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Abstract  
Use of machine learning (ML) to aid innovation in the chemical and refining 
industry is becoming ubiquitous. In this study, machine learning was employed to 
elucidate the kinetics of olefins production from the direct cracking of crude oil 
feedstock in a dual-downer high severity fluidized bed system. The reactions 
considered include both catalytic and thermal cracking chemistries. First, many 
sets of experimental data were produced in a lab-scale microdowner reactor, 
which were then used to train the ML algorithm to: (a) enable prediction of olefins 
and (b) guide retro-synthesis, through innovative combinations of operating 
conditions, catalyst properties and reactor geometry. Second, predictions from the 
trained model were compared with those from our conventional 5-lump kinetic 
model, and they showed good agreement. Finally, using the ML-based kinetic 
model, results from this study provided deeper insights into the important role of 
thermal and catalytic cracking as competing mechanisms in the direct cracking of 
crude oil under high-severity operating conditions. Specifically, the study 
elucidated the dominance of thermal cracking mechanism at high temperatures 
representative of high-severity operating conditions. Thermal cracking mechanism 
is comparatively negligible at lower temperatures representative of conventional 
FCC conditions, where the catalytic cracking mechanism is dominant. 

Introduction 
The demand for light olefins, such as ethylene and propylene in the petrochemicals industry 
continues to grow, and the direct conversion of whole crude oil is expected to bridge the gap 
between demand and supply. It was reported by Tullo (2019) that by 2030, the demand for 
gasoline and other fuels will be on the decline while the petrochemical sector, in contrast, will 
grow. The growth in demand for petrochemicals acts as an incentive for refiners to reconfigure 
their fluid catalytic cracking (FCC) units to increase yield of light olefins, especially propylene.   

Since the first commercial FCC plant began processing petroleum oil with a capacity of 13,000 
barrels per day in 1942, many improved FCC design and catalysts have been developed over 
time, enabling refineries to meet requirements of evolving environmental regulations and 
increasing demand for liquid fuels and petrochemicals. Most recently, a high severity fluid 
catalytic cracking (HSFCC™) technology was developed by an alliance comprising Saudi 
Aramco, JX Nippon Oil & Energy Corp.(JX), King Fahd University of Petroleum and Minerals 
(KFUMP). This alliance culminated in a 76,000 BPD HSFCC™ commercial unit, which has 
been in operation since 2019 in Onsan refinery complex in Ulsan, South Korea. Compared to 
conventional FCC process, the HSFCC™ technology features higher reaction temperature 
(550-650 °C), large catalyst-to-oil ratio (20-30), short contact time (0.5-1.0 second), and a 
down flow reactor design, and is able to produce high light olefin yields from vacuum gas oil 
(VGO) as reported in Fujiyama et al. (2007), or a wide range boiling feed such as whole crude.  

The complex nature of FCC feeds such as whole crude oil, makes it extremely difficult to study 
the inherent kinetics at a molecular level. One strategy for kinetic models is to group the 
complex mixtures into pseudo-components, or lumps, with similar behavior, and these are 
used to derive a number of kinetic equations. The first lumping model proposed was a three-
lump model advanced by Weekman et al. (1970) that consisted of heavy feed lump, gasoline 
lump, and the remaining hydrocarbon lump (gases + coke). Since then, the lumping model 
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has been widely used to study catalytic cracking processes and the number of lumps has been 
consistently increasing to obtain a more detailed understanding of the reaction mechanism 
and the prediction of the product distribution. Most of the work on kinetic modelling of FCC is 
based on VGO as feed and other heavy fractions, but does not address the contribution of 
thermal cracking. Recently, Corma et al. (2018) and Usman et al. (2017) have studied the 
direct catalytic cracking of crude oil to petrochemicals via kinetic modelling, but there is not 
enough data in the literature quantifying the thermal cracking contribute to the overall process.  

The main objective of the present study is to gain a fundamental understanding of thermal and 
catalytic cracking as competing mechanisms in the direct cracking of crude oil under high-
severity operating conditions, using the power of machine learning algorithm together with a 
conventional five-lump kinetic model for both thermal and catalytic cracking. This study will 
determine the contribution from thermal cracking to the conversion of whole crude oil to 
petrochemicals, based on the down flow HSFCC™ technology. The HSFCC™ operates at 
high temperatures (550-650 °C), and at these temperatures the contribution of thermal 
cracking cannot be ignored.  Hence, a better understanding of the contribution from thermal 
cracking in the HSFCC process is desirable to optimize the light olefins yields. 

Experimental 
Experiments in this work were carried out using a Microdowner (MD) unit. This unit is a 
laboratory scale transported bed unit (downer) which was designed primarily for catalytic 
cracking testing. Main features of the unit comprise a catalyst preheater where the catalyst is 
stored before the test and preheated to typical regenerator temperatures, a once-through 
tubular reactor, where the feed and the preheated catalyst are contacted continuously at a 
short residence time (0.3-5 s), and a stripper in which catalyst is separated from hydrocarbons 
before regeneration.  

In the present study, feed rate was generally set at 2.5 g/min with catalyst flows between 20 
and 120 g/min. As a result, the catalyst-to-oil ratio was varied between 8 and 40. Run time 
was maintained between 60 and 90 s, so that injected feed mass was between 2.5 and 4 g 
per test, enough to perform good mass balances. Feed density was determined at pumping 
conditions at 0.811 g/cm3. Detailed description of the unit and experimental conditions are 
described in the work by Corma et al. (2013; 2018). 

Gas products were analyzed in an Agilent 3000A fast micro gas chromatograph equipped with 
three thermal conductivity detectors. The GC was calibrated with a standard gas mixture prior 
to product analysis. Liquid products were analyzed by simulated distillation method ASTM D-
2887 using Shimadzu GC 2010 Plus equipped with a flame ionization detector. The analytical 
results were combined to obtain the detailed product yield patterns and information on the 
ability of cracking crude oils. 

Modeling Approach 
A regression machine learning (ML) model based on artificial neural network (ANN) with three 
layers was created using Keras Deep Learning Library in Python to predict the olefins yields. 
Keras was chosen for its efficient access to numerical computation libraries Theano and 
TensorFlow and its capabilities allowing users to define and train neural network models with 
minimum programming need. 

Three features are considered in the developed ML model, including temperature, catalyst-to-
oil ratio, and residence time. Potentially more features could be included in the ML model but 
was not considered because of the focus of the present study and availability in the 
experimental data. The output from the ML model are five lumps, which are heavy cycle oil 
(HCO), light cycle oil (LCO), gasoline, gas (C1-C4), and coke. The HCO lump represents 
heavy liquid hydrocarbons of boiling point higher than 343 °C. The LCO lump represents light 
liquid hydrocarbons of boiling point between 221 and 343 °C. Gasoline lump represents the 
liquid hydrocarbons of boiling point less than 221 °C. Gas lump represents the hydrocarbons 
in the gas phase under normal conditions. Coke lump represents both kinetic coke and metal 
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coke formed from the cracking reactions and deposited on the catalyst. The average molecular 
weight of the lumps ranks from high to low in the following order: HCO > LCO > Gasoline > 
Gas, which corresponds to the ranking of boiling point range. In addition to the five lumps, the 
ML model output also includes the light olefins such as ethylene and propylene.  

After the ML model was developed, it was trained and cross-checked using the experimental 
data from the MD unit. Then the model is used to make predictions of the light olefin yields, 
not only at the conditions same as the experimental setup, but also at the other conditions that 
are not measured in the experiments. By doing this, it is made possible by using this ML model 
to provide deeper insight in the cracking process by providing the optimum conditions for 
optimum propylene yield.  

The same five lumps were used to build a kinetic model for both the thermal cracking and 
catalytic cracking. A reaction network was set up, starting from the heaviest lump HCO, 
cascades through the lighter lumps, and ending with Gas and Coke lumps, as shown in Fig.1. 
 
 

 
Fig. 1. Schematic diagram of the reaction network 

for a five-lump kinetic model 
 

Fig. 2. Light olefin yields comparison between the 
experimental and predictions by the ML model. 
 

Mathematical models have been developed to describe the system of five-lump reaction 
network with the following assumptions: 

• Homogeneous distribution of gas and solid mixture 
• Ideal plug flow reactor for the mixture of gas and solid 
• Isothermal reactor 
• Coke contribution from heaviest lump is considered 
• Irreversible reactions 
• Second order for HCO and LCO lumps and first order for all other lumps 
• Nonselective catalyst deactivation as a function of coke concentration 

The behavior of catalyst activity is derived from an activity function considering the effects of 
pore blocking and activity site blockage due to coke formation on the catalyst.  

The reaction rates for thermal cracking are governed by Eqs. (1) - (5). The reaction rates for 
catalytic cracking are governed by Eqs. (6) - (11). Both thermal cracking and catalytic cracking 
are contributing to the rate of change of each lump in the kinetic model. The reaction rate 
constant for each ki in Eqs. (1) through (10) is given by the Arrhenius equation, Eq. (12).  

Results and Discussions 
The predictive ML model was able to make accurate predictions of the light olefins and lumps 
after being trained by the experimental data, as made clear in Fig. 2 by the good agreement 
between the experimental data and predictions made by the ML model. The square norm of 
the residual, or resnorm, is used to measure the accuracy of the mathematical model. This 
value is 0.0083 for ML model and 0.015 for the kinetic model when they are used to predict 
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the five lumps in the cracking reactions. Then the trained Ml model was used to explore the 
operational parameter space to predict the propylene yield with the purpose of identifying the 
optimum conditions for the maximum propylene yield, as shown in Fig. 3. It is shown in Fig. 3 
that the propylene yield is optimized at high temperature, high residence time, and high 
catalyst-to-oil ratio (CTO). Since propylene is an intermediate product in the cracking reactor, 
Fig. 3 provides the operational direction where it is possible to further increase its yield from 
the whole crude feed under the given conditions. It confirms that the propylene yield will be 
enhanced by the higher severity conditions in the HSFCC process.  

 
Fig. 3. A 4-D plot to show the propylene yield predicted by the ML model as a function of reaction temperature, 

residence time, and CTO. 
As both thermal cracking and catalytic cracking reactions compete in the HSFCC™ process 
due to the presence of catalyst at high temperature, the first step to a better understanding of 
the contribution from thermal cracking in the HSFCC™ process starts with the knowledge of 
their activation energies. Therefore, the reaction activation energies for both thermal cracking 
and catalytic cracking reactions were obtained by fitting 21 sets of experimental data at 560, 
600, and 640 °C, as shown in Table 1, using the 5-lump kinetic model. The predictions from 
the 5-lump model shows good agreement with the ML model and experimental data, as shown 
in Fig.4.  

Table 1. Activation energies (kJ/mol) for thermal and catalytic cracking reactions 

Reaction  Thermal cracking Catalytic cracking 
HCO to LCO 175.0 19.8 

HCO to gasoline 180.0 25.0 
HCO to gas 195.4 47.6 
HCO to coke 142.9 60.0 

LCO to gasoline 180.2 35.0 
LCO to gas 200.8 67.2 

Gasoline to gas 220.0 80.0 
Table 1 shows that the calculated apparent activation energies for thermal cracking reactions 
are in the range of 140 to 220 kJ/mol, in line with a previous study by Corma et al. (2018). On 
the other hand, the calculated activation energies for catalytic cracking reactions are in the 
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range of 20 to 80 kJ/mol. It is made obvious that the activation energies for catalytic cracking 
are lower than the activation energies for thermal cracking. This implies that the thermal 
cracking would make more significant contributions to the overall cracking when temperature 
is high compared to the case at low temperature. 

The light olefins are produced from the heavier hydrocarbons through both catalytic cracking 
and thermal cracking. The ethylene production is mainly attributed to the thermal cracking 
while the propylene yield is largely due to the catalytic cracking reactions. To illustrate the 
contribution from thermal cracking during the HSFCC™ process, the rate of change of Gas 
lump in the 5-lump kinetic model is traced in time for three experiments, as shown in Fig. 5. 
For each time instance, the contributions to the rate of change from the thermal cracking and 
catalytic cracking are calculated individually from the kinetic reaction rate equation. When 
T=560 °C (low temperature case), Fig. 5 shows that the thermal cracking contribution is 
insignificant, lower than 5% at time 0 and about 20% at t=2 second. When T=640 °C (high 
temperature case), Fig. 5 shows that the thermal cracking accounts for close to 20% of gas 
production in the beginning and more than 50% after t = 0.5 second, making a much sensible 
impact on the production of Gas lump, which includes the light olefins. Therefore, it is made 
clear that the thermal cracking prevails at higher temperature and longer residence time. 

Fig. 4. Yields comparison of the experimental value and 
predicted value. KM: from 5-lump kinetic model; ML: from 

ML model based on ANN. 

 
Fig. 5. The contribution of thermal cracking to the 
rate of change of Gas lump at each time instance.  

Table 2 shows the accumulative contribution of the thermal cracking to the overall production 
of Gas lump during the cracking process at different temperatures and catalyst-to-oil ratio. At 
the same temperature, the thermal cracking contribution is reduced by addition of more 
catalyst (at high catalyst-to-oil ratio). This provides a strategy to use in order to increase the 
propylene yield in HSFCC™ because propylene yield is enhanced with higher degree of 
catalytic cracking.  
 

Table 2: The time average rate of change of Gas lump due to thermal cracking (weight percent). 
T(°C) 560 560 560 560 600 600 600 600 640 640 640 640 
CTO 8.3 11.2 11.8 14.9 12.2 18.5 19.2 31.3 19.2 29.2 30.9 42.6 

t=0.5 s 10.6 8.7 8.4 7.4 22.2 18.4 18.1 14.9 39.1 33.7 33.0 29.1 
1.0 s 13.1 11.3 11.1 10.0 28.2 24.2 23.8 19.5 46.0 39.5 38.6 33.4 
1.5 s 15.6 13.8 13.5 12.4 32.6 27.9 27.4 21.9 49.5 42.0 41.0 34.9 
2.0 s 17.9 15.9 15.6 14.2 35.8 30.3 29.8 23.2 51.4 43.3 42.2 35.6 

Conclusions 
In the present study, a predictive ML model was created to elucidate the kinetics of light olefins 
production from the direct cracking of crude oil feedstock in a dual-downer high severity 
fluidized bed system. This is coupled with a conventional 5-lump kinetic model that considers 
both catalytic and thermal cracking chemistries. Through using the ML-based model and the 
kinetic model, this study provides deeper insights into the important role of thermal and 
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catalytic cracking as competing mechanisms in the direct cracking of crude oil under high-
severity operating conditions. Specifically, the present study further quantified the thermal 
cracking contribution, confirmed the dominance of thermal cracking mechanism at high 
temperatures representative of high-severity operating conditions and that thermal cracking 
mechanism is comparatively negligible at lower temperatures representative of conventional 
FCC conditions, where the catalytic cracking mechanism is dominant. 
The present study showed that thermal cracking prevails at high temperature and longer 
residence time, which might lead to undesirable over cracking and excessive production of 
ethylene instead of propylene. The guidance on the operating conditions can be proposed 
based on the present study. First, it is recommended to use shorter catalyst contact time to 
reduce the effect from thermal cracking. Second, catalyst should be carefully chosen based 
on better selectivity of propylene at higher temperature. Third, higher catalyst-to-oil ratio 
should be employed in HSFCC™ for more catalytic cracking to counteract the significant 
impact of thermal cracking.  

Equations 

𝑟1 =  
𝑑𝑦1

ⅆ𝑡 = −(𝑘1 + 𝑘2 + 𝑘3 + 𝑘4) ∗ 𝑦1
2 (1) 𝑟2 =

𝑑𝑦2

𝑑𝑡 = (𝑘1 ∗ 𝑦1
2 − (𝑘5 + 𝑘6) ∗ 𝑦2

2) ∗ 𝑎𝑐 (7) 

𝑟2 =
𝑑𝑦2

ⅆ𝑡 = (𝑘1 ∗ 𝑦1
2 − (𝑘5 + 𝑘6) ∗ 𝑦2

2) (2) 𝑟3 =
𝑑𝑦3

𝑑𝑡 = (𝑘2 ∗ 𝑦1
2 + 𝑘5 ∗ 𝑦1

2 − 𝑘7 ∗ 𝑦3) ∗ 𝑎𝑐 (8) 

𝑟3 =
𝑑𝑦3

ⅆ𝑡 = (𝑘2 ∗ 𝑦1
2 + 𝑘5 ∗ 𝑦1

2 − 𝑘7 ∗ 𝑦3) (3) 𝑟4 =
𝑑𝑦4

𝑑𝑡 = (𝑘3 ∗ 𝑦1
2 + 𝑘6 ∗ 𝑦1

2 + 𝑘7 ∗ 𝑦3) ∗ 𝑎𝑐 (9) 

𝑟4 =
𝑑𝑦4

ⅆ𝑡 = (𝑘3 ∗ 𝑦1
2 + 𝑘6 ∗ 𝑦1

2 + 𝑘7 ∗ 𝑦3) (4) 𝑟5 =
𝑑𝑦5

𝑑𝑡 = 𝑘4 ∗ 𝑦1
2 ∗ 𝑎𝑐 (10) 

𝑟5 =
𝑑𝑦5

𝑑𝑡 = 𝑘4 ∗ 𝑦1
2 (5) 𝑎𝑐 =

𝐵 + 1
𝐵 + 𝑒𝑥𝑝 (𝐴 ∗ 𝑦5) (11) 

𝑟1 =  
𝑑𝑦1

ⅆ𝑡 = −(𝑘1 + 𝑘2 + 𝑘3 + 𝑘4) ∗ 𝑦1
2 ∗ 𝑎𝑐 (6) 𝑘𝑖 = 𝐹𝑖 ∙ 𝑒𝑥𝑝 (−

𝐸𝑎𝑖
𝑅 ( 

1
𝑇𝑖

−
1

𝑇𝑟)) (12) 

Notation 
ri reaction rate for lump i, s-1 
yi yield for lump i, unitless 
t time, s 
ki reaction rate constant for ith reaction 

Fi pre-exponential factor  
Eai activation energy, kJ/mol  
Ti reaction temperature, K 
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