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Abstract 

Refineries often blend fuels in order to achieve mandated fuel properties based on international 

and domestic standards. One of the mandated properties for gasoline is Octane Number (ON). 

There are two forms of measuring ON: Research Octane Number (RON) and Motor Octane 

Number (MON). Although there have been efforts to optimize the blending operation in refineries, 

the implementations of advanced machine learning models are limited. The intention behind 

exploring and enhancing this field is to avoid undesirable scenarios, such as off-specification 

products and quality giveaways, as these scenarios overburden refineries’ operational 



expenditures. The current work presents an innovative approach to predict the optimum fuel 

blending mechanism. This is accomplished through utilizing an integrated system composed of 

genetic algorithms (GA) and artificial neural networks (ANN). In addition, this work presents the 

polygonal algorithms that govern the optimization process. The system analyzes fuel inputs 

consisting of pure hydrocarbons, hydrocarbon−ethanol blends, and FACE (fuels for advanced 

combustion engines) gasoline−ethanol blends. There are ten pure hydrocarbons and six FACE 

gasoline’s that are the base of 243 fuels used. These components are presented as multiple input 

streams to the blending stage, at which the system computes multiple recipes utilizing the GA. The 

system derives these recipes capitalizing on the polygonal method. This method offers a systematic 

approach to design optimal fuel with the lowest addition of relatively high octane components. 

The system was evaluated using 243 blends. The produced recipes were designed to meet the 

desired anti-knocking index (AKI). The coefficient of determination (R2) results is 0.99 for RON, 

MON, and AKI, respectively. Furthermore, the mean absolute error (MAE) values are 1.99, 1.23, 

and 1.40 for RON, MON, and AKI, respectively. These results signify the success of the integrated 

system and its significant potential impact in mitigating undesirable blending scenarios. 

Keywords:  gasoline blending; octane number; RON; MON; ANN; genetic algorithms 

1. Introduction  

Globally there are over 600 petroleum refineries1 which process more than 100,000 million 

barrels of crude oil per day2. Crude oil is fractionated to produce different fuels such as naphtha, 

gasoline, diesel, and other valuable products3. The most significant petroleum-derived product is 

gasoline and 44% of the crude oil barrel is converted to it4. In addition, gasoline importance is 

driven by the fact that it gives 60-70% of the refinery’s profit5. Gasoline is considered volatile and 

flammable. Therefore, its properties have been exploited in internal combustion engines. These 

engines are primarily used in the transportation6 sector which consumes 66% of the fuel produced 

by refineries. 95% of gasoline production is allocated to the transportation sector, thereby covering 

65% of its demand4.  

The process of gasoline production in a refinery includes a stage where various streams are 

mixed. Due to their nature, these streams contain properties that are either superior or inferior 

compared to each other and to the desired target property. The properties of the final blended 

products vary based on market location, requirements, regulations, and season7. Hence, the 



importance of feedstock blending cannot be overstated. Therefore, the industry is targeting to 

produce fuels that meet the specifications at the lowest operational cost. 

Octane number (ON) is a representation of the antiknock properties of gasoline which is its 

ability to resist auto-ignition in the combustion chamber7. There are two standard measurements 

for the ON; motor octane number (MON), which simulates the driving conditions on the highway, 

and research octane number (RON), which simulates the driving conditions in the city8,9. The test 

is determined using a cooperative fuels research (CFR) engine, which requires a significant capital 

investment and skilled technicians10. The test for MON is conducted under higher engine speed 

and intake temperature. The change in the parameters affect the knocking resistance behavior, 

where it is observed that RON is usually higher than MON by 6-127,11. Reasoning from the test 

methodology, essential equipment cost, and labor expertise has led researchers to develop 

mathematical models to predict the ON. These studies aided in accelerating the process of 

identifying fuel properties. 

Historically, the predictions of octane rating started by developing linear correlations, such as 

multiple linear regression (MLR)12. These composition-based correlations were not accurate as the 

relationship between ON, and fuel composition is usually nonlinear. Afterward, the models were 

extended to be nonlinear, in which one study attained 95% of the predicted values to be within a 

±1 RON. An example of a nonlinear statistical model is partial least-squares (PLS)13. Other 

techniques like quantitative structure-property relationships (QSPR) were also used to predict 

octane rating, which resulted in a 0.932 correlation14. Response surface methodology is another 

method that has also been employed15. Later, machine learning was introduced; specifically, ANN 

was utilized to predict octane rating16-18. Researchers utilized these techniques to develop 

correlations that predicted ON for pure hydrocarbons14,17,19,20, primary reference fuel (PRF)21,22, 

toluene primary reference fuel (TPRF)15,22-24, gasoline18,25-32, and gasoline blended with 

ethanol12,33-36. The inputs used for prediction purposes were generated using multiple analytical 

techniques such as nuclear magnetic resonance (NMR) spectroscopy12,37, dielectric 

spectroscopy14, and distillation curves25. 

1.1. Gasoline Blending 

The streams used to produce gasoline are effluents from hydrocarbon distillation unit, fluid 

catalytic cracking unit, catalytic reforming unit, isomerization unit, and alkylation unit38. In 



addition, there are additives utilized to improve fuel ON, such as ethanol7. In the blending stage, 

there are two undesirable scenarios that refineries try to avoid, the off-spec blend and the quality 

giveaway. First, the off-spec blend signifies that there is a failure in meeting the required 

specifications. The second scenario is the quality giveaway, which is caused by over-fulfilling the 

product specification38. As a result, the refinery is mandated to re-blend, which costs time and 

money. The impact of these scenarios on the operational cost is significant. Consequently, the 

importance of efficient blending is substantial. Thus, engineers and scientists developed models 

aimed to predict the blending fuel properties. 

The software market deployed several programs to provide the optimal blending recipe, 

such as Blend Ratio Control (BRC) and the Refinery and Petrochemical Modeling System (RPMS) 

of Honeywell International Inc., Aspen Process Industry Modeling System (Aspen PIMS) of 

Aspen Technology Inc. and Blend Optimization and Supervisory System (BOSS) of Invensys 

plc39. Until now, the industry relies on empirical linear programming (LP) correlations that are 

heavily dependent on the engineering experience40. However, researchers have designed models 

to predict the blended fuel properties and blending characteristics7,39-53 and these models recognize 

the nonlinearity of the fuel blending mechanism. There are five common methods in the literature; 

they are as follows: Linear method46; Ethyl method47; Stewart method48; Zahed method49; and Twu 

method50. The linear approach is the sum of the multiplication of each component’s octane number 

to its volumetric fraction (𝑣𝑖), as shown in Equation 1. 

 𝑂𝑁𝐵𝑙𝑒𝑛𝑑 =  ∑ 𝑣𝑖𝑂𝑁𝑖

𝑛

𝑖=1

 (1) 

As for the Ethyl method, it utilizes olefin and aromatic content of fuel components and fuel 

sensitivity (RON – MON) to model the nonlinearity of gasoline blending. presented in Equations 

2 and 3.  
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100
)
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(3) 

Where r is RON, m is MON, s is sensitivity, O and A stand for olefins and aromatics volume 

percentages, and the ‘a values’ are correlation coefficients. Another similar method is the Stewart 

method, where it expresses the nonlinearity through the olefin contents, as shown in Equations 4-

6.  

 
𝑅𝑂𝑁𝑏𝑙𝑒𝑛𝑑 =

∑ 𝑉𝑖
𝑛
𝑖=1 𝐷𝑖[𝑅𝑂𝑁𝑖 + 𝑐(𝑂𝑖 − 𝑂𝑏𝑙𝑒𝑛𝑑)]

∑ 𝑉𝑖
𝑛
𝑖=1 𝐷𝑖

 
(4) 

 
𝑀𝑂𝑁𝑏𝑙𝑒𝑛𝑑 =

∑ 𝑉𝑖
𝑛
𝑖=1 𝐷𝑖[𝑀𝑂𝑁𝑖 + 𝑐(𝑂𝑖 − 𝑂𝑏𝑙𝑒𝑛𝑑)]

∑ 𝑉𝑖
𝑛
𝑖=1 𝐷𝑖

 
(5) 

 𝐷𝑖 =
𝑎(𝑂𝑖 − 𝑂𝑏𝑙𝑒𝑛𝑑)

1 − exp [𝑎(𝑂𝑖 − 𝑂𝑏𝑙𝑒𝑛𝑑)]̃
  (6) 

Where Vi is the component volume, and O is the olefin percentage in the blend. c and a are 

constants that were determined. For RON, the values of c and a are 0.13 and 0.01414, respectively. 

For MON, the values are 0.097 and 0.01994 for c and a, respectively. Zahed method is a 

polynomial model that includes several constants determined by regression analysis to predict the 

RON of five components’ mixtures, as presented in Equation 7.  

 𝑅𝑂𝑁𝐵𝑙𝑒𝑛𝑑 =  𝐴0 + ∑ 𝐴𝑖(𝑉𝑖 𝑅𝑂𝑁𝑖)
𝑛

𝑁

𝑖=1

 (7) 

Where N is the number of components, A0, Ai, and n are constants, and Vi is component i volume 

fraction. Twu method is similar to the Ethyl method. However, as shown in Equations 8 and 9, it 

has the advantage of developing the correlation using only three binary interaction parameters.  



 𝑂𝑁𝐵𝑙𝑒𝑛𝑑 =  ∑ ∑ 𝑥𝑖𝑥𝑗𝑂𝑁𝑖𝑗

𝑗𝑖

 (8) 

 𝑂𝑁𝑖𝑗 =
1

2
(𝑂𝑁𝑖 + 𝑂𝑁𝑗)(1 − 𝑘𝑖𝑗) (9) 

Where xi and xj are the volume fraction of the component and kij is the binary interaction. 

Additionally, a blending octane number (BON) method is employed, where a linear correlation is 

used based on the components' volumetric contribution. However, the nonlinearity of blending is 

accounted for by employing BONs instead of RON and MON. These numbers, although 

determined using regression analysis, are based on the engineer's experience51.  

As noticed from Equations 1-9, these equations have evolved over the years to describe the fuel 

interactions once blended and this is one of the reasons for the complexity of the nonlinear 

equations. Another example is presented in Equation 10 which is a second order equation and 

consists of three terms for two blended componentns.52. This model has an inherited application 

limitation in it, where the number of binary interaction parameters increases drastically with the 

increase of components. Therefore, the models evolved through the years to incorporate the 

complexity of component interactions as presented in Equation 11, which was developed in 201941. 

 𝑜𝑐𝑡𝑎𝑛𝑒 𝑟𝑎𝑡𝑖𝑛𝑔 = 𝑥1𝑎1 + 𝑥2𝑎2 + 𝑏12𝑥1𝑥2 (10) 

Where ai is octane number and xi is the volume fraction of component i. b12 is interaction of 

component 1 and 2. 

 

 

𝑜𝑐𝑡𝑎𝑛𝑒 𝑟𝑎𝑡𝑖𝑛𝑔 =  𝑎0 + 𝑎1𝑋1 + 𝑎2𝑋2 + 𝑎3𝑋3 + 𝑎4𝑋4 + 𝑎12𝑋1𝑋2 + 𝑎13𝑋1𝑋3 + 𝑎14𝑋1𝑋4

+ 𝑎23𝑋2𝑋3 + 𝑎24𝑋2𝑋4 + 𝑎34𝑋3𝑋4 + 𝑎111
2 + 𝑎222

2 + 𝑎33𝑍3
2 + 𝑎44𝑍4

2 
(11) 

Where Xi is the mass ratio of component i, ai is octane number, and Zi is a coefficient. Eventually, 

machine learning models were introduced to advance the models’ prediction capabilities. In 2004, 

an ANN model was designed to utilize volumetric concentrations and specific properties of five 

gasoline components. The model resulted in a standard deviation error of less than 0.8 

RON/MON53. Another ANN model was presented with improved accuracy as its Root Mean 

Squared Error of Prediction (RMSEP) is less than 0.2 RON41. The model utilized volumetric 

concentrations of the most employed refinery streams with their RON as an input to the model. 



Moreover, there were multiple attempts to fashion a model that utilized different features to predict 

the blending composition. However, the proposed models were created utilizing a relatively 

narrow interval of gasoline components. Thus, the models’ deployment is limited as their 

extrapolation capabilities are uncertain. 

1.2. Objective of This Study 

The present research addresses the complications of predicting the optimum fuel 

composition to achieve the mandated fuel properties. Two properties are addressed namely: RON 

and MON. This work approaches this dilemma by developing an integrated system consisting of 

GA and ANN. The function of a GA model is to generate a pool of mixtures based on the inlet 

streams. Then, these mixtures are consolidated and directed as input data to the ANN model, which 

predicts their fuel properties. This process is conducted in batch form. A selective number of 

mixtures that yield the least error are utilized to produce the succeeding generation out of each 

batch. This loop presents the optimum feedstock mixing parameters that achieve the desired fuel 

properties (i.e., RON and MON). The loop is governed by a designed method named the polygonal 

method. The polygonal method ensures that out of the theoretically unlimited possible solutions, 

the presented recipe is the most optimum with respect to the refinery preferences and constraints. 

Finally, the integrated system has the advantage of designing fuel recipes that meet more than one 

desired fuel characteristic. In this study, the fuels are designed to meet both RON and MON 

simultaneously, which was a source of limitation in the aforementioned studies as each designed 

model was focused on one property. 

2. Computational Methodology 

2.1. The Integrated System Development Methodology  

The optimization of the blending process is complicated due to multiple factors such as the 

nonlinearity of the relationship between fuel’s chemical composition and its properties. The 

integrated system developed in this study addresses the optimization utilizing two algorithms 

operating simultaneously. The system consists of GA and ANN. The process flowchart in Figure 

1 illustrates the process and function of the integrated system. Moreover, realizing the fact that 

theoretically there are unlimited recipes to produce the same octane number, a systematic method 

was fashioned to govern this process. The polygonal method aims to design fuel with the lowest 

utilization of high octane components. Although practically the constraints are different and they 



vary from a refinery to another, the polygonal method can be customized to suit each refinery's 

operational requirements and limitations. The system assigns a weighing score to each component 

using the polygonal algorithms. These scores define the ranges used by the GA to generate recipes 

at varying compositions.  

The input variables to the integrated system are the streams volumetric percent’s, which 

are entered by the user or an online operating plant information system. The volumetric percent of 

each blend is replaced with the component name. This step eliminates the source of impaired 

decision-making made by the system. Also, it informs the system of the various components and 

their desired fuel properties (RON and MON). These data are used to generate a pool of mixtures 

in GA, which are considered the potential blending scheme. Each blend is independently dealt 

with during this process. Next, these mixtures are converted to features readable by the ANN 

model. The ANN prediction model employed here was developed by Abdul Jameel et al.16 to 

predict both RON and MON from the knowledge of the fuel’s functional groups. Petroleum 

gasoline is composed of paraffin, olefins, naphthene, and aromatic compounds that can be 

disassembled into a finite number of functional groups which define the fuel's properties. The 

functional groups in fuel have been used to predict the cetane number of diesel fuel, the sooting 

propensity of a wide class of neat compounds, and also to formulate surrogates for gasoline, diesel, 

and jet fuels54-59. Along with functional groups, two additional structural parameters called 

branching index (BI), and molecular weight (MW) were included as input features in the ANN 

model. After each generated mixture is converted into the input features (i.e., functional groups, 

BI and MW), the ANN model predicts the RON and MON of each. Then, these data are cross-

checked with the desired RON and MON. If none of the generated mixtures meet the targeted 

values, then the highest performers of the blend pool are selected to produce an alternative evolved 

generation presenting superior performance. This looping process of validation and mixture 

generation is designed to self-terminate after achieving the targeted fuel properties. Finally, the 

best-performing fuel blend that matches the desired property is presented to the end-user or an 

integrated plant operation system to aid in deciding the gasoline streams' weights in the blending 

stage. 

The approach to assess the system’s recipes is based on evaluating the predicted 

composition values, provided it achieved the sought-after property. The system was tested against 

243 fuel blends. The dataset consists of 144 blends that were utilized for training the ANN model. 



However, the model is familiar with the mixtures’ functional groups, BI and MW, which means it 

was not exposed to their compositions. Therefore, it is deduced that the model will not 

predetermine the properties of these mixtures as it has not been trained to recognize volume 

fractions. However, to eradicate the postulated notion that through the produced generations, the 

system converges to the features’ values of the trained model, and to eliminate this assumed 

advantage, 99 blends were added that were not part of the model training sets. Thus, this set offers 

an insight into how the model behaves with unfamiliar proposed features.  

2.2. Genetic Algorithms (GA) 

Computational intelligence (CI) is a nature-inspired set of methodologies. It is used in 

scenarios where the problem cannot be translated into a binary language (0 and 1). CI is an 

evolving field; hence, it encompasses many computing paradigms. However, the main pillars for 

CI are fuzzy systems, neural networks, and evolutionary computation. The latter algorithm is 

inspired by biological evolution. Evolutionary computation consists of algorithms that are intended 

for global optimization. The algorithmic process followed here is like natural selection. First, an 

initial population is generated, and its fitness is tested. Then, the population is iteratively updated, 

eliminating the least performer and preserving the top performers. The new population is subjected 

to two forces, mutation or crossover. This natural selection and transformation gradually evolve 

and enhance the fitness of the population. There are several techniques in this subfield and the one 

utilized in this work is GA. 

In GA, there are two main requirements, genetic representation and fitness function.  For 

the genetic representation in this work, it is considered as the gasoline blended. As for the fitness 

function, it is the difference between the desired anti-knocking index (AKI) and the predicted, as 

shown in Equation 12.  

 𝑓𝑖𝑡𝑛𝑒𝑠𝑠 = 𝐴𝐾𝐼𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 − 𝐴𝐾𝐼𝑑𝑒𝑠𝑖𝑟𝑒𝑑 (12) 

 
𝐴𝐾𝐼 =

𝑅𝑂𝑁 + 𝑀𝑂𝑁

2
  

(13) 

The purpose of GA is to generate volumetric weights (genes) for the blend's components 

(chromosomes). There were several approaches that attempted to examine their capability in 

predicting fuel compositions. At first, the system was designed to generate random genes between 



0 and 100 with the summation of a 100. This approach proves the system's capability to produce 

blends that satisfy the fuel properties desired. However, since theoretically, there are unlimited 

numbers of blends that give the same desired property, this raises an advantage and a disadvantage 

simultaneously. The advantage is that this offers refineries the liberty to utilize specially designed 

constraints to select the blend that suits their operation. On the other hand, its disadvantage lies in 

the impracticality of verifying each generated blend utilizing laboratory equipment. Nonetheless, 

the confidence in the system is demonstrated through its capability to converge to the original 

values when the code was modified to generate these blends. However, to present an optimized 

methodology, an innovative method has been fashioned to govern the selection process and the 

population evolvement, which is named the polygonal method. 

2.3. The Polygonal Method  

This method is named the polygonal method due to how the shapes of the ranges are 

represented on a funnel plot and how it deforms with each generation. The philosophy of the 

polygonal method is to equip the system with the capabilities to understand how to unevenly 

distribute the weights to design fuel with the finest fitness and lowest cost. The systems actively 

comprehend the component's influence on the fuel blend and selectively alter the compositions' 

weight utilizing an adaptive learning method. Hence, the system advances towards optimally 

designed fuel.  

The polygonal method distributes the volumetric weight based on the component AKI. The 

distribution utilizes a scoring system. At first, the system recognizes the components and 

ascendingly ranks them based on their AKI. Then, it uses Equation 14 to assign a score to each 

component.  

 𝑠𝑐𝑜𝑟𝑒𝐶𝑥
=

100 − ∑ 𝑠𝑐𝑜𝑟𝑒𝐶(𝑥−𝑖)

𝑥
𝑖=1

𝑛2
∗ ∑(𝑛 − 𝑖)

𝑛

𝑖=0

       𝑥 = 1, 2, 3, … 𝑛 & 𝑠𝑐𝑜𝑟𝑒𝐶0
= 0 (14) 

where C is the component and n is the number of components. Since the scores generated from 

this equation does not result in 100, which is crucial, so the predicted composition summation will 

be 100 always and the residual is distributed on the scores utilizing Equations 16 and 17.  

                                            𝑠𝑐𝑜𝑟𝑒𝑠 = [𝑠𝑐𝑜𝑟𝑒𝐶1
, 𝑠𝑐𝑜𝑟𝑒𝐶2

, . . , 𝑠𝑐𝑜𝑟𝑒𝐶𝑛
]                                (15) 



 𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 = 100 − 𝑠𝑢𝑚(𝑠𝑐𝑜𝑟𝑒𝑠) (16) 

 𝑠𝑐𝑜𝑟𝑒𝐶𝑥
= 𝑠𝑐𝑜𝑟𝑒𝐶𝑥

+
𝑠𝑐𝑜𝑟𝑒𝐶𝑥

100
∗ 𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 (17) 

In the system, this is incorporated as a loop that will stop once the residual is less than 1. Then, the 

scores are assigned disproportionally to the AKI, meaning the highest scores go to the lowest AKI 

component. After that, these scores are used to generate ranges with the margins presented in Table 

1. 

      Table 1. Scoring marginal ranges 

Score Margin 

score ≥ 50 

50 > score > 20 

20 ≥ score  

25% 

50% 

75% 

These ranges are used as limits for the randomly generated volumetric weights to the 

corresponding component. These generated blends are appended to form a population. Then, the 

generated blends’ performance is tested in the ANN model. In the case that this generation has not 

produced a blend that meets the desired fuel property, they are then aligned based on performance, 

and two-third of this generation is annihilated. The remaining population is ordered in an ascending 

manner based on the fitness level, where the fittest blend is presented first. This process is 

performed, so the system learns which composition to boost or reduce its score by examining its 

proximity to its corresponding marginal limits. The system changes the score if 50% of the best 

recipes are within 10% of the limits' vicinity. Fittingly, the system utilizes the adaptive learning 

rate method to determine the new score of each component, as shown in Equations 18 and 19. If 

the results are in the vicinity of the upper range then, Equation 18 is used and results in the lower 

range Equation 19 is applied. 

 𝑛𝑒𝑤 𝑠𝑐𝑜𝑟𝑒𝐶𝑥
= 𝑜𝑙𝑑 𝑠𝑐𝑜𝑟𝑒𝐶𝑥

∗ (1 +
𝑓𝑖𝑡𝑛𝑒𝑠𝑠

2 ∗ 𝑑𝑒𝑠𝑖𝑟𝑒𝑑 𝑂𝑁
)  (18) 

 𝑛𝑒𝑤 𝑠𝑐𝑜𝑟𝑒𝐶𝑥
= 𝑜𝑙𝑑 𝑠𝑐𝑜𝑟𝑒𝐶𝑥

∗ (1 −
𝑓𝑖𝑡𝑛𝑒𝑠𝑠

2 ∗ 𝑑𝑒𝑠𝑖𝑟𝑒𝑑 𝑂𝑁
)  (19) 



The score summation must be 100; thus, each point added to a composition, a point is deducted 

from another. Since it is impossible for all compositions to be close to the limits at the same time, 

the system recognizes the composition that is out of the vicinity range and deducts/increases their 

score based on the variance resulting from Equation 20 after scores alteration.  

 𝑣𝑎𝑟 = 100 − 𝑠𝑢𝑚(𝑠𝑐𝑜𝑟𝑒𝑠) (20) 

The neutral composition holds the burden of the variance in the scores with the same scoring 

distribution in Equations 21 and 22.  

 𝑣𝑎𝑟𝐶𝑥
=

100 −  ∑ 𝑣𝑎𝑟𝐶(𝑥−𝑖)

𝑥
𝑖=1

𝑛2
∗ ∑(𝑛 − 𝑖)

𝑛

𝑖=0

       𝑥 = 1, 2, 3, … 𝑛 & 𝑣𝑎𝑟𝐶0
= 0  (21) 

𝑤ℎ𝑒𝑟𝑒 𝐶 𝑖𝑠 𝑡ℎ𝑒 𝑛𝑒𝑢𝑡𝑟𝑎𝑙 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡 𝑎𝑛𝑑 𝑛 𝑖𝑠 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑛𝑒𝑢𝑡𝑟𝑎𝑙 𝑐𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡𝑠  

 𝑠𝑐𝑜𝑟𝑒𝐶𝑥
=  𝑠𝑐𝑜𝑟𝑒𝐶𝑥

+
𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 ∗ 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒𝐶𝑥

100
   (22) 

The system repeats the process of creating the margins, generating blends, and testing them. 

Accordingly, during this process, the system dynamically alters the scores until the fitness is within 

a tolerable level of ±0.01 or it reaches a maximum generation of 300. An illustration graph for the 

polygonal method is presented in Figure 2, where TPRF 1 scoring across generation is shown. 

Also, embedded within the graph, the evolvement of the best blended output across the 

generations. As observed, the blending output behavior follows the scoring behavior.  

2.4. Artificial Neural Network  

ANNs can comprehend and describe complex relationships between input, known as 

features, and output, known as targets. The ANN model is constructed of layers that contain nodes. 

The first layer is the input layer, where its nodes represent the input features of the model. The 

layers between the input and the output are known as the hidden layers. The last layer is the output 

layer which presents the targeted value (RON and MON). The building of a proper ANN model 

goes through trial and testing multiple model architectures. The model incorporated in the system 

has been developed as part of previous research to predict RON and MON16. The regression 

coefficient of the ANN model obtained when tested against unseen 57 validation fuels was 0.99, 



which indicates high accuracy of prediction16. The ANN model was constructed to predict RON 

and MON using nine features consisting of seven functional groups, BI and MW. The functional 

groups are paraffinic CH3 groups, paraffinic CH2 groups, paraffinic CH groups, olefinic CH=CH2 

groups, naphthenic CH-CH2 groups, aromatic C-CH, and ethanolic OH groups. The developed 

model has two hidden layers and a high number of nodes. The RON model architecture for RON 

is 9-540-314-1, and for MON, it is 9-340-603-1. These architectures resulted in the highest 

accuracy16.  

3. Results and Discussion  

The purpose of this study is to utilize computational intelligence in alliance with machine 

learning algorithms to predict the optimum fuel compositions given a set of streams and a desired 

RON/MON. This section describes the dataset statistically, elaborating components' influence on 

fuel properties. Then, it presents an in-depth analysis of the results of the system and how fuel was 

designed using the polygonal method.  

3.1. Dataset Statistical Description  

The RON and MON data of fuels was collected from the literature21,22,33,35,60,61 and are 

presented in the Supplementary Material. The integrated system was evaluated by utilizing a set 

that consisted of 243 fuel blends. The dataset includes 46 blends of PRF (n-heptane and 2,2,4-

trimethylpentane) and ethanol (see Table S1), 99 TPRF (mixture of n-heptane, 2,2,4-

trimethylpentane and toluene) and ethanol blends (see Table S1), 36 binary fuel blends (see Table 

S2), 26 multicomponent fuel blends (see Table S3), 24 FACE gasoline-ethanol blends (see Table 

S4) and 12 FACE gasoline blends (see Table S5).  The set used in the ANN model consists of the 

fuel chemical composition, which is presented in the form of seven functional groups, BI and MW.  

The statistical tables describing the dataset are presented in the Supplementary Material. It 

is observed that the minimum RON and MON values are 11.3 and 11.9, respectively (See Table 

S6 and S7). The lowest value belongs to a binary mixture of n-pentane (50.4%) and n-nonane 

(49.6%). The low value is accounted to the presence of n-nonane, which has -18 and -20 as its 

RON and MON values, respectively62. ON is a representation of the knocking resistance, which is 

based on an arbitrary scale. The scale is constructed based on the behavior of PRF, which is a 

blend consisting of n-heptane and iso-octane (2,2,4-trimethylpentane). If the value is above 100, 

then it means that the fuel's knocking resistance is higher than iso-octane. On the other hand, if it 



is below zero, the fuel shows less knocking resistance behavior relative to n-heptane, as evidenced 

by n-nonane. Thus, the presence of n-nonane drove the fuel's ON down. Furthermore, it is observed 

that the lowest volumetric percent value is 0.04% for 1,2,4-trimethylbenzene (TMB), which 

belongs to the blend FACE I #2. On the other hand, the highest value is 91% for iso-octane in PRF 

91. 

The dataset correlations show that RON and MON's relation to the pure components is 

highly nonlinear, where the values ranged between -0.86 and 0.70 for RON and -0.89 to 0.62 for 

MON (See Table S8 and S9). The composition with the lowest correlation value is n-heptane, and 

the one with the highest value is TMB. Observing the data in the table, the FACEs are highly 

nonlinear with ON, with the range between -0.98 and -0.92 for RON and between -0.94 and -0.54 

for MON. Similarly, the FACEs relation to the oxygenating component (ethanol) is -1, which 

means there is no linear relationship. These analyses exhibited the high nonlinearity of the 

compositions and their corresponding octane rating.  

In Figure 3, n-heptane is plotted against RON and MON, where it is noticed that with 

higher percentages of n-heptane, the value of octane rating decreases. This behavior is a 

consequence of the low knocking resistance of n-heptane. On the other hand, iso-octane has a 

value of 100 for both RON and MON, which explains the tendency of many mixtures containing 

it to have RON and MON values on the higher side, as shown in Figure 3. Furthermore, toluene 

has 118 and 100.3 values for RON and MON, respectively. Therefore, it exhibits similar behavior 

as iso-octane, where most of its values are on the higher end of the octane number. In Figure 4, six 

components TMB, cyclopentane (CP), 1-hexene (HEX), n-pentane, iso-pentane, and n-nonane are 

plotted against RON and MON, respectively. TMB has 109.5 and 108 values for RON and MON, 

respectively. Thus, mixtures containing TMB tend to have an overall high value of octane number. 

Similarly, CP demonstrates similar behavior as TMB as its RON and MON are 100.1 and 

84.9, respectively. On the other hand, HEX has a lower RON and MON, 76.4 and 63.4, 

respectively. Thus, blends containing it inclines to be lower and within 60-90 for RON and MON. 

Likewise, n-pentane displays similar behavior as HEX as it has RON and MON equal to 61.7 and 

62.6, respectively. However, iso-pentane has a higher RON and MON of 92.3 and 90.3, 

respectively. Therefore, its contribution to mixtures boosts their RON and MON to a range of 60–

100. Uniquely, n-nonane is the only component in this dataset that has a negative octane number 



of -18 and -20 for RON and MON, respectively. Hence, its presence drives the octane number of 

mixtures down, as observed in Figure 5, where the blends containing it have an octane rating below 

40. 

Additionally, FACEs blended with ethanol are included in the set with a RON range of 79-

105.8 and MON ranging between 73.6 and 92.6. The FACEs in the set are boosted with ethanol. 

Therefore, the RON and MON values in Figure 5 are shown to be increasing as the ethanol 

concentration increases. Ethanol has been phased in the industry since 1975 as an octane booster. 

It was introduced as a replacement to lead due to the latter’s negative environmental impact. 

Hence, ethanol is an essential component of gasoline blending. Therefore, unfolding its 

complicated influence is crucial to comprehend the blending process. At this research, ethanol 

exists in 121 blends. Ethanol volume percent is plotted against RON and MON in Figure 5, 

respectively. As observed, the relationship between ethanol and ON is proportionally increasing 

as expected.  

3.2. Fuel Design Validation  

This section evaluates the system-produced blends and discusses the polygonal method's 

influence on the prediction of compositions.  

The system was designed to achieve the desired RON, MON, and AKI. It accomplished 

that with an R2 equal to 0.99 for all the properties, as shown in Table 2 and plotted in Figure 6. In 

addition, the mean absolute error (MAE) is 1.99, 1.23, and 1.40 for RON, MON, and AKI, 

respectively. Also, the root mean squared error (RMSE) is shown to be 2.45, 2.24, and 1.63 for 

RON, MON, and AKI, respectively. These results demonstrate the system’s capability to produce 

blends that meet the desired properties. Also, the addition of the polygonal algorithms enhances 

and governs the fuel design process to provide an optimal blend.  

Table 2. Error metrics 

 RON MON AKI 

R2 

MAE 

MPE 

RMSE 

0.9994 

1.99 

2.38 

2.45 

0.9992 

1.23 

1.68 

2.24 

0.9997 

1.40 

1.75 

1.63 



As shown in Figure 7, the generated n-heptane composition by the system is in close 

proximity to the measured values. Examining the results, the highest deviation between the 

proposed recipes and the measured values was at the blend binary #16, where the system generated 

composition of 46.5% and the measured value is 28%, yet its MON predicted is 68.47, which 

matches the measured of 68.4. For iso-octane, the points are scattered over the plot, which is a 

product of utilizing the polygonal method. The deviation resulted are traced to be sourced from 

the possibility that when pure hydrocarbons are blended, the produced fuel could have an ON 

higher than each of the components’ ON in the blend. Oxygenated PRF100 has a RON higher than 

ethanol. For example, PRF100-E40 is a blend that contains iso-octane (60%) and ethanol (40%). 

However, the system generated an output of 9% for iso-octane and 91% for ethanol. This blend 

has a RON equal to 110.3, higher than each of these two components taken individually. The 

system returned a RON of 108.33, which is close to ethanol’s RON value. Since the system 

generates a blend that gives one blend and measures its RON and MON, the latter value is 90.12, 

which is less than the measured of 95.9. The deviation in the MON values, although within the 

two components range, is influenced by the linked fuel properties in the form of AKI. Furthermore, 

the deviation can be a result of minimizing the presence of ethanol, such as in the oxygenated 

blends (e.g., TPRF91-15, TPRF91-30, and TPRF91-45), where the presence of ethanol is reduced 

at the expense of increasing toluene.  

TMB has a relatively high AKI, therefore its presence is minimized except for oxygenated 

blends. As observed in Figure 7, for MC and FACE, it varies depending on the presence of toluene. 

Toluene has a slightly higher AKI (109.15) compared to TMB (108.75). Therefore, for MC blends 

such as MC 11, MC 15, and MC 18, with the presence of toluene, the predicted TMB is higher 

than the measured. Furthermore, in MCs with no toluene, the predicted TMB is lower than the 

measured, where the rating is boosted using iso-octane, such as in MC 7, MC 9, MC 11, and MC 

16.   

CP has a high sensitivity (15.2), which affects the binary predicted compositions. The 

binaries are CP blended with ethanol, where ethanol presence is 10, 25, 40, and 60%. However, 

the generated blends are within the range of 17-20%. The lower presence of ethanol compared to 

the measured is attributed to the low difference between the blend's octane number and CP, where 

the system seeks to have the most CP and lowest ethanol blend, which means that a slight addition 

of ethanol is sufficient to achieve the desired properties. Furthermore, examining MC blends, it 



was noticed that without the presence of toluene, such as in MC 19-21, the predicted and measured 

values are close to each other. However, when toluene is added to the blend, iso-octane 

composition is increased at the expense of toluene and CP, which is a result of the scoring 

methodology; thus, its composition is higher. Another factor is the high sensitivity of the 

component, which presents a conundrum to the system since it deals with AKI as the predicted 

property. Unlike CP, the high sensitivity has not influenced the HEX predicted compositions since 

its RON and MON values are out of range of most blends RON and MON values. Thus, it does 

not offer the same conundrum to the system as CP.  

The plots presented in Figure 8 include n-pentane, iso-pentane, and n-nonane. n-Pentane 

predicted values are within the vicinity of the measured values. On the other hand, iso-pentane 

presented a challenge when blended with ethanol, as its RON (92.3) is lower than ethanol (108), 

unlike its MON (90.3), which is slightly higher. Therefore, for blends such as iso-pentane 20 and 

iso-pentane 40, the predicted values are 86% and 89%, respectively. It increased for the latter, 

although it had a higher RON (102.4) compared to the former (100) due to the increment on MON 

from 92 to 92.6. n-Nonane is the lowest involved component in only four binary blends. Also, 

these binaries are predicted for MON only. N-nonane is the only component in the set with a 

negative value of octane rating (-20), and the ANN model was not trained with negative values. 

Nonetheless, the system managed to present data within an approximate range to the measured 

values, proving its capability to translate the components' interaction at such values. 

There are six types of FACE gasoline, where each is presented with 4 cases of gasoline-

ethanol blends. Although these data are limited, they offer an insight into the system's behavior 

dealing with such types of blends. Figure 8 presents blended FACEs with ethanol, where the boost 

in octane rating is observed to be proportional with ethanol concentration. It is noticed that the 

relation is linear between the predicted and measured, with a slight deviation in the values. The 

deviation is attributed to the system's attempt to minimize the presence of ethanol. This approach 

is beneficial in the refineries as it will minimize the need for boosters once the blending 

mechanisms are highly efficient. There are multiple factors that affect the accuracy of the results, 

such as the compounding error of the ANN model and CFR testing. Also, theoretically there are 

unlimited recipes to meet specified fuel characteristics, which raises the complexity of verifying 

the values of the predicted compositions.  



The system presented these results with the theoretical assumption that each component’s 

availability is abundantly similar. However, since each refinery is uniquely different, this system's 

powerfulness lies in its flexibility to be customized to suit the refineries' available material, 

constraints, and fuel properties required. In addition, the system function is not limited to ON; 

rather, it can be used for all the fuel properties. Also, since each property is trained independently 

and its model is incorporated in the system separately, the models can be fundamentally different 

in terms of features, training methodology, and deployed machine learning algorithms. Finally, the 

system algorithms can be modified to be utilized to predict the properties of other fuels such as 

diesel and naphtha. 

4. Conclusion  

An integrated system has been developed to design a fuel that meets domestic and international 

fuel properties standards. The system incorporates two algorithms, GA and ANN. Additionally, 

incorporated in the system is the polygonal algorithm, which was developed to govern the 

evolvement of generations and design optimal fuels. The system is intended to optimize the 

refinery’s blending stage. A data set containing 243 blends (219 fuel blends and 24 FACEs blends) 

was used to test the system. Ten hydrocarbons and six FACEs are the base of the blends. The input 

set presents a set of components for a particular blend and the desired RON and MON. The system 

iterates over multiple blends until the desired ON has been achieved. The resulted R2 is 0.99 for 

RON, MON, and AKI, respectively. Moreover, the MAE values are 1.99, 1.23, and 1.40 for RON, 

MON, and AKI, respectively. The high accuracy demonstrates the system's capabilities in 

formulating a blend that satisfies all the properties simultaneously. Unlike previously developed 

models where each fuel characteristic is predicted independently, this system predicts the 

composition of fuel for all the desired fuel properties simultaneously. Finally, the presented system 

has the infrastructure to be utilized to predict the compositions for the desired fuel property (i.e., 

rapid vapor pressure (RVP)) for any type of fuel (i.e., diesel, naphtha), utilizing the trained machine 

learning algorithms (i.e., support vector machine (SVM), fuzzy logic (FL)). This flexibility in 

customization offers refineries an adaptable and significant system to overcome undesirable 

scenarios. 
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Figure 1. Integrated system process flow diagram 
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Figure 2. Scores and Fuel Blend Across Generations  
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Figure 3. Effect of hydrocarbons on octane rating a) n-heptane volume percent versus RON b) n-heptane volume percent versus 

MON c) iso-octane volume percent versus RON d) iso-octane volume percent versus MON. 
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Figure 4. Effect of hydrocarbons on octane rating a) toluene volume percent versus RON b) toluene volume percent versus MON 

c) TMB, CP, HEX, n-Pentane, and iso-Pentane volume percent versus RON d) TMB, CP, HEX, n-Pentane, iso-Pentane and n-

Nonane volume percent versus MON. 
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Figure 5. Effect of hydrocarbons on octane rating a) FACEs A, C, F, G, I and J volume percent versus RON b) FACEs A, C, F, 

G, I and J volume percent versus MON c) ethanol volume percent versus RON d) ethanol volume percent versus MON. 
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Figure 6. Integrated system predicted fuel properties a) predicted RON values versus measured b) predicted MON values versus 

measured c) predicted AKI values versus measured. 
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Figure 7. Integrated system predicted compositions per component a) n-heptane predicted volume percent versus measured 

values b) iso-octane predicted volume percent versus measured values c) toluene predicted volume percent versus measured 

values d) TMB, CP, and HEX predicted volume percent versus measured values. 

 

 

 

 

 

 

0

20

40

60

80

100

0 20 40 60 80 100

P
re

d
ic

te
d

Measured

n-heptane
PRF
TPRF
MC
FACE
Binary

0

20

40

60

80

100

0 20 40 60 80 100

P
re

d
ic

te
d

Measured

iso-octane

PRF

TPRF

MC

FACE

Binary

0

20

40

60

80

100

0 20 40 60 80 100

P
re

d
ic

te
d

Measured

Toluene

TPRF

MC

FACE
0

20

40

60

80

100

0 20 40 60 80 100

P
re

d
ic

te
d

Measured

1,2,4-Trimethylbenzene, Cyclopentane
and 1-Hexene

Binary TMB MC TMB

FACE TMB Binary CP

MC CP FACE CP

Binary HEX MC HEX

FACE HEX

(a) (b) 

(c) (d) 



 

Figure 8. Integrated system predicted compositions per component a) n-pentane, iso-pentane and n-nonane predicted volume 

percent versus measured values b) FACEs predicted volume percent versus measured values c) ethanol predicted volume percent 

versus measured values. 
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