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As biodiesel is basically composed by fatty acid esters that can be methyl or ethyl or propy! or butyl (FAME or
FAEE. FAPE or FABE, respectively). Its kinematic viscosity (KV) is usually higher than the fossil diesel. Current
diesel vehicle engines are not adapted to use pure biodiesel with higher KV since it may cause deposits in
engines and diminish efficiency during fuel combustion due to its poor atomization. Therefore, monitoring and
predicting biodiesel KV is crucial to meet specifications defined by regulatory agencies for final diesel-biodiesel
blends. One cheap and fast manner to obtain properties of fuels is applying predictive methods considering
largely available data and related parameters such as composition, degree of unsaturation, density, and/or
temperature. Therefore, the present study applied multivariate exploratory techniques such as Principal
Component Analysis (PCA) and Hierarchical Cluster Analysis (HCA) to investigate the influence of esters
composition from vegetable oils and algae oils on KV. As a result, some saturated esters and one type of
unsaturated ester were related to KV. Therefore, they were used as variables for a new method to predict KV
at 40 °C. It presented satisfactory accuracy with deviation AAD = 0.25 mm?/s and %AAD = 5.28 considering all
biodiesel types. However, a different performance of KV prediction was observed between vegetable and algae
biodiesel.
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1. Introduction

Recently, environmental concerns have been increasing worldwide due to greenhouse effect and its related
climate change. Therefore, countries have been compromised to reduce petroleum dependence and replace
fossil fuels with biofuels (Béhringer 2003; Horowitz 2016; UNFCCC 2021). In this sense, government programs,
such as the RENOVABIO in Brazil, were launched to provide decarbonization credit for the use of biofuels. One
of the most applicable biofuel is biodiesel to replace partially the fossil diesel (Salina, Almeida, and Bittencourt
2020). In addition to the similarity of performance of biodiesel compared to diesel, it is nontoxic and emits less
pollutant (Mizik and Gyarmati 2021; Varanda, Pinto, and Martins 2011). Besides that, biodiesel can be obtained
from several feedstock types, such as soybean, palm oil, jatropha oil, and algae oil. Despite being similar to
diesel, varying the feedstock to produce biodiesel might implicate in properties variations of the final product.
Therefore, some crucial properties such as Kinematic Viscosity (KV) must be monitored and controlled through
experimental analysis or by predictions methods. The higher KV of biodiesel also may affect fuel atomization,
causing incomplete combustion, deposit formation and consequently low engine efficiency.

In the literature, it was found three models that can be applied to predict KV at 40°C of biodiesel according to
its composition, such as Sue et al.’s method based on weighted-average number of carbon atoms and weighted-
average number of double bonds of the biodiesel (Su et al., 2011); Verduzco et al.’s method based on number
of double bonds (db) and molecular weight of saturated esters (Ramirez-Verduzco, Rodriguez-Rodriguez, and
Jaramillo-Jacob 2012); and Calixto’'s method for algae oil based on the sum of the product of molar or mass
fraction and db of each ester (Calixto et al. 2017). Another predictive methods were found but suitable for specific
biodiesel, such as biodiesel from fish, coconut, jatropha and waste oil (Joshi and Pegg 2007) and others for
diesel-biodiesel blends (Ramirez-Verduzco et al. 2011; Santos, Maciel, and Fregolente 2021).
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1.1 Exploratory Analyses

To calculate KV, specific properties must be set as variable of the method, such as double bonds, number of
carbons and ester composition. To better choose the most suitable variable, exploratory analyses have been
applied in some studies to associate them to a specific property (Baird and Oja 2016; Vrtiska and Simacek 2016;
Islam et al. 2015; Jahirul et al. 2021; Wu et al. 2016; Rashid et al. 2021).

Exploratory analyses are described as multivariate techniques based on chemical properties obtained at
laboratory such as compositions and statistical calculations. Some usual techniques are Principal component
analysis (PCA) and Hierarchical Component Analysis (HCA).

Through PCA analysis, which is obtained from linear transformation for an orthogonal projection of factors, a
pattern is obtained considering data variance (Li Vigni, Durante, and Cocchi 2013; I. Jolliffe 2005; I. T. Jolliffe
and Cadima 2016). The number of factors can be set following Kaiser's approach, considering eigenvalues
higher than the unit (Kaiser 1960). The HCA analysis is based on clusters formed from branches associated to
low distance between variables (Cecil C. Bridges 2016). This statistical technique can be performed through a
specific linkage method, such as simple, complete, and Ward, and distance calculation method, such as
Euclidian and Manhattan (Li Vigni, Durante, and Cocchi 2013).Therefore, this study assembled several biodiesel
regarding vegetable and algae as feedstock to apply exploratory analysis to identify suitable esters, developed
a new method for KV prediction and compared performances of existing methods.

2. Methodology

In this study, biodiesel composition data were applied for assessment of predictive methods of KV at 40 °C. To
analyze KV of biodiesel, 123 data with different range of ester composition (Table 1) and several biodiesel types
were obtained from literature, which are consisted by 17 data for algae biodiesel (Yasar 2020a; de Jesus et al.
2020; Song et al. 2013) composed by Fatty Acid Methyl Esters (FAME) and 106 data for vegetable biodiesel
data (Bukkarapu and Krishnasamy 2018; Shrivastava et al. 2020; A. Sarin et al. 2010; Kim et al. 2012; Yasar
2020b; A. Sarin et al. 2009; Yehliu, Boehman, and Armas 2010; Huang et al. 2020; Kapilan and Reddy 2008;
Dunn 2011; Ramos et al. 2009; R. Sarin et al. 2007; Jain and Sharma 2011; Zuleta, Rios, and Benjumea 2012;
Ramirez-Verduzco, Rodriguez-Rodriguez, and Jaramillo-Jacob 2012; Allen et al. 1999; Agarwal, Singh, and
Chaurasia 2010; Lang et al. 2001; Chotwichien, Luengnaruemitchai, and Jai-In 2009), which include 90 data of
FAME biodiesel, 8 data of Fatty Acid Ethyl Esters (FAEE), 5 data of Fatty Acid Propyl Esters (FAPE) and 3 data
of Fatty Acid Butyl Esters (FABE).

Table 1: Range of content of specific esters and KV at 40°C of vegetable and algae biodiesel

C18:1(n9) C18:2 C18:3 C20:1 KV@40 °C

- 0, - 0, - 0, . 0,

C14:0 (%) C16:0 (%) C18:0 (%) (%) (n9,12) (%) (n9,12,15) (%) C20:0 (%) (n9) (%) (mmés)

From 0.01 From 2to From 0.85 From 8.09 From 7.6 to From 0.03to From 0.06 From 0.1 From 3.9
to 1.87 53.33 to 25.80 to 79.30 79.00 62.90 to 6.90 t0 9.30 to 6.05

2.1 Exploratory analyses

The PCA and HCA analyses were carried out at Statistica software (Statsoft version 7 for Windows). For PCA
analysis and Kaiser's index was applied so that only factors with eigenvalues higher than the unit was
considered. HCA analysis was performed considering Euclidian distance and Ward’s linkage method. The
selection of dendrogram orientation was for variables.

2.2 KV prediction

After exploratory analyses, new method based on selected esters was developed through multiple regressions
to predict KV (v) at 40°C. The new method was compared with the existing ones found in the literature. The
deviations of calculated KV from experimental values were used to assess the accuracy of the prediction
methods. The most suitable method was the one with minor average of absolute deviation (AAD) (Eq. 1) and its
percentage (%AAD) (Eq. 2).

N
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3. Results and Discussion
3.1 Exploratory analyses

Applying PCA analysis with the data composed by vegetable and algae biodiesel, it was possible to visualize
that KV might be related to mass fraction of specific esters such as C14:0, C16:0 and C18:1 (n9) (Figure 1-A,
B, C). Those results were based on 4 principal components with 63.85% of accumulated explained variance,
considering Kaiser’'s Index with eigenvalue higher than the unit. With HCA analysis a different ester was
associated to KV due to minor distance, which was C18:0 (Figure 1-D). Therefore, no polyunsaturated esters
were associated to KV but only saturated and monounsaturated esters.

Projection of the variables an the factor-plane ( 1x 2) Projection of the variables on the factor-plane ( 1x 3)
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Figure 1: Exploratory Analyses with associated esters (dashed red circle for PCA): depicturing 39.61%,
35.88% and 34.41%, respectively for PCA 1 and 2 (A), PCA 1-3 (B) and PCA 1 and 4 (C). Dendogram with
vegetable and algae biodiesel data. Distance between KV and C18:0 = 5.05 (D)
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Figure 2: KV prediction of vegetable and algae biodiesel (A); KV prediction of only vegetable biodiesel (B);
KV prediction of only algae biodiesel (C), considering experimental values (—) and results from the prediction
of Calixto’s method (o), the new method (e) and validation of the new method (A).
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3.2 KV prediction

Considering results from PCA and HCA saturated esters, such as C14:0, C16:0 and C18:0, were more
associated with KV than unsaturated ones. Only one monounsaturated ester, C18:1 (n9), was close to KV
(Figure 1). Therefore, the mass fraction (w;) of these esters were used as the independent variables to be
adjusted for the new method to predict KV at 40°C by multiple regression (Eq.3).

V = Wc1a:0 * 1.00 = 10_2 + Wei6:0 * 5.35 % 10_1+WC18:0 * 1.29 * 10_2 — Wc1g:1 * 2.43 * 10_4 +4.32 (3)

Considering all the collected data, the performance of the KV prediction was satisfactory with low deviation,
AAD = 0.25 mm?%s and %AAD = 5.28. For vegetable biodiesel, the prediction of the new method was similar
with AAD = 0.23 mm?'s and %AAD = 4.82. For algae biodiesel, the deviation was higher with AAD = 0.33 mm?/s
and %AAD = 7.53. The validation of the new method was also carried out, presenting similar performance with
slight increment of deviation, with AAD =0.29 mm?/'s and %AAD = 6.18%. For that, 22 data (20% of database)
was reserved and applied for validating the new method.

In addition, the three existing methods presented in the introduction section were tested. As a result, for all
biodiesel types, Calixto’s method presented higher accuracy with lower deviation, with AAD = 0.27 mm?/s and
%AAD = 5.62. The Sue et al.’s method presented AAD = 0.57 mm?s and %AAD = 12.07 and the Verduzco’s
method resulted in AAD = 0.56mm?/s and %AAD = 12.12. Considering separately vegetable and algae biodiesel,
a different prediction was reported comparing the three existing models.

For vegetable biodiesel, Calixto’s was the most precise with AAD =0.25 mm?*'s and %AAD = 5.38, which was a
similar performance to the new method. For the other two methods, similar performance was identified with Sue
et al.'s method with AAD = 0.51 mm?#'s and %AAD = 10.74 and Verdusco’s method with AAD = 0.50 mm?/s and
%AAD = 10.69. For algae biodiesel, Calixto’s method presented the most satisfactory performance, with AAD
= 0.15 mm?#s and %AAD = 3.75. The other two methods, no satisfactory prediction was obtained, presenting
higher deviation, such as Sue et al.’s method with AAD = 0.94 mm?/s and %AAD = 19.91 and Verdusco’s method
with AAD = 1.04 and %AAD = 22.29.

Through the KV prediction and comparison among methods, it was possible to observe that Calixto’s method
and the new method were the most suitable approaches to predict KV for several biodiesel types, with similar
performance (Figure 2), except for algae biodiesel. It might be explained by the fact that the new method is more
related to saturated esters, differently of Calixto’ one that require unsaturation factors (db), which is highly
present in algae biodiesel. In addition, higher deviation was obtained for FABE and FAPE biodiesel and for
biodiesel with higher KV, such as higher than 5.3 mm?/s from both methods.

4. Conclusion

With this study, it was possible to observe that exploratory analyses were techniques that could help to identify
components in biodiesel that impact KV, which it is usually monitored and controlled. In addition, a new method
was developed to predict KV at 40 °C of biodiesel with satisfactory performance for several biodiesel type
including FAME, FAPE, FAEE and FABE, considering the mass fraction of some esters, such as C14:0, C16:0,
C18:0 and C18:1 (n9). Analysing individually, the performance for vegetable and algae biodiesel were different.
The most satisfactory performance was observed by applying the new method for vegetable biodiesel. For algae
biodiesel, higher accuracy was obtained by using Calixto’s method, indicating high influence of double bonds
on KV of algae biodiesel.

Acknowledgment

We thank financial supports from Agéncia Nacional do Petréleo, Gas Natural e Biocombustiveis (ANP) by the
ANP Human Resources Program for the Petroleum and Gas Sector (PRH-ANP) Convénio FINEP/FUNCAMP,
n°29.1, Ref.5485.

References

Agarwal, Madhu, Kailash Singh, and S. P. Chaurasia. 2010. “Prediction of Biodiesel Properties from Fatty Acid
Composition Using Linear Regression and ANN Techniques.” Indian Chemical Engineer 52 (4): 347-61.
https://doi.org/10.1080/00194506.2010.616325.

Allen, C. AW., K. C. Watts, R. G. Ackman, and M. J. Pegg. 1999. “Predicting the Viscosity of Biodiesel Fuels from
Their Fatty Acid Ester Composition.” Fuel 78 (11): 1319-26. https://doi.org/10.1016/S0016-2361(99)00059-9.
Baird, Zachariah Steven, and Vahur Oja. 2016. “Predicting Fuel Properties Using Chemometrics: A Review and an
Extension to Temperature Dependent Physical Properties by Using Infrared Spectroscopy to Predict Density.”
Chemometrics and Intelligent Laboratory Systems 158 (November): 41-47.

https://doi.org/10.1016/j.chemolab.2016.08.004.



743

Bohringer, Christoph. 2003. “The Kyoto Protocol: A Review and Perspectives.” Oxford Review of Economic Policy 19
(3): 451-66. https://doi.org/10.1093/OXREP/19.3.451.

Bukkarapu, Kiran Raj, and Anand Krishnasamy. 2018. “A Study on the Effects of Compositional Variations of Biodiesel
Fuel on Its Physiochemical Properties.” Biofuels. https://doi.org/10.1080/17597269.2018.1501638.

Calixto, Clediana Dantas, Jordana Kaline da Silva Santana, Viviane Pereira Tiburcio, Liliana de Fatima Bezerra Lira
de Pontes, Cristiane Francisca da Costa Sassi, and Roberto Conceigéo, Marta Maria da Sassi. 2017. “Productivity
and Fuel Quality Parameters of Lipids Obtained from 12 Species of Microalgae from the Northeastern Region of
Brazil.” Renewable Energy. https://doi.org/10.1016/j.renene.2017.09.029.

Cecil C. Bridges, Jr. 2016. “Hierarchical Cluster Analysis:” Http://Dx.D0i.Org/10.2466/Pr0.1966.18.3.851 18 (3): 851—
54. https://doi.org/10.2466/PR0.1966.18.3.851.

Chotwichien, Areerat, Apanee Luengnaruemitchai, and Samai Jai-In. 2009. “Utilization of Palm Qil Alkyl Esters as an
Additive in Ethanol-Diesel and Butanol-Diesel Blends.” Fuel 88 (9): 1618-24.
https://doi.org/10.1016/j.fuel.2009.02.047.

Dunn, Robert O. 2011. “Fuel Properties of Biodiesel/Ultra-Low Sulfur Diesel (ULSD) Blends.” Journal of the American
Oil Chemists’ Society 88 (12): 1977-87. https://doi.org/10.1007/S11746-011-1871-3.

Horowitz, Cara A. 2016. “Paris Agreement.” International Legal Materials 55 (4): 740-55.
https://doi.org/10.1017/S0020782900004253.

Huang, Yundi, Fashe Li, Guirong Bao, Wenchao Wang, and Hua Wang. 2020. “Estimation of Kinematic Viscosity of
Biodiesel Fuels from Fatty Acid Methyl Ester Composition and Temperature.” Journal of Chemical and Engineering
Data 65 (5): 2476-85. https://doi.org/10.1021/acs.jced.9b01127.

Islam, Muhammad Aminul, Richard J Brown, P R Brooks, M | Jahirul, H Bockhorn, and Kirsten Heimann. 2015.
“Investigation of the Effects of the Fatty Acid Profile on Fuel Properties Using a Multi-Criteria Decision Analysis.”
Energy Conversion and Management 98: 340—47. https://doi.org/10.1016/j.enconman.2015.04.009.

Jahirul, M. I., M. G. Rasul, R. J. Brown, W. Senadeera, M. A. Hosen, R. Haque, S. C. Saha, and T. M.l. Mahlia. 2021.
“Investigation of Correlation between Chemical Composition and Properties of Biodiesel Using Principal
Component Analysis (PCA) and Artificial Neural Network (ANN).” Renewable Energy 168 (May): 632—46.
https://doi.org/10.1016/j.renene.2020.12.078.

Jain, Siddharth, and M. P. Sharma. 2011. “Oxidation Stability of Blends of Jatropha Biodiesel with Diesel.” Fuel 90
(10): 3014-20. https://doi.org/10.1016/j.fuel.2011.05.003.

Jesus, Sérgio S. de, Gabriela F. Ferreira, Larissa S. Moreira, and Rubens Maciel Filho. 2020. “Biodiesel Production
from Microalgae by Direct Transesterification Using Green Solvents.” Renewable Energy 160 (November): 1283—
94. https://doi.org/10.1016/j.renene.2020.07.056.

Jolliffe, lan. 2005. “Principal Component Analysis.” Encyclopedia of Statistics in Behavioral Science, October.
https://doi.org/10.1002/0470013192.BSA501.

Jolliffe, lan T., and Jorge Cadima. 2016. “Principal Component Analysis: A Review and Recent Developments.”
Philosophical Transactions of the Royal Society A: Mathematical, Physical and Engineering Sciences 374 (2065).
https://doi.org/10.1098/RSTA.2015.0202.

Joshi, Rushang M., and Michael J. Pegg. 2007. “Flow Properties of Biodiesel Fuel Blends at Low Temperatures.” Fuel
86 (1-2): 143-51. https://doi.org/10.1016/j.fuel.2006.06.005.

Kaiser, Henry F. 1960. “The Application of Electronic Computers to Factor Analysis:” Educational and Psychological
Measurement 20 (1): 141-51. https://doi.org/10.1177/001316446002000116.

Kapilan, N., and R. P. Reddy. 2008. “Evaluation of Methyl Esters of Mahua Oil (Madhuca Indica) as Diesel Fuel.”
Journal of the American Oil Chemists’ Society 85 (2): 185-88. https://doi.org/10.1007/S11746-007-1179-5.

Kim, J.-K, E S Yim, C H Jeon, C.-S Jung, and B H Han. 2012. “COLD PERFORMANCE OF VARIOUS BIODIESEL
FUEL BLENDS AT LOW TEMPERATURE.” International Journal of Automotive Technology 13 (2): 293-300.
https://doi.org/10.1007/s12239-012-0027-2.

Lang, X., A. K. Dalai, N. N. Bakhshi, M. J. Reaney, and P. B. Hertz. 2001. “Preparation and Characterization of Bio-
Diesels from Various Bio-Oils.” Bioresource Technology 80 (1): 53-62. https://doi.org/10.1016/S0960-
8524(01)00051-7.

Li Vigni, Mario, Caterina Durante, and Marina Cocchi. 2013. “Exploratory Data Analysis.” In Data Handling in Science
and Technology, edited by Federico Marini, 28:55-126. Amsterdam,: Elsevier Ltd. https://doi.org/10.1016/B978-0-
444-59528-7.00003-X.

Mizik, Tamas, and Gabor Gyarmati. 2021. “Economic and Sustainability of Biodiesel Production—A Systematic
Literature  Review.” Clean Technologies 2021, Vol. 3, Pages 19-36 3 (1) 19-36.
https://doi.org/10.3390/CLEANTECHNOL3010002.

Ramirez-Verduzco, Luis Felipe, Blanca Estela Garcia-Flores, Javier Esteban Rodriguez-Rodriguez, and Alicia Del
Rayo Jaramillo-Jacob. 2011. “Prediction of the Density and Viscosity in Biodiesel Blends at Various Temperatures.”
Fuel 90 (5): 1751-61. https://doi.org/10.1016/j.fuel.2010.12.032.

Ramirez-Verduzco, Luis Felipe, Javier Esteban Rodriguez-Rodriguez, and Alicia Del Rayo Jaramillo-Jacob. 2012.
“Predicting Cetane Number, Kinematic Viscosity, Density and Higher Heating Value of Biodiesel from Its Fatty Acid
Methyl Ester Composition.” Fuel 91 (1): 102—11. https://doi.org/10.1016/j.fuel.2011.06.070.



744

Ramos, Maria Jesus, Carmen Maria Fernandez, Abraham Casas, Lourdes Rodriguez, and Angel Pérez. 2009.
“Influence of Fatty Acid Composition of Raw Materials on Biodiesel Properties.” Bioresource Technology 100 (1):
261-68. https://doi.org/10.1016/j.biortech.2008.06.039.

Rashid, Nor Adhihah, Azmer Shamsuddin, Wai Hong Khu, Muhammad Hisyam Lee, Norazana |brahim, and Mohd
Kamaruddin Abd Hamid. 2021. “Quiality Prediction Improvement through Adaptive Nonlinear Principal Component
Regression.” Chemical Engineering Transactions 89 (16): 151-56. https://doi.org/10.3303/CET2189026.

Salina, Fernando Henriques, Isabela Aroeira de Almeida, and Felipe Ribeiro Bittencourt. 2020. “RenovaBio
Opportunities and Biofuels Outlook in Brazil,” 391-99. https://doi.org/10.1007/978-3-030-18488-9_30.

Santos, Shella M., Maria R. W. Maciel, and Leonardo V. Fregolente. 2021. “Kinematic Viscosity Prediction Guide:
Reviewing and Evaluating Empirical Models for Diesel Fractions, and Biodiesel-Diesel Blends According to the
Temperature and Feedstock.” International Journal of Thermophysics 42 (8): 121. https://doi.org/10.1007/s10765-
021-02868-z.

Sarin, Amit, Rajneesh Arora, N. P. Singh, Rakesh Sarin, R. K. Malhotra, and K. Kundu. 2009. “Effect of Blends of
Palm-Jatropha-Pongamia Biodiesels on Cloud Point and Pour Point” Energy 34 (11): 2016-21.
https://doi.org/10.1016/j.energy.2009.08.017.

Sarin, Amit, Rajneesh Arora, N. P. Singh, Rakesh Sarin, R. K. Malhotra, and Shruti Sarin. 2010. “Blends of Biodiesels
Synthesized from Non-Edible and Edible Oils: Effects on the Cold Filter Plugging Point.” Energy and Fuels 24 (3):
1996-2001. https://doi.org/10.1021/ef901131m.

Sarin, Rakesh, Meeta Sharma, S. Sinharay, and R. K. Malhotra. 2007. “Jatropha-Palm Biodiesel Blends: An Optimum
Mix for Asia.” Fuel 86 (10—11): 1365-71. https://doi.org/10.1016/j.fuel.2006.11.040.

Shrivastava, Pankaj, Tikendra Nath Verma, Olusegun David Samuel, and Arivalagan Pugazhendhi. 2020. “An
Experimental Investigation on Engine Characteristics, Cost and Energy Analysis of Cl Engine Fuelled with Roselle,
Karanja Biodiesel and Its Blends.” Fuel 275 (September): 117891. https://doi.org/10.1016/j.fuel.2020.117891.

Song, Mingming, Haiyan Pei, Wenrong Hu, and Guixia Ma. 2013. “Evaluation of the Potential of 10 Microalgal Strains
for Biodiesel Production.” Bioresource Technology 141 (August): 245-51.
https://doi.org/10.1016/J.BIORTECH.2013.02.024.

Su, Yung Chieh, Y. A. Liu, Carlos Axel Diaz Tovar, and Rafiqul Gani. 2011. “Selection of Prediction Methods for
Thermophysical Properties for Process Modeling and Product Design of Biodiesel Manufacturing.” Industrial and
Engineering Chemistry Research 50 (11): 6809-36. https://doi.org/10.1021/ie102441u.

UNFCCC. 2021. “Decision-/CP.26 Glasgow Climate Pact.” UNFCCC , November. https://www.ipcc.ch/report/ar6/wg1/.

Varanda, Marta G., G. Pinto, and F. Martins. 2011. “Life Cycle Analysis of Biodiesel Production.” Fuel Processing
Technology 92 (5): 1087-94. https://doi.org/10.1016/J.FUPROC.2011.01.003.

Vrtiska, Dan, and Pavel Simadek. 2016. “Prediction of HVO Content in HVO/Diesel Blends Using FTIR and
Chemometric Methods.” Fuel 174 (June): 225-34. https://doi.org/10.1016/j.fuel.2016.02.010.

Wu, Yiting, Bing Fang, Hongyan Wu, Ming Zhang, and Yuemin Shen. 2016. “Establishment of Mathematical
Relationships Between Smoke Point and Minor Compounds in Vegetable Oils Using Principal Component
Regression Analysis.” Chemical Engineering Transactions 51 (August): 1153-58.
https://doi.org/10.3303/CET1651193.

Yasar, Fevzi. 2020a. “Comparision of Fuel Properties of Biodiesel Fuels Produced from Different Oils to Determine
the Most Suitable Feedstock Type.” Fuel 264 (March): 116817. https://doi.org/10.1016/j.fuel.2019.116817.

.2020b. “Comparision of Fuel Properties of Biodiesel Fuels Produced from Different Qils to Determine the Most
Suitable Feedstock Type.” Fuel 264 (March): 116817. https://doi.org/10.1016/J.FUEL.2019.116817.

Yehliu, Kuen, André L. Boehman, and Octavio Armas. 2010. “Emissions from Different Alternative Diesel Fuels
Operating with Single and Split Fuel Injection.” Fuel 89 (2): 423-37. https://doi.org/10.1016/j.fuel.2009.08.025.
Zuleta, Ernesto C., Luis A. Rios, and Pedro N. Benjumea. 2012. “Oxidative Stability and Cold Flow Behavior of Palm,
Sacha-Inchi, Jatropha and Castor Oil Biodiesel Blends.” Fuel Processing Technology 102 (October): 96—-101.

https://doi.org/10.1016/j.fuproc.2012.04.018.




	59santos.pdf
	Application of Multivariate Exploratory Techniques to Predict Kinematic Viscosity of Biodiesel from Vegetable and Algae Oils




