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Highlights 

• Year-long commercial FCC co-processing data was used to evaluate green coke 

production thus providing a potential method for carbon tax rebate 

• The biogenic feedstock generated less coke compared with the fossil feed 

• A regression approach, incorporating a bootstrap method, was able to quantify the 

green coke (thus track the “green molecules”) 

  



Abstract 

Co-processing biogenic feedstocks in oil refineries will reduce the greenhouse gas emissions 

normally associated with fossil derived transportation fuels. The fluid catalytic cracker (FCC) 

within a refinery is a robust processing unit and will likely be a preferred insertion point if 

biocrudes, produced by the liquefaction of biomass, are co-processed within a refinery. Fluid 

catalytic cracking results in a wide range of intermediate products which can be upgraded to 

gasoline, diesel, heavy fuel oil and liquified petroleum gas fractions. Coke is also produced and 

provides heating for feedstocks, the endothermic catalytic cracking reactions and the 

regeneration of the FCC catalyst. However, coke combustion also generates carbon dioxide and 

is a significant source of refinery greenhouse gas emissions.  

The hourly data from one year of commercial operation was assessed using linear and Bayesian 

ridge regression to quantify the burning coefficient of the coke when co-processing lipids at the 

FCC. When a bootstrap method was used to reduce the uncertainties of the coefficients, this 

allowed us to quantify the renewable (green) fraction of the coke component, indicating the 

reduction in carbon dioxide emissions when commercially co-processing biogenic feedstocks.  
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1.Introduction 

As indicated by organizations such as the International Energy Agency (IEA), to achieve a “net-

zero” future will require the decarbonization of every facet of energy production and 

consumption [1]. The increased use of electric cars, renewable fuels and emerging technologies 

such as “green” hydrogen will reduce the emissions resulting from burning fossil fuels, which is 

a major component of petroleum fuel emissions (~70% of the emissions) [2]. However, in the 

short-to-mid-term, enabling policies will be needed to incentivize the transition to lower carbon 

intensive fuels. These include pricing fossil carbon [3], in the form of a carbon tax as has been 

adopted by several jurisdictions around the world, as well as other policies such as the low 

carbon fuel standard (LCFS) which is used to reduce the carbon emissions of the fuel production 

and transportation sectors [4–7]. These types of policies have incentivized fuel suppliers to 

lower the carbon intensity of their products. They have also acted as a catalyst for some 

companies to develop new business opportunities such as establishing standalone renewable 

diesel plants (e.g., Neste, Diamond Green, REG) or revamping existing oil refineries to produce 

renewable diesel/bio jet (e.g., World Energy, Eni, Marathon) [8–10].  

Although the development of standalone facilities has typically involved the adaption of the 

desulfurization processes that are widely used in the petroleum refining [11,12], another way of 

reducing the carbon intensity of the fuels produced by a refinery is to co-process biogenic, low-

carbon intensity feedstocks with the fossil fuel [13–15]. 

Recent work has shown that co-processing biogenic feedstocks can result in the production of 

lower carbon intensity fuels with this approach already carried out at a commercial scale [16]. 

Currently, oleochemical feedstocks such as used cooking oil (UCO) or tallow, can be co-



processed at either the hydrotreater (e.g., BP, Preem, Kern Oil) or the fluid catalytic cracker 

units (e.g., Parkland) [10,16]. However, as oleochemical feedstocks are expected to have limited 

availability and higher costs as compared to potential “biocrude” feedstocks, various processes 

are currently under development that involve the gasification or liquefaction of biomass 

[17,18]. The hope is that these biocrudes will be more plentiful and cheaper than oleochemical 

feedstocks [17,19]. As these pyrolysis/hydrothermal liquefaction (HTL) processes produce a 

liquid intermediate that is more challenging and variable than oleochemical feedstocks, it is 

very likely that biocrude co-processing will take place at the more robust FCC rather than at the 

hydrotreater [16,18,20]. This is partly due to the FCC’s reactor design which involves a 

circulating fluidized bed where the catalyst can be regenerated in situ [21–23]. It is also should 

be noted that the FCC is designed to run in a heat balance mode where the heat demand for 

the process (heating the feedstocks and providing the heat for reaction) is supplied by burning 

the coke generated during the process. The heat is also used for miscellaneous heat sinks such 

as steam stripping, catalyst cooling and heat losses [24,25].  

Past work has shown that simulating an industrial set-up at a lab/pilot-scale is challenging, 

primarily due to reactor configuration. Similarly, although lab scale fixed bed and fixed fluidized 

bed reactors (Advanced cracking evaluation - ACE) are available and simple to operate, they 

have been shown to provide less accurate results compared to commercial scale circulating 

fluidized bed reactors [22,23,26]. This difference is particularly apparent by the higher coke 

yield obtained during advanced cracking evaluation, primarily due to the long residence 

(reaction) times that are used compared to commercial-scale units [26].  



Past work has also shown that the greenhouse gas emissions derived from burning FCC coke 

can represent 20-35% of the total refinery emissions, even though the coke yield is only around 

5 wt% [24,27]. The coke burn value is typically obtained via the flue gas and air blower with an 

oxygen mass balance performed to derive the mass of carbon, hydrogen and the coke burn 

value. Although not fully understood, it is likely that the coke originates from multiple sources 

such as catalytic coke (conversion, catalyst type, reaction time), contaminant coke (metals or 

impurities in the feedstocks), feed residue coke (heavy fraction of the feed) and catalyst 

circulation coke (catalyst stripping efficiency and pore size of the catalyst) [24].  

Most previous work has observed that the coke yield increased when co-processing biogenic 

feedstocks [28–30]. This was probably due to the reactor configuration used during lab-scale 

experiments. In contrast, pilot-scale co-processing work Indicated an opposite trend with the 

coke yield decreasing when biogenic feedstocks were processed [23,31].  

As reported here, when oleochemical feedstocks were co-processed at a commercial scale, the 

amount of “green” coke generated during FCC co-processing could be determined by collecting 

hourly data and applying regression models (linear and Bayesian ridge regression) and a 

bootstrap method to reduce the uncertainty of the coefficients used to quantify coke burning. 

This method was successfully used to track the “green molecules” derived by co-processing 

lipid feedstocks and quantify the coke derived from fossil and biogenic sources. 



2.Materials and Methods 

2.1 Data resource 

The Parkland Burnaby refinery (British Columbia, Canada) routinely carries out commercial-

scale co-processing of oleochemical feedstocks at their FCC unit [16]. Routine, commercial data 

from the FCC unit was retrieved using TIBCO Spotfire which was connected to the refinery 

database [32]. Several tags were selected based on process knowledge that related to coke 

generation during FCC operation, with hourly data collected to monitor coke deposition and 

regeneration. This data was filtered using the FCC feed rate to remove any instances where the 

unit operated unusually (i.e., during power loss). 

2.2 Heat balance and feature selection 

The heat balance is key to determining the coke yield with the amount of coke generated equal 

to the supply of heat needed during heating the feedstocks, supplying the endothermic 

catalytic cracking energy, heating the air, etc. Consequently, a correlation value was derived, 

based on selected variables using Minitab [33], with the first screening process providing an 

overview of the potential variables that impact the coke yield and their importance in deriving 

the correlation. 

2.3 Multiple linear regression based on least squares 

A multiple linear regression model was built using Minitab [33]. With the commercial unit 

adjusting itself by changing variables to maximize the feed rate via the advanced control 

system, a multiple linear regression that normalizes other changing variables was developed 

when quantifying specific parameter (e.g., the impact of co-processing). A so-called “step 



change method” (or mass balance based on observed yield) which assumes adding biogenic 

feedstocks as the only changing variable has been shown problematic when operating 

commercial units [16]. The P-value and T-value were used to evaluate the significance of 

various selected parameters [34] and the R2 adjusted value was used to evaluate the model 

derived from the multiple linear regression. A Variance Inflation Factor (VIF) was also used to 

prevent multicollinearity [35]. Samples were split into training and test groups to evaluate the 

model and prevent overfitting. The use of multiple linear regression combined with process 

knowledge provided a simple method for the first data run. 

2.4 Bootstrap method 

Approximately 8,900 lines of data were collected with the typical method used to evaluate the 

correlation involved splitting the data into training and test groups. However, the uncertainties 

that occurred over the selection of samples as training and testing groups resulted in 

uncertainties of the coefficients. Therefore, a bootstrap method was used to randomly select 

training and test groups while running the models through as many iterations as possible. The 

bootstrap method provided a useful statistical estimation given the information available [36]. 

Essentially, the method resampled the data, consequently making statistical inferences on the 

distribution characteristics of the data. As increased numbers of iterations required longer 

periods of time initially 10,000 iterations were compared to 100,000 iterations. However, as the 

results were very similar (although more evenly distributed when using 100,000 iterations) 

10,000 iterations were routinely used.  

 



2.5 Bayesian ridge regression 

An additional algorithm was used to further validate the regression coefficients. Unlike the 

linear regression method, which assumes the response is a linear combination of weights 

multiplied by a set of predictor variables, Bayesian linear regression assumes the response is 

generated from a normal distribution.  

The rationale followed is that we need a distribution of parameters to obtain more information 

rather than a simple point estimation, as the simple point estimation only tells us the most 

likely situation. In contrast, the distribution describes what is occurring in the entire space and, 

thus, as the number of data points increases, there is less uncertainty in the model parameters. 

As mentioned earlier, as there are uncertainties related to what samples were selected, a 

bootstrap method was also applied in Bayesian regression. This randomly selected samples and 

ran the model as many times as possible. The linear regression and Bayesian ridge regression, 

both with bootstrap, were run using the scikit-learn package in Python [37].  

2.6 Statistical analysis 

One-way ANOVA was used in Minitab to compare the means of various groups at different 

co-processing levels [38]. The amount of coke burned per hour was normalized with the feed 

rate used to remove the impact of different rates of feed. As observed previously [16], the 

“signal to noise ratio” derived from co-processing biogenic feedstocks was low when the yields 

were not significantly different. In this case, with more process data available from the 

commercial units, we were able to identify the point where the signal was strong enough such 

that a difference in coke yield could be shown between baseline petroleum processing and co-

processing. 



3.Results and discussions 

3.1 FCC heat balance and feature selections 

As mentioned earlier, the overall refinery heat balance is a major component that can be used 

to better elucidate the coke yield obtained in the catalytic cracker. Key parameters that were 

initially used for model development were first screened using multiple potential process 

variables (Figure 1). Although the causal relationships can not be displayed, plus-or-minus signs 

were used to indicate the directional changes observed when one of the variables changed.  

For example, increasing the feed quantity increased the coke burn while an increase in riser 

temperature facilitated the endothermic reaction, resulting in more coke deposition in the unit. 

Alternatively, reducing the preheat temperature increased the coke yield with more heat (via 

burning more coke) needed to heat the feedstocks so that they reach the pre-set riser 

temperature. More heat will also increase the regenerator temperature and produce more 

steam when a catalyst cooler is used.  

The term “delta coke” is used in some literature and company newsletters and it represents the 

ratio between the coke yield and catalyst-to-oil ratio [25,40,41]. The coke yield can be 

considered to stay constant as is mainly influenced by the air blower capacity and the 

availability of the excess oxygen, not by the catalyst coke selectivity or feed coking tendency 

[24,39]. Although, typically, enough coke is burned to satisfy the heat demand of the FCC unit, if 

the operating conditions are changed or the feedstock quality changes, the delta coke will also 

change. In the work reported here, the delta coke value was not used directly but, rather, we 

monitored changes in the temperature of the regenerator, as it is directly proportional to the 

delta coke value. As the delta coke value directly corresponds to the temperature difference 



between the regenerator and riser, the riser temperature is typically set as a fixed value and 

can therefore be considered as constant [24,39].  

 

 
Figure 1 Correlation between the various factors that impact coke yield during commercial FCC operations 

 

3.2 Statistical analysis – did co-processing biogenic feedstocks generate more coke? 

The ANOVA test results indicated that a minimum of a 12% ratio of lipid-to-fossil feedstock, was 

needed to detect a statistically relevant difference in coke burn compared to the petroleum 

baseline (Figure 2) as, at lower co-processing ratios (low “signal-to-noise” ratio), the coke 

generated on an hourly basis was not significantly different. Thus, without normalizing the 

other variables, any the changes resulting from the addition of the biogenic feedstocks were 

not readily detected.  



 

Figure 2 Statistical results obtained when comparing the average coke generation at various co-processing levels 

 

3.3 Regression analysis 

To develop a method of detecting any changes due to biogenic feedstock addition, a multiple 

linear regression approach, based on least-squares, was built to quantify the relative impact of 

the previously selected variables (Figure 3). Statistical values (p-, t-value) were used to quantify 

the significance of the variable while removing any variables that were not statistically 

significant. The variance inflation factor (VIF) provided by Minitab also ensured there was no 

multi-collinearity (less than 10) [35]. The standard error and R2-adjusted values indicated that 

the model performed well, particularly considering the limited filtering that was performed on 

the “real-world” data-set. The Pareto chart derived from the t-values confirmed that the 



biogenic feed was not the only changing variable and it was also not the most important 

variable impacting coke yield. 

The Minitab calculated the 95%-confidence interval of the coefficient based on its standard 

error, indicating the likely range for the various coefficients. Although the analysis indicated 

that the coke generation rate per unit of biogenic feedstocks was less than fossil feedstocks, 

the exact value or ratio between the two was not clearly defined. This was likely due to the 

uncertainty range of the two coefficients. To try to reduce the uncertainty and derive a ratio 

that could quantify the renewable fraction in the coke (green coke) a bootstrap method, which 

generated a distribution of the coefficients after running the model 10,000 times (bootstrap 

with linear regression and Bayesian ridge regression), was applied. It was apparent that the 

average of the coefficients of the distribution confirmed early regression results and further 

reduced the uncertainties when quantifying the changes (Figure 4).  These results indicated that 

the biogenic feedstock generated 76% of the coke, on a per unit of feed basis, compared with 

the fossil fuels (on average, for the annualised data). Thus, when incorporating the coefficient, 

on a per-barrel basis of feed, the co-processing of oleochemical feedstocks at the FCC resulted 

in the generation of less coke. 

As the source of the coke is derived from either the fossil or bio feed, the equation below was 

used to quantify the amount of fossil and green coke generated: 

 

𝑇𝑜𝑡𝑎𝑙 𝑐𝑜𝑘𝑒 =  𝐴 ∗  𝑓𝑜𝑠𝑠𝑖𝑙 𝑓𝑒𝑒𝑑 +  𝐵 ∗  𝑏𝑖𝑜 − 𝑓𝑒𝑒𝑑                                                        Equation 1 

 𝐵 = 0.76 ∗ 𝐴                                                                                                                                Equation 2 

𝐵𝑖𝑜 − 𝑓𝑒𝑒𝑑 =  𝑓𝑜𝑠𝑠𝑖𝑙 𝑓𝑒𝑒𝑑 ∗  𝑐𝑜 − 𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔 𝑝𝑒𝑟𝑐𝑒𝑛𝑡.                                               Equation 3        

𝐴 =  𝑡𝑜𝑡𝑎𝑙 𝑐𝑜𝑘𝑒/(𝑓𝑜𝑠𝑠𝑖𝑙 𝑓𝑒𝑒𝑑 ∗ (1 +  0.76 ∗  𝑐𝑜 − 𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔 𝑝𝑒𝑟𝑐𝑒𝑛𝑡)                  Equation 4 



 

 

Figure 3 Multiple linear regression results from the Minitab used to quantify the impact of co-processing biogenic and fossil 
feedstocks. Note, factor importance based on t value from multiple linear regression 

  



 

 
 
Figure 4 Coefficients of fossil and bio feed estimated from linear regression, Bayesian ridge regression using the bootstrap 
method 

 

It was apparent that several variables impacted the coke produced by a commercial FCC 

besides the addition of biogenic feedstocks. As indicted here, at a low co-processing level 

(below 12% here), the coke yield was not statistically different. Thus, it is probable that the 

exact boundary will vary with other commercial units, depending on their operational co-

processing conditions. As mentioned earlier, contradictory results have been reported in the 

literature regrading whether co-processing bio-feeds generate more-or-less coke [14,22,29,41]. 

When earlier pilot work compared the cracking of 100% soybean oil with 100% fossil vacuum 

gas oil (VGO) these researchers found that the heat of cracking was only 15% of the selected 

VGO (the temperature variance from the top of the riser to the bottom is less for soybean oil 

cracking [31]). This was likely due to the deoxygenation reaction where the major product is 



water (exothermic reaction) [10]. Thus, the heat requirement was lowered and, in theory, the 

coke yield should be lower when processing biogenic feedstocks. This agrees with the work 

reported here, when assessing the operation of a commercial FCC unit, where the coke yield 

decreased when the co-processing level was high. By further normalizing the other variables, by 

using a combination of regression and bootstrap, the coefficients for the bio feed and fossil 

feed could be determined, further indicating the lower coke yield generated after adding the 

biogenic feedstock.  

 

4.Conclusions 

Typically, when co-processing biogenic feedstocks at existing oil refineries some “green coke 

molecules” are produced, displacing fossil derived coke. During FCC co-processing, unlike the 

liquid streams where the flow can be directly metered, the coke yield has to be inferred from 

the air blower and the flue gas derived from the FCC regenerator. When a year’s worth of 

commercial-scale FCC co-processing data (hourly data) was assessed it was apparent that, at 

low co-processing ratios, the coke yield changes were not significant when compared to 100% 

petroleum processing. However, after normalizing other critical factors via multiple linear 

regression, the coke generating coefficients of the fossil and bio feed could be determined. 

When a bootstrap method and Bayesian ridge regression were also incorporated, it was 

apparent that, when co-processing biogenic feedstocks, less coke was generated. It also 

provided a reproducible way to quantify the amount of green coke produced when co-

processing biogenic feedstocks at the FCC.  



Acknowledgments 

Jianping Su thanks MITACS for financial support.  

References 

1. IEA. Net Zero by 2050 A Roadmap for the Global Energy Sector. 2021.  

2. CARB. LCFS Basics [Internet]. [cited 2021 Jul 22]. Available from: 

https://ww2.arb.ca.gov/sites/default/files/2020-09/basics-notes.pdf 

3. Ebadian M, van Dyk S, McMillan JD, Saddler J. Biofuels policies that have encouraged their 

production and use: An international perspective. Energy Policy. Elsevier Ltd; 2020;147:111906.  

4. Yeh S, Sperling D. Low carbon fuel standards: Implementation scenarios and challenges. 

Energy Policy [Internet]. Elsevier; 2010;38:6955–65. Available from: 

http://dx.doi.org/10.1016/j.enpol.2010.07.012 

5. Scott W. Low carbon fuels standards in Canada. 2017;  

6. Lade GE, Lin Lawell CYC. The design and economics of low carbon fuel standards. Research in 

Transportation Economics [Internet]. Elsevier Ltd; 2015;52:91–9. Available from: 

http://dx.doi.org/10.1016/j.retrec.2015.10.009 

7. Witcover, Julie; Murphy C. Transportation Fundamentals : The Low Carbon Fuel Standard. 

2019;  

8. Renewable diesel’s rising tide [Internet]. Available from: 

http://www.biodieselmagazine.com/articles/2517318/renewable-diesels-rising-tide 

9. Neste Corporation. Neste Renewable Diesel Handbook. Neste. 2015;1–33.  



10. van Dyk S, Su J, Mcmillan JD, Saddler JJ. Potential synergies of drop-in biofuel production 

with further co-processing at oil refineries. Biofuels, Bioproducts and Biorefining [Internet]. 

John Wiley & Sons, Ltd; 2019 [cited 2019 Mar 29]; Available from: 

http://doi.wiley.com/10.1002/bbb.1974 

11. Rasmussen H. Renewable Diesel and Jet Fuels. 2017. p. 1133–41.  

12. Kalnes TN, Mccall MM, Shonnard DR. Renewable diesel and jet-fuel production from fats 

and oils. RSC Energy and Environment Series. 2010;2010:468–95.  

13. Holmgren J, Marinangeli R, Marker T, McCall M, Petri J, Czernik S, et al. Opportunities for 

Biorenewables. Hydrocarbon Engineering [Internet]. 2007;12:75–82. Available from: 

https://www.uop.com/wp-content/uploads/2012/12/UOP-Opportunities-for-Renewables-in-

Petroleum-Refineries-Tech-Paper.pdf 

14. Melero JA, Iglesias J, Garcia A. Biomass as renewable feedstock in standard refinery units. 

Feasibility, opportunities and challenges. Energy & Environmental Science. 2012;5:7393.  

15. Huber GW, Corma A. Synergies between bio- and oil refineries for the production of fuels 

from biomass. Angewandte Chemie - International Edition. 2007;46:7184–201.  

16. Su J, Cao L, Lee G, Tyler J, Ringsred A, Rensing M, et al. Challenges in determining the 

renewable content of the final fuels after co-processing biogenic feedstocks in the fluid catalytic 

cracker (FCC) of a commercial oil refinery. Fuel. 2021;294:1–25.  

17. van Dyk S, Su J, McMillan JD, Saddler JN. Drop-in BIOFUELS: The key role that co-processing 

will play in its production. IEA Bioenergy. 2019.  

18. Talmadge M, Kinchin C, Li Chum H, de Rezende Pinho A, Biddy M, de Almeida MBB, et al. 

Techno-economic analysis for co-processing fast pyrolysis liquid with vacuum gasoil in FCC units 



for second-generation biofuel production. Fuel [Internet]. Elsevier Ltd; 2021;293:119960. 

Available from: https://doi.org/10.1016/j.fuel.2020.119960 

19. Karatzos S, McMillan JD, Saddler JN. The Potential and Challenges of Drop-in Biofuels The 

Potential and Challenges of Drop-in Biofuels. IEA Bioenergy Task Force. 2014.  

20. Talmadge MS, Baldwin RM, Biddy MJ, McCormick RL, Beckham GT, Ferguson GA, et al. A 

perspective on oxygenated species in the refinery integration of pyrolysis oil. Green Chem 

[Internet]. 2014;16:407–53. Available from: http://xlink.rsc.org/?DOI=C3GC41951G 

21. Elliott D, Olarte M v, Hart TR. Pilot-Scale Biorefinery: Sustainable Transport Fuels from 

Biomass and Algal Residues via Integrated Pyrolysis, Catalytic Hydroconversion and Co-

processing with Vacuum Gas Oil [Internet]. 2016. Available from: 

http://cordis.europa.eu/docs/results/280/280983/final1-final-public-report-for-shyman-

publishable.pdf 

22. Pinho ADR, de Almeida MBB, Mendes FL, Ximenes VL, Casavechia LC. Co-processing raw bio-

oil and gasoil in an FCC Unit. Fuel Processing Technology [Internet]. Elsevier B.V.; 

2015;131:159–66. Available from: http://dx.doi.org/10.1016/j.fuproc.2014.11.008 

23. Pinho A de R, de Almeida MBB, Mendes FL, Casavechia LC, Talmadge MS, Kinchin CM, et al. 

Fast pyrolysis oil from pinewood chips co-processing with vacuum gas oil in an FCC unit for 

second generation fuel production. Fuel [Internet]. The Authors; 2017;188:462–73. Available 

from: http://dx.doi.org/10.1016/j.fuel.2016.10.032 

24. Sadeghbeigi R. Fluid catalytic cracking handbook: An expert guide to the practical operation, 

design, and optimization of FCC units. Elsevier; 2012.  



25. Vogt ETC, Weckhuysen BM. Fluid catalytic cracking: recent developments on the grand old 

lady of zeolite catalysis. Chem Soc Rev [Internet]. Royal Society of Chemistry; 2015;44:7342–70. 

Available from: http://xlink.rsc.org/?DOI=C5CS00376H 

26. Corma A, Sauvanaud L. FCC testing at bench scale: New units, new processes, new feeds. 

Catalysis Today [Internet]. Elsevier B.V.; 2013;218–219:107–14. Available from: 

http://dx.doi.org/10.1016/j.cattod.2013.03.038 

27. Güleç F, Meredith W, Snape CE. Progress in the CO2 Capture Technologies for Fluid Catalytic 

Cracking (FCC) Units—A Review. Frontiers in Energy Research. Frontiers Media S.A.; 2020;8.  

28. Fogassy G, Thegarid N, Toussaint G, van Veen AC, Schuurman Y, Mirodatos C. Biomass 

derived feedstock co-processing with vacuum gas oil for second-generation fuel production in 

FCC units. Applied Catalysis B: Environmental [Internet]. Elsevier B.V.; 2010;96:476–85. 

Available from: http://dx.doi.org/10.1016/j.apcatb.2010.03.008 

29. Gueudré L, Thegarid N, Burel L, Jouguet B, Meunier F, Schuurman Y, et al. Coke chemistry 

under vacuum gasoil/bio-oil FCC co-processing conditions. Catalysis Today [Internet]. Elsevier 

B.V.; 2015;257:200–12. Available from: http://dx.doi.org/10.1016/j.cattod.2014.09.001 

30. Melero JA, Clavero MM, Calleja G, García A, Miravalles R, Galindo T. Production of biofuels 

via the catalytic cracking of mixtures of crude vegetable oils and nonedible animal fats with 

vacuum gas oil. Energy and Fuels. 2010;24:707–17.  

31. Bryden K, Weatherbee G, Habib ET. Flexible Pilot Plant Technology for Evaluation of 

Unconventional Feedstocks and Processes. Grace Catalysts Technologies [Internet]. 2013;32–

60.  



32. TIBCO Products | TIBCO Software [Internet]. [cited 2021 Jul 23]. Available from: 

https://www.tibco.com/products 

33. Data Analysis Software | Statistical Software Package | Minitab [Internet]. [cited 2021 Jul 

23]. Available from: https://www.minitab.com/en-us/products/minitab/ 

34. What Are T Values and P Values in Statistics? [Internet]. [cited 2021 Jul 23]. Available from: 

https://blog.minitab.com/en/statistics-and-quality-data-analysis/what-are-t-values-and-p-

values-in-statistics 

35. What in the World Is a VIF? [Internet]. [cited 2021 Jul 23]. Available from: 

https://blog.minitab.com/en/starting-out-with-statistical-software/what-in-the-world-is-a-vif 

36. James, G., Witten, D., Hastie, T., Tibshirani R. An Introduction to Statistical Learning - with 

Applications in R | Gareth James | Springer [Internet]. 2013. Available from: 

https://www.springer.com/gp/book/9781461471370%7B%5C%25%7D0Ahttp://www.springer.

com/us/book/9781461471370 

37. Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O, et al. Scikit-learn: 

Machine Learning in Python. Journal of Machine Learning Research [Internet]. 2011;12:2825–

30. Available from: http://jmlr.org/papers/v12/pedregosa11a.html 

38. Assistant M, Paper W. One-Way ANOVA.  

39. Wear CC. Coke selectivity fundamentals. Catalagram. 2009;3–9.  

40. Ng SH, Al-Sabawi M, Wang J, Ling H, Zheng Y, Wei Q, et al. FCC coprocessing oil sands heavy 

gas oil and canola oil. 1. Yield structure. Fuel. 2015;156:163–76.  

41. Fogassy G, Thegarid N, Schuurman Y, Mirodatos C. From biomass to bio-gasoline by FCC co-

processing: effect of feed composition and catalyst structure on product quality. Energy & 



Environmental Science [Internet]. 2011;4:5068. Available from: 

http://xlink.rsc.org/?DOI=c1ee02012a 

 


	Highlights
	Abstract
	Keywords
	1.Introduction
	2.Materials and Methods
	2.1 Data resource
	2.2 Heat balance and feature selection
	2.3 Multiple linear regression based on least squares
	2.4 Bootstrap method
	2.5 Bayesian ridge regression
	2.6 Statistical analysis

	3.Results and discussions
	3.1 FCC heat balance and feature selections
	3.2 Statistical analysis – did co-processing biogenic feedstocks generate more coke?
	3.3 Regression analysis

	4.Conclusions
	Acknowledgments
	References

