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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 (AI) 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 

AI-models. The developed models were compared using statistical 

criteria such as the coefficient of determination (R2), 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 R2 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 R2 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 AI-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 CI 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 TiO2/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 

the viscosities and densities of CO2-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, R2 = 0.9245) as well as the lowest 

errors (MAD = 2.0804, RMSE = 3.1541 and 

MAPE = 4.29). Piloto-Rodríguez 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 (IQT). Finally, 

they were used together. The obtained values 

of  R2 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. Sánchez-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 AI-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 ANNs 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 (𝐌𝐖̅̅ ̅̅ ̅̅ ) 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 AI-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 R2, 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 

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 AI-

modeling. 

 

 

 

 

 

 

 

 

 

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 

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 

Table 1.  

Datasets collected from literatures 

Number of data References 
77 [28] 

50 [29] 
126  [30] 
61 [31] 
9  [32] 
58  [33] 

59 [34] 
Total number of datasets = 440  
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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. 

 

Figure 1. Schematic of the 3-layer perceptron 

neural network for predicting the CN of biodiesel. 

 

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 R2, 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 AI-model, various 

statistical factors, of which one is R2, can be 

considered. In many models, R2 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 AI-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 

ANN with two hidden layers. The AI-model, 

with the optimized architecture, by appliying 

the learning function of Traiinbfg revealed the 

statistical criteria including R2 and MSE of 

0.9296 and 0.0005 respectively.  

 

 

.  

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

  

Table 2.  

Optimal parameters for the AI-model 
AI-Model 

Training 

function  

Total number 

of layers 

Number of 

neurons in the 

input layer 

 

Number of 

neurons in the 

output layer 

Number of 

hidden layer 

neurons 

Type of 

Input layer 

transfer 

function  

Type of 

output layer 

transfer 

function  

Type of hidden 

layer transfer 

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 

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 R2 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. 

 

Figure 5. MSE of the predicted data by the GB-ANN model. 
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According to Figure 6, the accuracy of the 

model increases by increasing the amount of 

the accumulation of the graph (error rate) at 

zero. 

 

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. 

 

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 

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 R2 has been equal to 

0.8217. This value shows that CN with an 

accuracy of 82% can be obtained based on the 

biofuel FAMEs composition. 

 

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 R2 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. 

 

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 

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 AI-models in predicting the CN of biodiesel  

The model type 
Number 

of data 

Number of 

input 

variables 

Number of 

output 

variables 

Range of the 

outputs 
𝑹𝟐 MSE Ref. 

ANN 

(To predict CN) 
10 2 2 

0.028894-

0.693467 
- - [32] 

ANN/GA 

(To predict the optimal parameters 

of the pretreatment process for 

biodiesel production) 

10 4 1 2-2.0075 0.99 0.0024 [38] 

ANN-FURANIC 

(To predict CN) 
284 15 1 

49.21%-
5.54% 

49.21 7.60-3.86 [39] 

ANFIS 

(To predict CN) 
232 3 1 20.40-130 0.944 1.52 [40] 

GA-PSO 

HGAPSO- LSSVM 

(To predict CN) 

232 3 1  

0.965 

0.966 

0.978 

4.025 

5.902 

6.929 

[41] 

TLBO-NN 

PSO-NN 

(To predict CN) 

232 3 1  
0.973 

0.951 

3.538 

6.324 
[42] 

GB-ANN 

(To predict CN) 
440 3 1 0-0.7768 0.92963 0.00051728 

This study 

 

GA-ANN 

(To predict CN) 
440 3 1 0-0.07768 0.8217 0.0024 This study 

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 AI-

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 AI-models were developed using input 

variables such as db̅̅̅̅ , C̅ and  MW̅̅ ̅̅ ̅ in gmol-1 to 

predict the CN of biodiesel. The predictive 

ability of the created model has been evaluated 

by statistical parameters such as R2, MSE, 

STD, MAPE, and AARD. Several 

architectures were tested for each model, 

among which the model with the minimum 

MSE and the maximum R2 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 R2 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 

R2, 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 AI-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.  



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

 

26  

 

Author’s Declaration 

Authors’ contributions and responsibilities  

The authors made substantial contributions to 

the conception and design of the study. The 

authors took responsibility for data analysis, 

interpretation, and discussion of results. The 

authors read and approved the final 

manuscript. 

Funding  

No funding information is provided by the 

authors.  

Availability of data and materials  

All data are available through the authors. 

 

References 

[1] West. A.H., Posarac. D., and Ellis. N. 

(2008) Assessment of four biodiesel 

production processes using HYSYS. 

Plant, Bioresource technology. 99(14),  

6587-6601. 

https://doi.org/10.1016/j.biortech.2007.1

1.046. 

[2] Turton. R. (2008) Analysis, synthesis and 

design of chemical processes. Pearson 

Education. 

[3] Knothe. G., Dunn. R.O., Bagby. M.O. 

(2009) Biodiesel: The Use of Vegetable 

Oils and Their Derivatives as Alternative 

Diesel Fuels, Fuel and Chemicals from 

Biomass, ACS Symposium Series. 666, 

172-208. https://doi.org/10.1021/bk-

1997-0666.ch010. 

[4] Van Gerpen. J. H. (1996) Cetane number 

testing of biodiesel, In: Proceedings of the 

third liquid fuel conference liquid fuels 

and industrial products from renewable 

resources, Nashville. 197–206. 

[5] Graboski. MS., McCormick. RL. (1998) 

Combustion of fat andvegetable oil 

derived fuels in diesel engines, Prog 

Energ CombSci. 24, 125–164. 

[6] Knothe. G., (2008) Designer; biodiesel: 

optimizing fatty ester composition to 

improve fuel properties, Energ Fuels. 22, 

1358–1364. 

https://doi.org/10.1021/ef700639e. 

[7] Marchetti. J. M., Miguel. V. U., Errazu. A. 

F. (2007) Possible methodsfor biodiesel 

production, Renew Sust Energ Rev, 

11,1300–1311. 

https://doi.org/10.1016/j.rser.2005.08.00

6. 

[8] Mohibbe. A. M., Waris. A., Nahar. N. M. 

(2005) Prospects andpotential of fatty 

acid methyl esters of some non-traditional 

seedoils for use as biodiesel in India, 

Biomass Bioenerg. 29, 293–302. 

https://doi.org/10.1016/j.biombioe.2005.

05.001. 

[9] Sharma. Y. C., Singh. B., Upadhyay. S. N. 

(2008) Advancements indevelopment and 

characterization of biodiesel a review, 

Fuel. 87, 2355–2373. 

https://doi.org/10.1016/j.fuel.2008.01.01

4. 

[10] Imamovich. B. B., Zokirjonovich. O. O., 

Ibragimovich. O. N., Rashidovich. F. P. 

(2022) Method for determining the cetan 

numbers of synthetic diesel fuel, Journal 

of Positive School Psychology. 6(9), 

3827-3833. 

https://mail.journalppw.com/index.php/jp

sp/article/view/12982. 

[11] Bahadori. A., Baghban. A., Bahadori. M., 

Lee. M., Ahmad. Z., Zare. M., Abdollahi 

E. (2016) Computational intelligent 

strategies to predict energy conservation 

benefits in excess air controlled gas-fired 

systems, Applied Thermal 

Engineering,102, 432-446. 

https://doi.org/10.1016/j.applthermaleng.

2016.04.005. 

[12] Ahmadi. M. H., Baghban. A., Ghazvini. 

M., Hadipoor. M., Ghasempour. R., 

Nazemzadegan. M. R. (2020) An insight 

into the prediction of TiO2/water 

nanofluid viscosity through intelligence 

schemes, Journal of Thermal Analysis 

https://doi.org/10.1016/j.biortech.2007.11.046
https://doi.org/10.1016/j.biortech.2007.11.046
http://dx.doi.org/10.1021/ef700639e
https://doi.org/10.1016/j.rser.2005.08.006
https://doi.org/10.1016/j.rser.2005.08.006
https://doi.org/10.1016/j.fuel.2008.01.014
https://doi.org/10.1016/j.fuel.2008.01.014
https://mail.journalppw.com/index.php/jpsp/article/view/12982
https://mail.journalppw.com/index.php/jpsp/article/view/12982


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

 

 27 

 

and Calorimetry 139, 2381-2394. 

https://doi.org/10.1007/s10973-019-

08636-4. 

[13] Bashipour. F., Rahimi A., Nouri 

Khorasani. S., Naderinik A. (2017) 

Experimental optimization and modeling 

of sodium sulfide production from H2S-

Rich off-gas via response surface 

methodology and artificial neural 

network, Oil & Gas Science and 

Technology – Rev. IFP Energies 

nouvelles, 72, 9, 1-13. 

https://doi.org/10.2516/ogst/2017034. 

[14] Baghban. A., Bahadori. M., Ahmad. Z., 

Kashiwao. T., Bahadori. A. (2016) 

Modeling of true vapor pressure of 

petroleum products using ANFIS 

algorithm, Petroleum Science and 

Technology, 34 (10), 933-939. 

https://doi.org/10.1080/10916466.2016.1

170843. 

[15] Baghban. A., Kashiwao. T., Bahadori. M., 

Ahmad. Z., Bahadori. A. (2016) 

Estimation of natural gases water content 

using adaptive neuro-fuzzy inference 

system Petroleum Science and 

Technology 34 (10), 891-897. 

https://doi.org/10.1080/10916466.2016.1

176039. 

[16] Baghban. A., Kashiwao. T., Bahadori. M., 

Ahmad. Z., Bahadori. A. (2016) 

Estimation of natural gases water content 

using adaptive neuro-fuzzy inference 

system, Petroleum Science and 

Technology, 34 (10), 891-897. 

https://doi.org/10.1080/10916466.2016.1

176039. 

[17] Raji. M., Dashti. A., Amani. P., 

Mohammadi, A. H (2019) Efficient 

estimation of CO2 solubility in aqueous 

salt solutions, Journal of Molecular 

Liquids, 283,804-815. 

https://doi.org/10.1016/j.molliq.2019.02.

090. 

[18] Baghban. A., Abbasi P., Rostami P. 

(2016) Modeling of viscosity for mixtures 

of Athabasca bitumen and heavy n-alkane 

with LSSVM algorithm, Petroleum 

Science and Technology 34 (20), 1698-

1704. 

https://doi.org/10.1080/10916466.2016.1

219748. 

[19] Haratipour. P., Baghban. A., 

Mohammadi. A. H., Hosseini Nazhad. S. 

H., Bahadori. A. (2017) On the estimation 

of viscosities and densities of CO2-loaded 

MDEA, MDEA+AMP, MDEA+DIPA, 

MDEA+MEA, and MDEA+DEA 

aqueous solutions, Journal of Molecular 

Liquids, 242, 146-159. 

https://doi.org/10.1016/j.molliq.2017.06.

123. 

[20] Garcia. J. B., Lacoue-Nègre. M., Gornay. 

J., García. S. M., Bendoula. R. (2022) 

Diesel cetane number estimation from 

NIR spectra of hydrocracking total 

effluent, Fuel. 324 (Part B), 124647. 

https://doi.org/10.1016/j.fuel.2022.12464

7. 

[21] Rahaju. S. M. N., Hananto. A. L., 

Paristiawan. P. A., Abdullahi. T. M., 

Opia. A. Ch., Idris. M. (2023) 

Comparison of Various Prediction Model 

for Biodiesel Cetane Number using 

Cascade-Forward Neural Network, 

Automotive Experiences. 6(1), 4-13. 

https://doi.org/10.31603/ae.7050  

[22] Piloto-Rodríguez. R., Sánchez-Borroto. 

Y., Lapuerta. M., Goyos-Pérez. L., 

Verhelst. S. (2013) Prediction of the 

cetane number of biodiesel using artificial 

neural networks and multiple linear 

regression, Energy Conversion and 

Management. 65, 255–261. 

https://doi.org/10.1016/j.enconman.2012.

07.023. 

[23] Hao. Sh., Han. X., Liu H., Jia. M. (2021) 

Prediction and Sensitivity Analysis of the 

https://doi.org/10.1080/10916466.2016.1170843
https://doi.org/10.1080/10916466.2016.1170843
https://doi.org/10.1080/10916466.2016.1176039
https://doi.org/10.1080/10916466.2016.1176039
https://doi.org/10.1080/10916466.2016.1176039
https://doi.org/10.1080/10916466.2016.1176039
https://doi.org/10.1016/j.molliq.2019.02.090
https://doi.org/10.1016/j.molliq.2019.02.090
https://doi.org/10.1080/10916466.2016.1219748
https://doi.org/10.1080/10916466.2016.1219748
https://doi.org/10.1016/j.molliq.2017.06.123
https://doi.org/10.1016/j.molliq.2017.06.123
https://doi.org/10.1016/j.fuel.2022.124647
https://doi.org/10.1016/j.fuel.2022.124647
https://doi.org/10.31603/ae.7050
https://doi.org/10.1016/j.enconman.2012.07.023
https://doi.org/10.1016/j.enconman.2012.07.023


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

 

28  

 

Cetane Number of Different Biodiesel 

Fuels Using an Artificial Neural Network, 

Energy Fuels. 35(21), 17711–17720. 

https://doi.org/10.1021/acs.energyfuels.1

c01957. 

[24] Lapuerta. M., Rodriguez-Fernandez. J., 

Armas. O. (2010) Correlation for the 

estimation of the density of fatty acid 

esters fuels and its implications A 

proposed biodiesel cetane index, Chem 

Phys Lipids, 163, 720–7. 

https://doi.org/10.1016/j.chemphyslip.20

10.06.004. 

[25] Lapuerta. M., Rodriguez-Fernandez. J., 

Font de. M. E. (2009) Correlation for the 

estimation of the cetane number of 

biodiesel fuels and implications on the 

iodine number, Energy Policy. 37, 4337–

44. 

https://doi.org/10.1016/j.enpol.2009.05.0

49. 

[26] Veza. I., Afzal. A., Mujtaba. M. A., 

Hoang. A. T., Balasubramanian. D., 

Sekarh. M., Fattah. I.M.R., Soudagarj. M. 

E. M., EL-Seesy. K. A., Djamari. D.W., 

Hananto. A.L., Putra. N. R. Tamaldin. N. 

(2022) Review of artificial neural 

networks for gasoline, diesel and 

homogeneous charge compression 

ignition engine, Alexandria Engineering 

Journal. 61(11), 8363-8391. 

https://doi.org/10.1016/j.aej.2022.01.072. 

[27] Sánchez-Borrotoa. Y., Piloto-Rodrigueza. 

R., Errastia. M., Sierens. R., Verhelst. S. 

(2014) Prediction of cetane number and 

ignition delay of biodiesel using Artificial 

Neural Networks, Energy Procedia. 57, 

877-885. 

https://doi.org/10.1016/j.egypro.2014.10.

297. 

[28] Viola. E., Zimbardi. F., Valerio. V. (2011) 

Graphical method to select vegetable oils 

as potential feedstock for biodiesel 

production, Eur. J. Lipid Sci. Technol. 

113, 1541-1549. 

https://doi.org/10.1002/ejlt.201000559. 

[29] Mishara. Sh., Anand. K., Mehta. P. S. 

(2016) Predicting Cetane Number of 

Biodiesel Fuels from their Fatty Acid 

Methyl Ester Composition, Energy and 

Fuels. 30(12), 10425-10434. 

https://doi.org/10.1016/j.fuel.2011.06.07

0. 

[30] Hosseinpour. S., Aghbashlo. M., 

Tabatabaei. M., Khalife. E. (2016) Exact 

estimation of biodiesel cetane number 

(CN) from its fatty acid methyl esters 

(FAMEs) profile using partial least square 

(PLS) adapted by artificial neural network 

(ANN), Energy Conversion and 

Management. 124, 389-398. 

https://doi.org/10.1016/j.enconman.2016.

07.027. 

[31] Piloto-Rodríguez. R., Sánchez-Borroto. 

Y., Lapuerta. M., Goyos-Pérez. L., 

Verhelst. S. (2013) Prediction of the 

cetane number of biodiesel using artificial 

neural networks and multiple linear 

regression, Energy Conversion and 

Management. 65, 255-261. 

https://doi.org/10.1016/j.enconman.2012.

07.023. 

[32] Ramadhasa. A. S., Jayaraja. S., 

Muraleedharana. C., Padmakumari. K. 

(2006) Artificial neural networks used for 

the prediction of the cetane number of 

biodiesel, Renewable Energy. 31, 2524-

2533. 

https://doi.org/10.1016/j.renene.2006.01.

009. 

[33] Tong. D., Hu. Ch., Jiang.  K., Li. Y. 

(2011) Cetane Number Prediction of 

Biodiesel from the Composition of the 

Fatty Acid Methyl Esters, J Am Oil Chem 

Soc. 88, 415-423. 

https://doi.org/10.1007/s11746-010-

1672-0. 

https://doi.org/10.1021/acs.energyfuels.1c01957
https://doi.org/10.1021/acs.energyfuels.1c01957
https://doi.org/10.1016/j.chemphyslip.2010.06.004
https://doi.org/10.1016/j.chemphyslip.2010.06.004
https://doi.org/10.1016/j.enpol.2009.05.049
https://doi.org/10.1016/j.enpol.2009.05.049
https://www.sciencedirect.com/journal/alexandria-engineering-journal
https://www.sciencedirect.com/journal/alexandria-engineering-journal
https://doi.org/10.1016/j.aej.2022.01.072
https://doi.org/10.1016/j.egypro.2014.10.297
https://doi.org/10.1016/j.egypro.2014.10.297
https://doi.org/10.1002/ejlt.201000559
https://doi.org/10.1016/j.fuel.2011.06.070
https://doi.org/10.1016/j.fuel.2011.06.070
https://doi.org/10.1016/j.enconman.2016.07.027
https://doi.org/10.1016/j.enconman.2016.07.027
https://doi.org/10.1016/j.enconman.2012.07.023
https://doi.org/10.1016/j.enconman.2012.07.023
https://doi.org/10.1016/j.renene.2006.01.009
https://doi.org/10.1016/j.renene.2006.01.009
http://dx.doi.org/10.1007/s11746-010-1672-0
http://dx.doi.org/10.1007/s11746-010-1672-0


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

 

 29 

 

[34] Mohibbe A. M., Waris. A., Nahar. N.M., 

(2005) Prospects and potential of fatty 

acid methyl esters of some non-traditional 

seed oils for use as biodiesel in India, 

Biomass Bioenerg. 29, 293-302. 

https://doi.org/10.1016/j.biombioe.2005.

05.001. 

[35] Bashipour. F., Nouri Khorasani. S., 

Rahimi A. (2015) H2S Reactive 

Absorption from Off-Gas in a Spray 

Column: Insights from Experiments and 

Modeling, Chemical Engineering & 

Technology, 38 (12), 2137-2145. 

https://doi.org/10.1002/ceat.201500233. 

[36] Mostafaei. M. (2018) ANFIS models for 

prediction of biodiesel fuels cetane 

number using desirability function, Fuel. 

216, 665-672.  

[37] Agarwal. M., Singh. K., Chaurasia. S. 

(2010) Prediction of biodiesel properties 

from fatty acid composition using linear 

regression and ANN techniques, Indian 

Chem Eng. 52(4), 347–61. 

https://doi.org/10.1016/j.fuel.2017.12.02

5. 

[38] Rajendra. M., Jena. P. Ch., Raheman. H. 

(2009) Prediction of optimized 

pretreatment process parameters for 

biodiesel production using ANN and GA, 

Fuel. 88, 868–875. 

https://doi.org/10.1080/00194506.2010.6

16325. 

[39] Kessler. T., Sacia. E. R., Bell. A. T., 

Mack. J. H. (2017) Artificial neural 

network based predictions of cetane 

number for furanic biofuel additives, 

Fuel. 206, 171-179. 

https://doi.org/10.1016/j.fuel.2017.06.01

5. 

[40] Mostafaei. M. (2018) ANFIS models for 

prediction of biodiesel fuels cetane 

number using desirability function, Fuel. 

216, 665-672. 

https://doi.org/10.1016/j.fuel.2017.12.02

5. 

[41] Bemani. A., Xiong Q., Baghban. A., 

Habibzadeh. S., Mohammadi. A. H., 

Doranehgard. M. H. (2020) Modeling of 

cetane number of biodiesel from fatty acid 

methyl ester 

(FAME) information using GA-, PSO-, 

and HGAPSO- LSSVM models, 

Renewable Energy. 150, 924-934. 

https://doi.org/10.1016/j.renene.2019.12.

086. 

[42] Baghbana. A., Kardanib. M. N., 

Mohammadi. A. H. (2018) Improved 

estimation of Cetane number of fatty acid 

methyl esters (FAMEs) based biodiesels 

using TLBO-NN and PSO-NN models, 

Fuel. 232, 620-631. 

https://doi.org/10.1016/j.fuel.2018.05.16

6. 

 

 

https://doi.org/10.1016/j.biombioe.2005.05.001
https://doi.org/10.1016/j.biombioe.2005.05.001
https://doi.org/10.1002/ceat.201500233
https://doi.org/10.1016/j.fuel.2017.12.025
https://doi.org/10.1016/j.fuel.2017.12.025
http://dx.doi.org/10.1080/00194506.2010.616325
http://dx.doi.org/10.1080/00194506.2010.616325
https://doi.org/10.1016/j.fuel.2017.06.015
https://doi.org/10.1016/j.fuel.2017.06.015
https://doi.org/10.1016/j.fuel.2017.12.025
https://doi.org/10.1016/j.fuel.2017.12.025
https://www.sciencedirect.com/journal/renewable-energy
https://doi.org/10.1016/j.fuel.2018.05.166
https://doi.org/10.1016/j.fuel.2018.05.166

