, and E. Arcaklioglu. (2006).
“Performance and Exhaust Emissions of a Biodiesel Engine
using Artificial Neural Networks (ANNs).” Applied Energy
83 (6): 594–605.

[53] Kalogirou, S. A. (2001). Artificial neural networks in
renewable energy systems applications: a review. Renewable
and Sustainable Energy Reviews, 5 (4), 373-401.
doi:10.1016/s1364-0321 (01) 00006-5.
[54] Sargolzaei, J., Khoshnoodi, M., Saghatoleslami, N., &
Mousavi, M. (2008). Fuzzy inference system to modeling of
crossflow milk ultrafiltration. Applied Soft Computing, 8 (1),
456-465. doi:10.1016/j.asoc.2007.02.007.
[55] Sargolzaei J, Saghatroleslami N, Khoshnoodi M, Mosavi M.
Comparative study of artificial neural nets (ANN) and
statistical methods for predicting the performance of
ultrafiltration process in the milk industry. Iran. J Chem Chem
Eng 2006; 25: 67–76.

