
 

 
 

 

 
Energies 2026, 19, 451 https://doi.org/10.3390/en19020451 

Article 

A Physics-Informed Combinatorial Digital Twin for  

Value-Optimized Production of Petroleum Coke 

Vladimir V. Bukhtoyarov 1, Alexey A. Gorodov 1, Natalia A. Shepeta 1, Ivan S. Nekrasov 1,*, Oleg A. Kolenchukov 1, 

Svetlana S. Kositsyna 2 and Artem Y. Mikhaylov 1 

1 Department of Technological Machines and Equipment of Oil and Gas Complex, School of Petroleum and 

Natural Gas Engineering, Siberian Federal University, 660041 Krasnoyarsk, Russia; vladber@list.ru (V.V.B.);  

glexx84@mail.ru (A.A.G.); nshepeta@sfu-kras.ru (N.A.S.); okolenchukov@sfu-kras.ru (O.A.K.);  

amikhaylov@sfu-kras.ru (A.Y.M.) 
2 Department of Chemistry and Technology of Natural Energy Carriers and Carbon Materials, School of  

Petroleum and Natural Gas Engineering, Siberian Federal University, 660041 Krasnoyarsk, Russia 

* Correspondence: nekrasov-is@ya.ru 

Abstract 

Petroleum coke quality strongly influences refinery economics and downstream energy 

use, yet real-time control is constrained by slow quality assays and a 24–48 h lag in labor-

atory results. This study introduces a physics-informed combinatorial digital twin for 

value-optimized coking, aimed at improving energy efficiency and environmental perfor-

mance through adaptive quality forecasting. The approach builds a modular library of 32 

candidate equations grouped into eight quality parameters and links them via cross-pa-

rameter dependencies. A two-level optimization scheme is applied: a genetic algorithm 

selects the best model combination, while a secondary loop tunes parameters under a 

multi-objective fitness function balancing accuracy, interpretability, and computational 

cost. Validation on five clustered operating regimes (industrial patterns augmented with 

noise-perturbed synthetic data) shows that optimal model ensembles outperform single 

best models, achieving typical cluster errors of ~7–13% NMAE. The developed digital twin 

framework enables accurate prediction of coke quality parameters that are critical for its 

energy applications, such as volatile matter and sulfur content, which serve as direct prox-

ies for estimating the net calorific value and environmental footprint of coke as a fuel. 

Keywords: physics-informed digital twin; delayed coking; petroleum coke; combinatorial 

modeling; adaptive model constructor; genetic algorithm; multi-objective optimization; 

volatile matter; sulfur content; cross-parameter dependence 

 

1. Introduction 

For modern facilities in the fuel and energy complex, such as oil refineries, diversifi-

cation of product and resource bases has become one of the key directions for improving 

the efficiency of operational activities. One of the development paths is deepening of oil 

refining through the commissioning of new coking units or expanding the operational 

capabilities of existing ones. 

The effectiveness of such measures can be substantially enhanced through the use of 

modern approaches, such as analytical support of technological processes using digital 

twins (DTs). Their application is possible both during operation and during the design 
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and development phases of industrial facilities, serving as tools for increasing energy ef-

ficiency and environmental performance in the fuel and energy sector. 

Despite the ongoing energy transition, oil and gas value chains remain critical for 

global energy supply and industrial feedstocks, motivating continued research in flow 

assurance and risk prediction (e.g., hydrate formation in deep-water wellbore/subsea sys-

tems [1]), stimulation efficiency (e.g., fracture propagation in coal reservoirs [2]), and sub-

surface re-use options such as CO2 sequestration and hydrogen storage in depleted gas 

reservoirs [3]. 

In recent years, the share of light crude oils on the market has been decreasing, and 

they are increasingly being replaced with heavier fractions [4,5], which has led to the 

growing popularity of processes aimed at upgrading heavy fractions into more valuable 

light products [6,7]. 

As a result of these changes, the volume of extremely heavy residues has been in-

creasing, with the majority (approximately 63 wt%) of petroleum residues processed 

through thermal conversion processes [6], such as coking—producing petroleum coke 

(petcoke), including through delayed coking units [8] and fluid coking units [9]. Coking 

is a thermal cracking process in which the feed decomposes into lower-boiling products, 

resulting in the formation of gas (≈13 wt%), naphtha (≈11 wt%), middle distillate (≈45 

wt%), and petroleum coke (≈31 wt%). 

Petroleum coke is a key product of deep refining heavy petroleum residues and plays 

a central role in the technological chain of modern refineries. Its quality characteristics 

directly determine both the economic efficiency of the coking process and the market 

value of the final product [10,11], with a sufficiently high yield of vacuum residue relative 

to the total volume of processed crude oil [12]. 

The industrial coking process can be implemented using three main types of units: 

• Batch (in coke tubes); 

• Semi-continuous (in unheated coke drums); 

• Continuous (in fluidized beds of coke–heat carrier). 

Delayed (semi-continuous) coking is the most widely used technology for petroleum 

coke production in refineries, due to its relatively low investment cost, flexibility in pro-

cessing various residual feeds, and the ability to produce high-quality products [13]. 

Delayed coking is a thermal cracking process of heavy petroleum residues carried 

out under controlled residence time and temperature conditions. The physicochemical es-

sence of the process involves stepwise transformation of high-molecular-weight compo-

nents through stages of dealkylation, condensation, and aromatization with the formation 

of a solid carbonaceous residue. Critical stages include initiation of radical reactions at 

400–450 °C, mesophase formation via orientation of polycyclic aromatic structures, and 

subsequent polycondensation leading to the formation of a coke matrix. 

Modern trends in processing heavy and extra-heavy crude oils—characterized by el-

evated sulfur, metals, and asphaltene content—require removing larger amounts of resi-

dues, heavier oils, and sulfur [14]. 

The global petroleum coke market is showing stable growth, with production vol-

umes projected to increase through 2037, which intensifies requirements for precise con-

trol of product quality and creates additional challenges for traditional monitoring meth-

ods. 

The primary feedstock types used for coke production include high-molecular-

weight petroleum (crude, heavy oils) and petroleum residues: vacuum residues, light and 

heavy gas oils (vacuum and secondary processing), pyrolysis tars, thermal cracking tar, 

deasphalting bitumens, and others. Heavy residues are mixtures of high-molecular-

weight hydrocarbons and compounds containing not only carbon and hydrogen but also 

heteroatoms—sulfur, oxygen, nitrogen—and, to a lesser extent, metals such as vanadium, 
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nickel, cobalt, iron, molybdenum, titanium, etc. Due to the diversity of isomeric forms and 

combinations of aliphatic, hydroaromatic, aromatic hydrocarbons and their derivatives, a 

wide spectrum of high-molecular-weight components is formed. In industrial practice, 

residual products are commonly classified into structural groups (oils, resins, asphaltenes) 

[15]. 

Depending on feedstock properties and operating conditions of delayed coking, var-

ious types of coke can be obtained and classified using different criteria. 

According to physical structure, petroleum coke may be categorized as sponge coke 

and shot coke [16–18]. 

From a morphological perspective: 

• Spherical coke (isotropic, amorphous, nearly non-porous); 

• Sponge coke (semi-isotropic); 

• Needle coke (anisotropic, with regular crystalline structure, containing numerous 

micropores, 4–7 nm crystallite sizes). 

Depending on application, coke may be categorized as fuel-grade (for cement and 

power industries), anode-grade (for aluminum production), and electrode-grade (for 

steelmaking) [19,20]. 

Petroleum coke can be of two types: green petroleum coke and calcined petroleum 

coke. Petroleum coke obtained without calcination is called green coke. Calcination is car-

ried out in a rotary or shaft kiln to remove the remaining hydrocarbons by heating the 

green coke to about 1300–1500 °C. During calcination, coke undergoes further decompo-

sition, and the carbon-to-hydrogen ratio increases from about 20 in green coke to about 

1000 in calcined coke [7]. 

From an operational standpoint, petroleum coke value is determined not only by 

yield but also by a set of quality indicators that are expensive and slow to measure online. 

Petroleum coke is a solid, porous, black–gray petroleum-derived material obtained 

through delayed coking of petroleum residues. The elemental composition of raw (uncal-

cined) petroleum coke is approximately (wt%): 91–99.5% carbon, with the remainder con-

sisting of impurities including hydrogen (0.035–4%), sulfur (0.5–8%), nitrogen and oxygen 

(1.3–3.8%), as well as metals. 

Key quality indicators are maximum sulfur, ash and moisture contents (<3 wt%), vol-

atile matter yield (on heating), particle size distribution (screening), and mechanical 

strength (under load). Petroleum cokes are classified by the following: 

• Sulfur content: low sulfur (up to 1%), medium sulfur (up to 2%), high sulfur (>2%); 

• Ash content: low ash (up to 0.5%), medium ash (0.5–0.8%), high ash (>0.8%); 

• Granulometric composition: lump coke (particle size > 25 mm), nut coke (6–25 mm), 

fines (<6 mm). 

Additional coke characteristics influencing its application include porosity 16–56%; 

density at 20 °C—true density 2.04–2.13 g/cm3, apparent density 0.8–1.4 g/cm3; bulk den-

sity 400–500 kg/m3; specific electrical resistivity (800–1000) µΩ·m [21]. 

Coke obtained after coking is a chemically stable and inert material. To impart elec-

trode properties, coke is calcined at 1200–1300 °C in calcination furnaces. The structure of 

calcined petroleum coke consists of crystallites of various sizes and orientations. 

The main consumers of petroleum coke (provided its quality meets requirements) 

are the non-ferrous and ferrous metallurgy sectors, where coke acts as a base for conduc-

tive products—anodes and anode mass for aluminum smelting, and electrodes to produce 

electric steel, ferroalloys, carbides, chlorine, alkalis, abrasive materials, etc. For these pur-

poses, low sulfur calcined cokes with sulfur content up to 1.5% are required. Petroleum 

coke with medium to high sulfur content (6–8 wt%) is also employed as an effective re-

ducing and sulfidizing agent in the shaft smelting of oxidized nickel and copper ores. 
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Petroleum coke is used in the production of carbides (CaC2, SiC, TiC, B4C, etc.), with 

particular attention to calcium and silicon carbides—important components for acetylene 

and abrasive production (manufactured from petroleum coke with particle size less than 

8 mm), and in ferroalloys—as alloying additives that improve steel quality. One of the 

primary requirements for carbonaceous reductants is high porosity, which ensures good 

gas permeability and uniform descent of the burden while preserving sorption and filtra-

tion properties. 

Special purpose cokes (for structural graphite products, lining of nuclear reactors) 

must have an isotropic (point, spherulitic) structure. 

Low-grade petroleum cokes can be used as fuel. The heat of combustion of carbona-

ceous materials primarily depends on the C/H ratio, and therefore on the volatile matter 

content. As the volatile matter content increases from 3.2 to 7.0% (i.e., as the hydrogen 

fraction in the coke increases), the specific heat of combustion increases from 7100 to 8500 

kcal/kg (29.7 to 35.6 MJ/kg). Pulverized petroleum coke is most widely used as fuel in the 

cement industry [22,23]. 

In the metallurgical industry, coke is the base component for anode mass and elec-

trode production. Here, the requirements for sulfur content, volatile matter, and mechan-

ical strength are extremely stringent—even minor deviations from specifications can 

cause multimillion losses. In the energy sector, coke is used to produce fuel cells, where 

parameters such as porosity and reactivity are critical for process stability [24]. Hybrid 

fuels based on petroleum coke and natural gas are also gaining popularity, improving 

combustion and reducing CO2 emissions [25]. 

In anode production for the aluminum industry, sponge coke with high volatile con-

tent and large specific surface area is used. Requirements include sulfur content up to 2%, 

true density 2.02–2.12 g/cm3 and ash content not higher than 0.6%. 

For the production of electrodes for steelmaking and synthetic graphite, only needle 

coke can be used—the most valuable product of the delayed coking process, with tight-

ened quality requirements. Important characteristics of needle (anisotropic) coke are co-

efficient of linear thermal expansion (CTE) up to 4 × 10−7 (°C)−1, density greater than 2.12 

g/cm3, microstructure rated 5–6 points, content of micro impurities (vanadium and nickel) 

not more than 10 ppm, sulfur not more than 0.8%, ash less than 0.2% [21]. 

Elevated sulfur content in needle coke used for electrode manufacture can lead to 

cracking of electrodes under high temperature operation due to rupture of C–S bonds. 

The presence of vanadium and nickel compounds deteriorates the thermophysical prop-

erties of electrodes. Furthermore, vanadium and nickel (especially in the presence of so-

dium) catalyze oxidation of carbon by oxygen, thus increasing anode consumption during 

electrolysis. In high-quality needle coke, sulfur content must not exceed about 0.6%, va-

nadium and nickel contents must be low (typically not more than ~10 ppm each). 

High ash content in coke limits its application in the electrode industry and worsens 

its electrical performance (conductivity, specific electrical resistance) [26–28]. 

As a feedstock for anodes and electrodes, usually the coarse fraction (25–200 mm) of 

pitch and petroleum cokes is used. On the other hand, fine-grained coke has higher spe-

cific resistivity and higher mechanical strength. Isotropic coke has higher mechanical 

strength than needle coke [29]. 

The properties of produced petroleum coke depend on the type and origin of the 

feed, as well as on process parameters. 

The most important variables are the hydrocarbon components present in the feed, 

which range from highly resinous and asphaltenic to aromatic compounds [30,31]. 

Coke from oils with a predominance of paraffinic structures has a needle like struc-

ture, with wide slit-shaped pores and predominantly elongated particles, reflecting 

growth of carbonaceous structures in one direction; asphaltenic coke has a continuous 
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isotropic structure, resulting from uniform growth of dense colloidal structures in all di-

rections; tar-derived coke occupies an intermediate position between oil and asphaltene 

cokes, has a sponge structure with low anisotropy and inclusions of fibrous domains with 

high thermal expansion coefficient. 

A high concentration of asphaltenes and resins leads to formation of coke with 

rounded pores; conversely, a low content of these components yields highly porous coke 

with elongated large pores [32]. 

Sulfur content in coke mainly depends on the composition and origin of the feed. 

Depending on the nature of the crude, coke contains 20–35% of the sulfur present in the 

original residue. As the content of paraffinic naphthenic hydrocarbons in the feed in-

creases, sulfur content in the coke tends to rise. In some cases, the sulfur content in coke 

can be significantly higher than in the feed, and in other cases, lower. During coking of 

straight run residues, the sulfur content in the coke relative to that in the feed usually 

increases; during coking of cracking residues, it decreases. Therefore, quantitative sulfur 

contents in feed and coke can only be determined experimentally (in the laboratory). 

Ash content of coke and metal content directly depend on the presence of mechanical 

impurities, salts, and organometallic compounds in the feed, which almost completely 

accumulate in the solid coking residue [23]. Fine-grained coke (particles < 8 mm) is char-

acterized by higher ash and sulfur contents compared with lump coke [29]. 

To predict coke yield, the most common indicator used is the feed’s coking tendency 

determined by the Conradson carbon residue method (CCR). However, if only CCR is 

used to predict coke yield in delayed coking units, the error can reach ±25%. In this case, 

the following pattern is observed: as CCR increases, the yields of coke, gasoline, and gas 

in delayed coking increase, while the yield of gas oil fractions decreases [29]. 

As density of residual products increases, their coking tendency also increases, due 

to the higher content of resins and asphaltenes. Coke yield is predicted more accurately 

when both CCR and feed density are taken into account. However, these dependencies 

are nonlinear. When coking highly resinous residues, the coke yield exceeds the coking 

tendency value by about 1.5 times, whereas when coking residues with lower coking ten-

dency, the coke yield exceeds it by 1.8–2 times [33]. 

The chemical and physical properties taken into account when choosing suitable feed 

for producing needle coke can be described as follows: the feed should be highly aromatic, 

containing 60–85% aromatic hydrocarbons; the initial boiling point should be above 250 

°C, with no more than 25–30% of the material boiling below 360 °C; the feed should have 

a low API gravity (i.e., high density); sulfur content should be low, preferably less than 1 

wt% [4]. 

The main process parameters influencing coke yield and quality are coking temper-

ature, drum pressure, coking time, and recycling ratio [34]. 

Coking temperature and coking time determine the volatile matter content in green 

coke. The higher these parameters, the lower the volatile matter content. A normal volatile 

matter content in coke is 8–12%. Elevated volatile content indicates incomplete coking and 

negatively affects coke quality. Such coke is known as “under baked” coke. It is character-

ized by lower density, reduced mechanical strength, and increased reactivity. 

High coking temperature leads to reduced volatile matter and increased strength, but 

also to greater fissuring. Higher temperature also increases the risk of coke formation in 

furnace tubes and shortens their lifetime. An optimal coking temperature is around 490 

°C. For example, when vacuum residue is used as feed and coked at 490–495 °C, volatile 

matter in coke is 13%. When temperature is lowered to 440–460 °C, the volatile matter 

yield increases by more than 30%, to about 19%. As temperature rises above 520 °C, vola-

tile matter decreases to about 6%. 
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For coke obtained from lighter feed, achieving an acceptable volatile matter level 

(around 10%) requires raising the coking temperature by 5–10 °C compared to heavy feed. 

At low coking temperature, volatile matter content and grindability of the coke increase. 

Calcination of such coke produces a material with high porosity and low bulk density. 

Reduced hardness leads to smaller mean particle size and greater content of fines (<25 

mm) [16,35]. 

With increasing pressure, yields of coke and gas increase, but the total yield of liquid 

products decreases. 

As delayed coking drum pressure increases from 0.10 to 2.50 MPa, coke yield grows 

from 9.1 to 44.8%, distillate yield decreases from 84.5 to 4.3%, and gas yield rises from 6.4 

to 50.9%. The increase in coke yield and decrease in distillate yield with pressure are due 

to the involvement in coking of additional fractions that would otherwise evaporate at 

lower pressure and not participate in coke formation [36]. 

At the same time, coke quality characteristics do not depend linearly on pressure. At 

0.8 MPa, coke with the best microstructure (5.2 points) and reduced ash content is ob-

tained [37]. 

When vacuum residue is used as feed and pressure is increased from 0.1 to 2.5 MPa, 

coke yield rises significantly from 14.0 to 46.2%, while distillate yield decreases from 73.7 

to 14.3%, with a higher fraction of light components in the distillate. The best microstruc-

ture of coke from vacuum residue (4.8 points) is obtained at a pressure of 0.4 MPa [19,38]. 

The recycle ratio is defined as the ratio of the total feed to the coking unit (fresh feed 

plus recycle) to the amount of fresh feed supplied from the upstream refinery units. An 

increase in the recycle ratio reduces the vanadium and nickel content in the coke, increases 

its anisotropy, and decreases its mechanical strength. In delayed coking units, the recycle 

ratio typically ranges from 1.03 to 1.30 [7,29]. The highest values are used in industrial 

units producing needle coke, while the lowest are used in units where coke yield should 

be minimized. 

From a data perspective, delayed coking is characterized by sparse laboratory tar-

gets, measurement noise, and substantial delays between process changes and quality as-

says, which motivates robust predictive soft-sensing. 

The coking process is a complex, multi-parameter system with pronounced nonlinear 

dependencies, where final product properties are formed under the influence of hundreds 

of interrelated factors, many of which are mutually dependent. 

In practice, monitoring the coking process is often difficult and faces significant meth-

odological limitations [29]. Prompt determination of parameters such as volatile matter is 

complicated by the duration of standard tests, which makes it impossible to use results 

for real-time control. Sulfur analysis by X-ray fluorescence offers acceptable accuracy 

(±0.1%) but requires calibration for each specific feed type. Measurement of porosity pro-

vides detailed information about pore size distribution but is expensive and cannot be 

implemented online. Similar difficulties arise with other product quality parameters when 

they must be determined in a timely manner for operating control and decision-making 

for process correction. 

Another serious issue in modeling the coking process is incompleteness and noise in 

industrial data. This remains a critical challenge [39], as operating measurements often 

contain significant errors. Moreover, key parameters such as particle size distribution or 

content of specific metals may not be available in real-time [40]. A major limitation is also 

the time lag between changes in process parameters and receipt of laboratory coke quality 

data, which can reach 24–48 h, ruling out real-time control [41,42]. 

Additional complexity arises from variability in feed streams: modern refineries pro-

cess blends of different residues [43,44], whose composition can change several times a 
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day. This imposes requirements on models to be adaptive, able to account for dynamic 

changes in input without loss of predictive accuracy. 

Particularly challenging is assigning coke to its appropriate quality class. This typi-

cally requires expert assessment performed on the entire product obtained in a single coke 

drum. Therefore, when building predictive estimates of petroleum coke quality, statistical 

methods are usually employed. 

These operational and data constraints motivate an adaptive, interpretable modeling 

framework that can switch between mechanism-consistent equation families depending 

on regime and data availability. 

The objective of this work is to develop a combinatorial approach enabling intelligent 

control of processes for processing petroleum waste at the stages of design and re-engi-

neering. The approach combines the accuracy of modern mathematical methods with the 

practicality and interpretability required for industrial implementation, to improve en-

ergy efficiency and environmental performance of plants that use coke as a raw material 

base. 

In addition to product quality, the decarbonization agenda makes greenhouse-gas 

(GHG) performance a key operational KPI for delayed coking units. Delayed coking is 

associated with high energy demand and, consequently, significant carbon emissions, 

which motivates optimization frameworks that explicitly include Global Warming Poten-

tial (GWP) and energy-intensity indicators alongside economic objectives. 

Existing delayed-coking prediction models can be grouped into the following: 

• Empirical correlations; 

• Mechanistic/dynamic models; 

• Purely data-driven machine-learning (ML) models; 

• Hybrid approaches. 

Empirical correlations are typically interpretable but degrade under feedstock shifts 

and outside the calibration domain. Mechanistic/dynamic models can be physically rigor-

ous, yet their parameterization is labor-intensive, and they may be computationally costly 

for routine plant deployment. ML models often provide strong accuracy on large datasets 

but remain difficult to validate and explain for process control (“black-box” barrier) and 

may require more labeled cycles than are available at most refineries. Hybrid models mit-

igate some weaknesses but usually couple one mechanism model with one data-driven 

estimator and rarely formalize cross-parameter dependence among multiple quality indi-

cators within a unified, selectable model library. These limitations motivate a framework 

that is adaptive across regimes, interpretable by design, and computationally feasible for 

industrial operation. 

In contrast to the traditional methods discussed above, this study proposes a funda-

mentally new concept for constructing a digital twin, based on the following key innova-

tions: 

• Combinatorial library of physics-informed models. 

Instead of searching for a single universal model, we propose an adaptive selection 

system operating on a library of 32 specialized parametric models designed to predict 

eight key petroleum coke quality indicators. Each model in the library possesses a clear 

physicochemical interpretation, thereby overcoming the “black-box” limitation inherent 

to neural-network-based approaches. 

• Two-level heuristic optimization architecture. 

To efficiently explore a search space comprising millions of possible model combina-

tions, a two-level optimization scheme is developed. The upper level employs a genetic 

algorithm to identify the optimal structure of the model ensemble, while the lower level 
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performs fine tuning of the parameters of the selected models. This architecture ensures 

an effective balance between global exploration and local accuracy. 

• Explicit mechanism for cross-parameter dependency handling. 

The system does not treat predictions of individual quality indicators as independ-

ent. A formal mechanism is introduced to account for mutual interactions between models 

through shared intermediate variables (e.g., the influence of predicted porosity on the cal-

culation of mechanical strength). This approach enables representation of the coupled 

physical nature of the process and improves the internal consistency of predictions. 

• Multi-objective fitness function balancing accuracy, complexity, and interpretability. 

The optimality criterion of the combinatorial model constructor extends beyond pure 

error minimization. It explicitly incorporates penalties for computational complexity and 

includes an expert-based interpretability score, which is critically important for practical 

industrial deployment and for supporting technology-driven decision-making in refinery 

operations. 

2. Modern Approaches to Modeling Coking Processes 

The main challenges of contemporary modeling include the multifactorial nature of 

the process, where temperature regimes, pressure, heating rate, and feed properties create 

complex cross effects. 

Mathematical descriptions of these parameters and models are often expressed as 

nonlinear systems of differential equations, including not only ordinary but also parabolic 

and hyperbolic partial differential equations. To make qualitative or numerical analysis 

feasible, such models must first be simplified [45]. 

Experimental data themselves show that a change in maximum coking temperature 

by 10 °C can result in up to a 15% variation in volatile matter content [29]; moreover, this 

dependence is strongly nonlinear and depends on feed composition [46,47]. 

In addition, a number of works model not so much the coking process itself as the 

subsequent processing of coke and its conversion into a marketable product [40], often 

using rather complex mathematical descriptions [48]. 

Continuously increasing requirements for product quality and the focus on resource 

saving and greater energy efficiency of processes determine the need to equip production 

with advanced prediction, control, and management tools. At the same time, it is not al-

ways possible to obtain data on the characteristics and parameters of dynamically chang-

ing processes in units in real time or with sufficient detail, which reduces the timeliness 

and accuracy of management decisions. This limits the system’s ability to rapidly adapt 

to process disturbances, which is critical for maintaining optimal product quality and 

yield. 

Predictive modeling can compensate for these deficiencies by enabling selection of 

necessary parameters based on mathematical models and providing process data without 

physical measurements. Virtual models can effectively predict changes in any refining 

process and in the quality of the resulting products [49]. 

Modeling of chemical technological processes makes it possible to minimize inter-

vention in operating units, since modeling involves creating a virtual model, and changes 

to its operation pose no danger to personnel or the environment. This is one of the ad-

vantages of modeling chemical and technological processes. 

Using virtual model descriptions offers significant advantages: based on data on feed 

variability and process behavior, it is possible to predict product yields and characteris-

tics, and to develop optimization proposals without the cost of additional measuring 

equipment and laboratory tests. 
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Traditional approaches to modeling the coking process can be conventionally di-

vided into several categories: empirical correlations [50–52]; physicochemical models 

[46,53]; models using fuzzy logic [54]; hybrid models [55]; and machine learning (ML) 

models [56]. Each of these approaches exhibits systemic limitations in industrial applica-

tions. 

Empirical models based on statistical processing of historical data offer good inter-

pretability but often prove inadequate outside the calibration range or when process con-

ditions deviate from the original range. Analysis of the literature shows that standard cor-

relations for predicting sulfur and metal contents in coke can introduce additional error 

when feed composition varies, due to catalytic effects of metals that are not accounted for 

in simplified models. Furthermore, some of these correlations are difficult to distinguish 

from the next categories of models. 

Physicochemical models describing mechanisms of pyrolysis and condensation are 

theoretically capable of high accuracy, but their practical use is limited by extremely com-

plex parameterization and high computational costs. Attempts to build deterministic 

models that take into account all significant factors lead to systems of hundreds of differ-

ential equations, whose solution demands specialized software and significant computa-

tion time [45]. 

Models based on fuzzy logic have a number of drawbacks when applied to modeling 

the coking process. These limitations are related both to the method itself and to the com-

plexity of the process and data specifics, and they require high qualifications from deci-

sion makers. One of the ways to overcome these issues is hybridization of the modeling 

process, including the use of ML models. 

Machine learning models, despite impressive results in academic studies, face imple-

mentation problems under industrial conditions. The “black box” nature of neural net-

works becomes a barrier to adoption for process control, where understanding cause and 

effect relationships is critical. In addition, these architectures often require large amounts 

of data that are not available at most industrial units. 

2.1. Physicomathematical and Kinetic Models 

Modeling of chemical transformations involves developing mathematical models 

that describe mechanisms, kinetics, and dynamics of chemical reactions without treating 

the detailed design and operating modes of equipment. Mathematical description of reac-

tion rates is based on the reaction mechanism (sequence of elementary steps), kinetic pa-

rameters (rate constants, reaction orders, activation energies), and dependencies of rate 

on reactant concentrations, temperature, and other conditions. 

The key stages of modeling are as follows: 

• Determining the reaction mechanism (sequence of elementary steps and intermedi-

ates); 

• Writing kinetic equations (for each step, rate equations are formulated using the law 

of mass action); 

• Parameter estimation (experimental or calculated determination of rate constants k, 

often described by the Arrhenius equation, activation energy, and other characteris-

tics); 

• Solving the system of equations (numerical integration of differential equations that 

describe concentration changes with time); 

• Verification of model adequacy (comparison of calculated data with experimental 

results). 

Kinetic modeling enables the following: 

• Prediction of reaction progress (calculation of product yields, side reactions, and con-

centration time profiles); 
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• Optimization of process conditions (determining optimal temperature, pressure, and 

concentrations to maximize target product yield); 

• Analysis of reaction mechanisms (identification of sequence of steps and rate limiting 

steps); 

• Design of industrial units (modeling spatial distributions of parameters such as tem-

perature and concentrations, e.g., in reactors); 

• Prediction of safety issues (risk assessment, e.g., thermal runaway). 

The laws of chemical kinetics have long been applied to modeling refining processes, 

as reflected in a large body of work [57,58], including for delayed coking [59]. It has been 

established that delayed coking proceeds via parallel reactions of feed conversion into 

distillate and an intermediate mesophase, which then interacts and forms coke. Asphal-

tenes in the feed are the main coke-forming fraction [60,61]. 

In most refining processes (catalytic reforming, hydrotreating, hydroprocessing, cat-

alytic cracking, thermal coking, etc.), the feed has a complex composition whose molecular 

characterization is practically impossible. In such cases, lumping methods are used, where 

feed constituents are grouped into pseudo components based on similar properties. The 

number of kinetic reactions (and therefore equations) is determined by the number of 

lumped components, which are considered as homogeneous ensembles [62]. 

In [63], a 15-component kinetic model of catalytic cracking is considered, which ac-

counts for both quantitative (including coke yield) and qualitative characteristics of ob-

tained products (light gas oil and catalytic cracking gasoline). 

For delayed coking, kinetic modeling with division of feed and products into several 

lumped components has also been used. In [64], an 11-component model is proposed: 6 

feed components (including asphaltenes, heavy and soft resins) and 5 product compo-

nents (gas, naphtha, two mid cut fractions, and coke) to track yield curves in a delayed 

coking unit. Satisfactory agreement was obtained between the model and laboratory 

measurements for a wide range of feed compositions and coking temperatures. 

In [65], results are presented for modeling the rate of coke formation and accumula-

tion inside furnace tubes of a crude distillation unit. The model is based on heat transfer 

laws through the coke layer and tube wall (conductivity, convection from fired gas, radi-

ation) and on non-elementary kinetic reaction laws. Comparing measured data from var-

ious units with model predicted coke deposits inside the furnace tubes gave deviations 

from 3 to 15%. The modeling results were used to optimize furnace maintenance (decok-

ing) schedules, reducing operating costs by 20%. 

2.2. Machine Learning Models 

Machine learning (ML) and artificial intelligence (AI) models use ML/AI algorithms 

(neural networks, decision trees, clustering algorithms, support vector machines, etc.) to 

model complex relationships between process parameters and product properties. Such 

models can adapt to changes in refining processes and can improve their accuracy over 

time. 

The development of software for various refining and petrochemical units based on 

neural-network modeling makes it possible to describe the behavior of nonlinear dynamic 

systems by extracting knowledge from all available process measurements [66,67]. 

For example, ref. [68] presents a nonlinear model based on multilayer neural net-

works to estimate diesel fuel quality produced in an atmospheric crude distillation unit. 

Such models can be used as an alternative to laboratory testing for quality assessment of 

refinery products. 

In [69], delayed coking is modeled using artificial neural networks: a multilayer per-

ceptron (MLP) and a radial basis function network (RBF). Input variables for the networks 

were feed API gravity and CCR (wt%). Network outputs (predictions) were coke yield 
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(wt%) and percentage yields of light gases, gasoline, gas oil and C5+ fraction. Among MLP 

architectures, the network with 31 hidden neurons gave the best results. The RBF network 

with 20 centers (radii) was the best for delayed coking unit evaluation. Prediction error 

did not exceed 1.1%. 

In [70], delayed coking is modeled for process prediction and optimization using two 

approaches: a generalized regression neural network and a double-strand DNA-based ge-

netic algorithm for smoothing parameter optimization. 

2.3. Hybrid Models 

Hybrid models combine elements of physics, mathematical, and statistical models 

with ML/AI methods to improve prediction accuracy and robustness. Such models com-

pensate limitations of one approach with the strengths of another, e.g., combining the ac-

curacy of physical models with the adaptability of machine learning. 

This type of model has found applications in related areas of refining, in particular 

in diesel fuel production. In [55], a hybrid model is used to predict diesel fuel quality in a 

hydrodesulfurization (HDS) process, integrating vector quantization (VQ) with a support 

vector regression (SVR) model. Model parameters were determined by hybrid optimiza-

tion based on a genetic algorithm (GA) and sequential quadratic programming (SQP). A 

wide set of experimental HDS data was used for training and testing the SVR model. The 

resulting model predicted sulfur content in diesel with high accuracy (absolute relative 

error 0.0745, R2 = 0.997) and minimal computation time (T = 56 s). 

For continuous assessment of diesel fuel characteristics, a hybrid model based on lin-

ear regression and artificial neural networks was developed using real process tempera-

ture measurements [71]. 

The modeling process generally includes several stages. First, data collection is re-

quired: process parameters (e.g., temperature, pressure, feed rate, etc.) and laboratory 

analysis of feed and products. Then, preliminary data processing, integration from differ-

ent sources, and data quality analysis are performed using statistical methods and/or 

ML/AI. Next, a model is selected (from simple regression to more complex neural net-

work, ML, decision tree or deep learning models) based on requirements for accuracy, 

computation speed, process complexity, etc. At this stage, missing/erroneous data must 

be handled using specialized algorithms [72], such as the expectation maximization algo-

rithm [73], Bayesian methods [74], or various Kalman filter variants [75]. 

For multi-criteria problems, Pareto ranking methods can be used to identify sets of 

non-dominated solutions. For example, to analyze the influence of multiple factors, in-

cluding the most significant ones (feed switching time, coke level in drums, temperature 

in the rectification column bottoms, and steam flow rate) on reactor drum pressure in a 

delayed coking unit, Pareto charts were constructed. The significance probability for fac-

tor effects was 0.95–0.98. It turned out that the strongest influence on system pressure was 

exerted by the feed stream switching time (rate) in the coking and rectification section. 

Based on a regression model of pressure dynamics in the coking/rectification system and 

Pareto analysis, an optimal operating mode was determined that eliminated pressure 

surges in the coke drums. Pressure surges can cause entrainment of coke particles from 

the reactor drums into the rectification column bottom, leading to column and filter plug-

ging and subsequent failure [76]. 

2.4. Combinatorial Approach to Model Selection 

The critical review of existing approaches reveals a fundamental gap—the absence 

of a methodology that adaptively selects mathematical models depending on specific pro-

cess conditions and target quality parameters. Industrial practice shows that no universal 
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model exists; the prediction accuracy of different coke parameters depends strongly on 

operating conditions and feed characteristics. 

This gap motivates development of a fundamentally new approach—an adaptive 

model constructor that dynamically selects an optimal mathematical description for each 

specific scenario. Such an approach should consider not only prediction accuracy but also 

practical aspects such as availability of input data, computational complexity, and inter-

pretability of results. 

In this work, a combinatorial approach is considered for determining appropriate 

models, which allows overcoming the fundamental limitation of traditional methods and 

finding a compromise between universality and accuracy. Instead of searching for a single 

model adequate under all conditions, the system adaptively forms optimal combinations 

of models specific to particular process scenarios. 

An analogue of this approach can be found in ensemble modeling techniques used 

in other fields. These approaches are based on algorithms that reduce prediction variance 

by using multiple equations simultaneously, effectively forming a system of recursive 

equations. Model selection strategies may include filter methods (based on correlation 

analysis and stationarity tests), wrapper methods (sequential feature selection with model 

quality assessment), and embedded methods (regularization during training). Cross-val-

idation with partitioning provides an objective assessment of generalization ability, while 

informativeness criteria help balance accuracy and complexity. 

3. Materials and Methods 

3.1. Methodology of the Combinatorial Model Constructor Approach 

The combinatorial modeling approach is a method of process optimization when cre-

ating digital twins of production systems. In the context of PI-ML (Physics-Informed Ma-

chine Learning), combinatorial modeling means integrating physical laws with machine 

learning to construct accurate digital twins of the coking process. The motivation for this 

approach is the need to increase coke production efficiency and optimize coking processes 

using modern digital technologies. 

The term “physics-informed” in our combinatorial approach is realized through 

three primary mechanisms: 

1. The structure of each candidate model is derived from established physicochemical 

relationships (e.g., exponential temperature dependence akin to Arrhenius law, lin-

ear additive effects of feedstock components); 

2. The ranges of all tunable coefficients and input variables (Section 3.4.1) are con-

strained based on physical feasibility and industrial operating windows; 

3. The cross-parameter dependency network (Section 3.5.4) encodes known causal links 

between coke properties (e.g., porosity affecting strength). 

This distinguishes our approach from purely data-driven “black-box” models, as 

every term in the equations retains a physical or chemical interpretation. 

Below we describe the structure of the adaptive model constructor and the forecast-

ing models for petroleum coke quality parameters. 

3.2. Architecture of the Constructor 

The developed model builder is a modular system implementing the principle of 

adaptive selection of mathematical models for multi-parameter forecasting of petroleum 

coke quality. The architectural concept is based on decomposing the overall problem into 

interconnected subsystems that ensure flexibility, scalability, and interpretability of re-

sults. The architecture is built around two main structural elements: a library of 
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mathematical models serves as the system’s core, while a secondary optimization loop 

calculates parameters and key factors depending on the problem being solved. 

The system’s core is implemented as an object-oriented structure, where each coke 

quality parameter is associated with a library of specialized candidate models. A key foun-

dation of this approach is the mechanism of cross-parameter dependencies, which allows 

for the mutual influence of selected models to be taken into account through common 

intermediate variables. For example, the choice of a porosity model directly affects the 

accuracy of mechanical strength forecasting using the bulk density parameter. 

The optimization module is integrated into the architecture via a unified interface, 

enabling interaction with various search algorithms. The system supports the calculation 

of parameters using a genetic algorithm taking into account cross-parameter relation-

ships, which allows the optimization strategy to be adapted to the specifics of the problem 

being solved. 

3.3. Library of Mathematical Models 

The mathematical model library is formed based on a systematic analysis of physi-

cochemical mechanisms of coking and includes 32 specialized descriptions grouped by 8 

quality parameters (Figure 1). 

 

Figure 1. Scheme of PI-ML models of quality indicators of petroleum coke. 

Note that the flowchart uses abbreviated model names. Next, we formalize the mod-

els and provide a brief description, grouping the input, configurable, and reference pa-

rameters. 

3.3.1. Volatile Matter Models (VM) 

The first group of models calculates the volatile matter content during coking of pe-

troleum residues. We introduce four models with the following shared elements: 

• VM—calculated volatile matter content; 

• VM_base—base value of the parameter; 

• T—current temperature; 

• T_ref—standard coking temperature; 

• t—process time. 
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Other varying coefficients are described in each model. 

VM1: Linear Decomposition Model 

This model estimates volatile matter content via corrections for temperature devia-

tions and correction coefficients: 

𝑉𝑀 = 𝑉𝑀𝑏𝑎𝑠𝑒 × (1 − 𝑘𝑡𝑒𝑚𝑝_𝑇 × (𝑇 − 𝑇𝑟𝑒𝑓) − 𝑘𝑡𝑖𝑚𝑒 × 𝑡), (1) 

where 

𝑘𝑡𝑒𝑚𝑝_𝑡—temperature coefficient of the exponential model; 

𝑘𝑡𝑖𝑚𝑒—temporal coefficient of the linear model. 

The model is effective at elevated temperatures (>500 °C), where the relationships 

become essentially nonlinear. The adaptation parameters include the temperature and 

time dependence coefficients. 

VM2: Exponential Thermal Destruction Model 

This model is a modification of the base model under the assumption of a nonlinear 

dependence: 

𝑉𝑀 = 𝑉𝑀𝑏𝑎𝑠𝑒 × ex𝑝(1−𝑘𝑡𝑒𝑚𝑝_ex𝑝×(𝑇−𝑇𝑟𝑒𝑓)−𝑘𝑡𝑖𝑚𝑒_ex𝑝×𝑡), (2) 

where 

𝑘𝑡𝑒𝑚𝑝_ex𝑝—temperature coefficient of the exponential model; 

𝑘𝑡𝑖𝑚𝑒—temporal coefficient of the exponential model. 

The model is effective at elevated temperatures (>500 °C), where the relationships 

become essentially nonlinear. The adaptation parameters include the temperature and 

time dependence coefficients. 

VM3: Pressure-Corrected Model 

This model assumes an exponential dependence with explicit consideration of pres-

sure: 

𝑉𝑀 = 𝑉𝑀𝑏𝑎𝑠𝑒 × ex𝑝(−𝑘𝑡𝑒𝑚𝑝_𝑃×𝑇)×(1−𝑘𝑡𝑖𝑚𝑒_𝑃×𝑡)×(1−𝑘𝑝𝑟𝑒𝑠×(𝑃−𝑃𝑟𝑒𝑓)), (3) 

where 

𝑘𝑡𝑒𝑚𝑝_𝑃—temperature coefficient of the pressure-corrected model; 

𝑘𝑡𝑖𝑚𝑒_𝑃 −temporal coefficient; 

𝑘𝑝𝑟𝑒𝑠 −pressure influence coefficient; 

𝑃—current pressure; 

𝑃𝑟𝑒𝑓—base pressure. 

The model integrates the effect of the partial pressure of volatile products and is crit-

ically important for delayed coking units operated at elevated pressure. 

VM4: Feedstock Composition Model 

This model accounts for the decomposition of heavy fractions such as asphaltenes 

and metal-containing components, which provides high accuracy in practical operation: 

𝑉𝑀 = (𝑉𝑀𝑏𝑎𝑠𝑒 + 𝑘𝑎𝑠𝑝ℎ_𝑉𝑀 × As − 𝑘𝑚𝑒𝑡_𝑉𝑀 ×𝑀e) × ex𝑝(−𝑘𝑡𝑒𝑚𝑝_𝑐×𝑇
𝑘𝑒𝑥𝑝)×(1−𝑘𝑡𝑖𝑚𝑒_𝑐×ln⁡(𝑡+𝑡𝑚𝑖𝑛)), (4) 

where 

𝑘𝑎𝑠𝑝ℎ_𝑉𝑀—coefficient describing the influence of asphaltene components; 

As—asphaltene concentration; 

𝑘𝑚𝑒𝑡_𝑉𝑀—coefficient describing the influence of metallic impurities; 

𝑀e—concentration of metallic impurities; 

𝑘𝑡𝑒𝑚𝑝_𝑐—temperature-dependence coefficient; 
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𝑘𝑒𝑥𝑝—temperature exponent; 

𝑘𝑡𝑖𝑚𝑒_𝑐—temporal coefficient; 

𝑡𝑚𝑖𝑛—minimum (threshold) time that ensures the argument of the logarithm remains pos-

itive. 

In this case, the predicted value 𝑉𝑀 is formed as the product of three factors: a com-

posite base value (adjusted for asphaltenes and metals), temperature suppression (expo-

nential decrease with increasing temperature), and time-dependent degradation. 

The choice among the above models when estimating the possible content of volatile 

matter depends not only on the volume and quality of the initial data, but also on a num-

ber of other factors such as computing performance and the type of coking unit. 

3.3.2. Sulfur Content Models (S) 

Sulfur is one of the key components that negatively affect petroleum coke quality. 

We consider four models for predicting its content in the final product. The models share 

the following parameters: 

• 𝑆𝑐𝑜𝑘𝑒—predicted sulfur content in the product; 

• 𝑆𝑓𝑒𝑒𝑑—sulfur content in the feedstock; 

• 𝑘𝑟𝑒𝑡—sulfur retention coefficient in the coking process. 

S1: Base Sulfur Retention Model 

This model describes a linear relationship between sulfur in the feed and sulfur in 

the product: 

𝑆𝑐𝑜𝑘𝑒 = 𝑆𝑓𝑒𝑒𝑑 × 𝑘𝑟𝑒𝑡 . (5) 

The linear sulfur retention model provides satisfactory accuracy for feedstocks with 

a stable chemical composition. 

S2: Metal-Catalytic Sulfur Model 

This model describes the dependence of the predicted sulfur content on the feed sul-

fur with a correction for metallic impurities: 

𝑆𝑐𝑜𝑘𝑒 = 𝑆𝑓𝑒𝑒𝑑 × 𝑘𝑟𝑒𝑡 × (1 + 𝑘𝑚𝑒𝑡_𝑆 ×𝑀𝑒), (6) 

where 

𝑘𝑚𝑒𝑡_𝑆—coefficient describing the influence of metallic impurities on coking (requires pre-

cise calibration for each feedstock); 

𝑀𝑒—concentration of metallic impurities in the feed. 

The model accounts for the catalytic effect of metallic impurities on sulfur retention 

reactions and is suitable for processes where metallic impurities (e.g., Fe, Ni, V) act as 

coking catalysts. 

S3: Temperature-Activated Sulfur Model 

This model describes the dependence of sulfur content on the coking temperature: 

𝑆𝑐𝑜𝑘𝑒 = 𝑆𝑓𝑒𝑒𝑑 × (𝑘𝑟𝑒𝑡 + 𝑘𝑡𝑒𝑚𝑝_𝑆 × (𝑇 − 𝑇𝑟𝑒𝑓)), (7) 

where 

𝑘𝑡𝑒𝑚𝑝_𝑆—temperature coefficient of sulfur retention. 

The model incorporates temperature activation of desulfurization processes and is 

used for regimes with variable coking temperature. 

S4: Complex Multi-Factor Sulfur Model 

This model integrates multi-factor dependencies and cross-effects: 
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𝑆𝑐𝑜𝑘𝑒 = 𝑆𝑓𝑒𝑒𝑑 × (𝑘𝑟𝑒𝑡 + 𝑘𝑡𝑒𝑚𝑝_𝑆4 × (𝑇 − 𝑇𝑟𝑒𝑓) + 𝑘𝑚𝑒𝑡_𝑆4 ×𝑀𝑒) ×

× (1 − 𝑘𝑡𝑖𝑚𝑒_𝑆 × t) × (1 + 𝑘𝑝𝑟𝑒𝑠_𝑆 × (𝑃 − 𝑃𝑟𝑒𝑓)),
 (8) 

where 

𝑘𝑡𝑒𝑚𝑝_𝑆4—temperature sensitivity coefficient (deviation from the reference temperature); 

𝑘𝑚𝑒𝑡_𝑆4—coefficient describing the influence of metallic impurities; 

𝑘𝑡𝑖𝑚𝑒_𝑆—time-dependence coefficient;   

𝑘𝑝𝑟𝑒𝑠_𝑆—pressure sensitivity coefficient. 

The model requires a substantial data volume to reliably parameterize and recali-

brate the coefficients as feedstock and process conditions change. 

The presented sulfur-content models make it possible to derive correction coefficients 

for predicting the final sulfur level in the product. 

3.3.3. Porosity Models (Por) 

Porosity is one of the important quality metrics of petroleum coke. We describe po-

rosity models using the following shared notation: 

• 𝑃𝑜𝑟—predicted porosity of coke; 

• 𝑃𝑜𝑟𝑏𝑎𝑠𝑒—base porosity at standard coking temperature; 

• 𝑘𝑡𝑒𝑚𝑝_𝑝𝑜𝑟(1−4)—temperature coefficients of porosity variation; 

• 𝑇—current temperature; 

• 𝑇𝑟𝑒𝑓—standard coking temperature. 

Por1: Temperature Model 

This model shows how the base porosity changes when the temperature deviates 

from the reference value: 

𝑃𝑜𝑟 = 𝑃𝑜𝑟𝑏𝑎𝑠𝑒 − 𝑘𝑡𝑒𝑚𝑝_𝑝𝑜𝑟1 × (𝑇 − 𝑇𝑟𝑒𝑓). (9) 

The simplified model is easy to compute and assumes a linear dependence of poros-

ity on temperature. However, it has limitations: in practice, the dependence can be non-

linear, and ignoring other factors may degrade predictive quality. 

Por2: Heating-Rate Model 

This model accounts for the kinetics of gas release and pore structure formation: 

𝑃𝑜𝑟 = 𝑃𝑜𝑟𝑏𝑎𝑠𝑒 − 𝑘𝑡𝑒𝑚𝑝_𝑝𝑜𝑟2 × (𝑇 − 𝑇𝑟𝑒𝑓) + 𝑘𝑟𝑎𝑡𝑒_𝑝𝑜𝑟2 × 𝐻𝑅, (10) 

where 

𝑘𝑟𝑎𝑡𝑒_𝑝𝑜𝑟2 —heating-rate coefficient reflecting the influence of process dynamics on the 

coke macrostructure; 

𝐻𝑅—heating rate of the feedstock. 

Introducing heating rate into the formula imposes additional constraints on the com-

putational speed of the procedures. 

Por3: Structural–Composition Model 

This model describes the dependence of porosity on several key factors: temperature, 

asphaltene content, and metallic impurities: 

𝑃𝑜𝑟 = 𝑃𝑜𝑟𝑏𝑎𝑠𝑒 − 𝑘𝑡𝑒𝑚𝑝_𝑝𝑜𝑟3 × (𝑇 − 𝑇𝑟𝑒𝑓) + 𝑘𝑎𝑠𝑝ℎ_𝑝𝑜𝑟 × As − 𝑘𝑚𝑒𝑡_𝑝𝑜𝑟 ×Me, (11) 

where 

𝑘𝑟𝑎𝑡𝑒_𝑝𝑜𝑟3—heating-rate coefficient; 

𝑘𝑎𝑠𝑝ℎ_𝑝𝑜𝑟—coefficient describing the influence of asphaltenes on porosity; 

𝑘𝑚𝑒𝑡_𝑝𝑜𝑟—coefficient describing the influence of metallic impurities. 
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The model requires joint adjustment and tuning of three groups of parameters. 

Por4: Multi-Phase Pressure-Aware Model 

This model again accounts for gas evolution kinetics and pore structure formation, 

explicitly including pressure: 

𝑃𝑜𝑟 = 𝑃𝑜𝑟𝑏𝑎𝑠𝑒 − 𝑘𝑡𝑒𝑚𝑝_𝑝𝑜𝑟3 × (𝑇 − 𝑇𝑟𝑒𝑓) + 𝑘𝑟𝑎𝑡𝑒_𝑝𝑜𝑟4 × 𝐻𝑅 + 𝑘𝑝𝑟𝑒𝑠_𝑝𝑜𝑟 × (𝑃 − 𝑃𝑟𝑒𝑓), (12) 

where 

𝑘𝑟𝑎𝑡𝑒_𝑝𝑜𝑟4—heating-rate coefficient in this model; 

𝐻𝑅—heating rate; 

𝑘𝑝𝑟𝑒𝑠_𝑝𝑜𝑟—pressure sensitivity coefficient. 

The model incorporates the influence of pressure changes, which is critical for de-

layed coking units (DCUs), since elevated pressure compacts the coke mass and reduces 

porosity. 

3.3.4. Density Models (De) 

The density of petroleum coke is a key indicator characterizing the quality of the 

commercial product. It defines the product volume and reflects the compactness of the 

carbon matrix at the micro-scale. We describe four models, using the following core pa-

rameters: 

• 𝐷𝑒—predicted coke density; 

• 𝐷𝑒𝑏𝑎𝑠𝑒—base density at standard coking temperature; 

• 𝑘𝑡𝑒𝑚𝑝_𝑑𝑒(1–4)—temperature coefficients of density variation. 

De1: Linear Graphitization Model 

This model describes the dependence of density on the deviation of the coking tem-

perature from its reference value: 

𝐷𝑒 = 𝐷𝑒𝑏𝑎𝑠𝑒 − 𝑘𝑡𝑒𝑚𝑝_𝑑𝑒1 × (𝑇 − 𝑇𝑟𝑒𝑓). (13) 

The model is applicable within a certain temperature range where the linear depend-

ence holds. Outside this range, more complex models are required. 

De2: Feedstock Cokability Model 

This model expresses density as a function of feedstock CCR (coke-forming ten-

dency): 

𝐷𝑒 = 𝐷𝑒𝑏𝑎𝑠𝑒 + 𝑘𝑡𝑒𝑚𝑝_𝑑𝑒2 × (𝑇 − 𝑇𝑟𝑒𝑓) + 𝑘𝐶𝐶𝑅1 × (𝐶𝐶𝑅 − 𝐶𝐶𝑅𝑟𝑒𝑓), (14) 

where 

𝑘𝐶𝐶𝑅1—coefficient describing the influence of CCR on density; 

𝐶𝐶𝑅—cokability index; 

𝐶𝐶𝑅𝑟𝑒𝑓—its base value. 

The model enables comparative analysis of different feedstocks; with a sufficiently 

large industrial database, it can be used to identify ranges of dependence between feed-

stock type and coking results. 

De3: Complex Structural Model 

This model describes density as a function of temperature, cokability, and porosity: 

𝐷𝑒 = 𝐷𝑒𝑏𝑎𝑠𝑒 + 𝑘𝑡𝑒𝑚𝑝_𝑑𝑒3 × (𝑇 − 𝑇𝑟𝑒𝑓) + 𝑘𝐶𝐶𝑅2 × (𝐶𝐶𝑅 − 𝐶𝐶𝑅𝑟𝑒𝑓) − 𝑘𝑝𝑜𝑟_𝐷𝑒 × 𝑃𝑜𝑟, (15) 

where 

𝑘𝐶𝐶𝑅2—coefficient describing the influence of cokability on density; 
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𝑘𝑝𝑜𝑟_𝐷𝑒—porosity coefficient; 

𝑃𝑜𝑟—predicted porosity. 

The model captures the mutual influence of different material characteristics and is 

especially effective for blended feedstocks and variable target quality requirements for the 

final coke. 

De4: Anisotropy and Composition Model 

This model describes a (quasi-)linear dependence of density on four key factors: 

⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡
𝐷𝑒 = 𝐷𝑒𝑏𝑎𝑠𝑒 + 𝑘𝑡𝑒𝑚𝑝_𝑑𝑒4 × (𝑇 − 𝑇𝑟𝑒𝑓) + 𝑘𝐶𝐶𝑅3 × (𝐶𝐶𝑅 − 𝐶𝐶𝑅𝑟𝑒𝑓) +

+𝑘𝑎𝑠𝑝ℎ_𝑑𝑒 × As − 𝑘𝑚𝑒𝑡_𝑑𝑒 ×Me,
 (16) 

where 

𝑘𝐶𝐶𝑅3—cokability coefficient; 

𝑘𝑎𝑠𝑝ℎ_𝑑𝑒—asphaltene influence coefficient; 

𝑘𝑚𝑒𝑡_𝑑𝑒—metal influence coefficient. 

The model allows prediction of petroleum coke density under changing process con-

ditions and feed composition, which is useful for optimizing operating regimes and pro-

cess calculations. 

3.3.5. Mechanical Strength Models (St) 

Mechanical strength characterizes the resistance of coke lumps to fracture under me-

chanical loads. We consider models with the following common parameters: 

• 𝑆𝑡—predicted mechanical strength of coke; 

• 𝑆𝑡𝑏𝑎𝑠𝑒—base mechanical strength at standard coking temperature; 

• 𝑘𝑡𝑒𝑚𝑝_𝑠𝑡(1–4)—temperature coefficients of strength variation; 

• 𝑘𝑝𝑜𝑟_𝑠𝑡—coefficient describing the influence of porosity on mechanical strength. 

St1: Base Temperature Strength Model 

This model describes the dependence of mechanical strength on sintering tempera-

ture: 

𝑆𝑡 = 𝑆𝑡𝑏𝑎𝑠𝑒 − 𝑘𝑡𝑒𝑚𝑝_𝑠𝑡1 × (𝑇 − 𝑇𝑟𝑒𝑓). (17) 

The model is applicable within a specified temperature range; the temperature coef-

ficient indicates that strength decreases as temperature increases. 

St2: Porosity-Corrected Strength Model 

This model describes strength as a function of temperature with explicit considera-

tion of porosity: 

𝑆𝑡 = 𝑆𝑡𝑏𝑎𝑠𝑒 − 𝑘𝑡𝑒𝑚𝑝_𝑠𝑡2 × (𝑇 − 𝑇𝑟𝑒𝑓) − 𝑘𝑝𝑜𝑟_𝑠𝑡1 × 𝑃𝑜𝑟. (18) 

The negative influence of porosity becomes particularly pronounced at high porosity 

values. 

St3: Particle Size Distribution Model 

This model describes the dependence of mechanical strength on temperature, poros-

ity, and particle size: 

𝑆𝑡 = 𝑆𝑡𝑏𝑎𝑠𝑒 − 𝑘𝑡𝑒𝑚𝑝_𝑠𝑡3 × (𝑇 − 𝑇𝑟𝑒𝑓) − 𝑘𝑝𝑜𝑟_𝑠𝑡2 × 𝑃𝑜𝑟 + 𝑘𝑠𝑖𝑧𝑒 × 𝑃𝑆, (19) 

where 

𝑘𝑠𝑖𝑧𝑒—coefficient describing the influence of particle size on strength; 

𝑃𝑆—characteristic coke particle size. 
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The influence of particle size may be nonlinear within certain ranges. The model is 

useful when the subsequent process targets powder mixtures containing petroleum coke. 

St4: Complex Structural–Composition Model 

This model expresses mechanical strength as a function of temperature, porosity, as-

phaltene content, and metallic impurities: 

𝑆𝑡 = 𝑆𝑡𝑏𝑎𝑠𝑒 − 𝑘𝑡𝑒𝑚𝑝_𝑠𝑡4 × (𝑇 − 𝑇𝑟𝑒𝑓) − 𝑘𝑝𝑜𝑟_𝑠𝑡3 × 𝑃𝑜𝑟 + 𝑘𝑎𝑠𝑝ℎ_𝑠𝑡 × As − 𝑘𝑚𝑒𝑡_𝑠𝑡 ×Me, (20) 

where 

𝑘𝑎𝑠𝑝ℎ_𝑠𝑡—asphaltene influence coefficient; 

𝑘𝑚𝑒𝑡_𝑠𝑡—metal influence coefficient. 

The model is relatively complex but enables multiparametric analysis of the effects 

of various factors on strength. 

3.3.6. Thermal Conductivity Models (TC) 

The thermal conductivity of petroleum coke reflects its ability to conduct heat. It de-

termines how efficiently coke transfers thermal energy from hotter to cooler regions and 

thus is an important quality characteristic of the final product. We describe four main 

models using the following: 

• 𝜆—predicted thermal conductivity; 

• 𝜆𝑏𝑎𝑠𝑒—base thermal conductivity at standard temperature; 

• 𝑘𝑡𝑒𝑚𝑝_𝑡𝑐(1–4)—temperature coefficients of thermal conductivity. 

TC1: Base Thermal Conductivity Model 

This model shows how thermal conductivity changes as temperature deviates from 

the reference value: 

𝜆 = 𝜆𝑏𝑎𝑠𝑒 − 𝑘𝑡𝑒𝑚𝑝_𝑡𝑐1 × (𝑇 − 𝑇𝑟𝑒𝑓). (21) 

The sign of 𝑘𝑡𝑒𝑚𝑝_𝑡𝑐1determines the character of the dependence. The model is appli-

cable within a certain temperature range; outside the linearity range, more complex mod-

els are required. 

TC2: Density–Structure Model 

This model describes the dependence of the thermal conductivity coefficient on tem-

perature and density: 

𝜆 = 𝜆𝑏𝑎𝑠𝑒 − 𝑘𝑡𝑒𝑚𝑝_𝑡𝑐2 × (𝑇 − 𝑇𝑟𝑒𝑓) + 𝑘𝑑𝑒_𝑡𝑐1 × (𝐷𝑒 − 𝐷𝑒𝑟𝑒𝑓), (22) 

where 

𝑘𝑑𝑒_𝑡𝑐1—coefficient describing the influence of coke density on thermal conductivity; 

𝐷𝑒—predicted density; 

𝐷𝑒𝑟𝑒𝑓—reference density at which 𝜆 = 𝜆𝑏𝑎𝑠𝑒. 

The model provides more accurate predictions than the base model. 

TC3: Sulfur-Corrected Model 

This model describes the dependence of thermal conductivity on temperature, den-

sity, and sulfur content in coke: 

𝜆 = 𝜆𝑏𝑎𝑠𝑒 − 𝑘𝑡𝑒𝑚𝑝_𝑡𝑐3 × (𝑇 − 𝑇𝑟𝑒𝑓) + 𝑘𝑑𝑒_𝑡𝑐2 × (𝐷𝑒 − 𝐷𝑒𝑟𝑒𝑓) − 𝑘𝑠𝑢𝑙𝑓_𝑡𝑐1 × 𝑆𝑐𝑜𝑘𝑒, (23) 

where 

𝑘𝑑𝑒_𝑡𝑐2—density coefficient; 

𝑘𝑠𝑢𝑙𝑓_𝑡𝑐1—sulfur influence coefficient; 

𝑆𝑐𝑜𝑘𝑒—predicted sulfur content. 
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Sulfur is explicitly included because it deteriorates the crystalline structure of coke 

and reduces thermal conductivity. 

TC4: Multi-Factor Anisotropic Model 

This model describes thermal conductivity as a function of temperature, density, sul-

fur content, and degree of graphitization: 

𝜆 = 𝜆𝑏𝑎𝑠𝑒 − 𝑘𝑡𝑒𝑚𝑝_𝑡𝑐4 × (𝑇 − 𝑇𝑟𝑒𝑓) + 𝑘𝑑𝑒_𝑡𝑐3 × (𝐷𝑒 − 𝐷𝑒𝑟𝑒𝑓) −

−𝑘𝑠𝑢𝑙𝑓_𝑡𝑐2 × 𝑆𝑐𝑜𝑘𝑒 + 𝑘𝑔𝑟_𝑡𝑐1 × 𝐺𝑟,
 (24) 

where 

𝑘𝑑𝑒_𝑡𝑐3—density coefficient; 

𝑘𝑠𝑢𝑙𝑓_𝑡𝑐2—sulfur coefficient; 

𝑘𝑔𝑟_𝑡𝑐1—graphitization coefficient; 

𝐺𝑟—degree of graphitization. 

The model is sufficiently complex and tightly coupled with other models. 

3.3.7. Coefficient of Thermal Expansion (CTE) 

The coefficient of thermal expansion characterizes the stability of coke geometry un-

der temperature fluctuations, which is critical for electrode production and high-temper-

ature structural applications. The following notation is used for all models: 

• 𝐶𝑇𝐸—coefficient of thermal (linear) expansion; 

• 𝐶𝑇𝐸𝑏𝑎𝑠𝑒—base coefficient at standard temperature; 

• 𝑘𝑡𝑒𝑚𝑝_𝑐𝑡𝑒(1–4)—temperature coefficients of 𝐶𝑇𝐸variation. 

CTE1: Linear Temperature Model 

This model describes the dependence of 𝐶𝑇𝐸on coking temperature: 

𝐶𝑇𝐸 = 𝐶𝑇𝐸𝑏𝑎𝑠𝑒 − 𝑘𝑡𝑒𝑚𝑝_𝑐𝑡𝑒1 × (𝑇 − 𝑇𝑟𝑒𝑓). (25) 

The model is applicable within a certain temperature range; beyond the linearity 

range, more complex models are needed. 

CTE2: Graphitization-Aware Model 

This model includes two key factors affecting the coefficient of thermal expansion: 

𝐶𝑇𝐸 = 𝐶𝑇𝐸𝑏𝑎𝑠𝑒 − 𝑘𝑡𝑒𝑚𝑝_𝑐𝑡𝑒2 × (𝑇 − 𝑇𝑟𝑒𝑓)−𝑘𝑔𝑟_𝑐𝑡𝑒1 × 𝐺𝑟, (26) 

where 

𝑘𝑔𝑟_𝑐𝑡𝑒1—coefficient describing the influence of graphitization on thermal expansion. 

The linear structure of the model ensures simple calculations. However, it is neces-

sary to control the applicability range of the coefficients, and substantial deviation of pa-

rameters from the reference values may require coefficient recalibration. 

CTE3: Structural–Composition Model 

This model describes the dependence of thermal expansion on temperature, graphi-

tization, sulfur, and metallic impurities: 

𝐶𝑇𝐸 = 𝐶𝑇𝐸𝑏𝑎𝑠𝑒 − 𝑘𝑡𝑒𝑚𝑝_𝑐𝑡𝑒3 × (𝑇 − 𝑇𝑟𝑒𝑓)−𝑘𝑔𝑟_𝑐𝑡𝑒2 × 𝐺𝑟⁡ −

−𝑘𝑠𝑢𝑙𝑓_𝑐𝑡𝑒1 × 𝑆𝑐𝑜𝑘𝑒 + 𝑘𝑚𝑒𝑡_𝑐𝑡𝑒 ×Me,
 (27) 

where 

𝑘𝑔𝑟_𝑐𝑡𝑒2—graphitization coefficient; 

𝑘𝑚𝑒𝑡_𝑐𝑡𝑒—coefficient describing the influence of metallic impurities; 

𝑘𝑠𝑢𝑙𝑓_𝑐𝑡𝑒1—sulfur influence coefficient. 
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In essence, this model attempts to account for the chemical composition of the feed-

stock and its impact on coke quality via sulfur and metal structural components. 

CTE4: Tensor Anisotropy Model 

This model incorporates five key factors affecting the coefficient of thermal expan-

sion: 

𝐶𝑇𝐸 = 𝐶𝑇𝐸𝑏𝑎𝑠𝑒 − 𝑘𝑡𝑒𝑚𝑝_𝑐𝑡𝑒4 × (𝑇 − 𝑇𝑟𝑒𝑓)−𝑘𝑔𝑟_𝑐𝑡𝑒3 × 𝐺𝑟⁡ −

−𝑘𝑠𝑢𝑙𝑓_𝑐𝑡𝑒2 × 𝑆𝑐𝑜𝑘𝑒 + 𝑘𝑎𝑛_𝑐𝑡𝑒 × 𝐴𝑛,
 (28) 

where 

𝑘𝑔𝑟_𝑐𝑡𝑒3—graphitization coefficient; 

𝑘𝑎𝑛_𝑐𝑡𝑒—anisotropy coefficient; 

𝑘𝑠𝑢𝑙𝑓_𝑐𝑡𝑒2—sulfur influence coefficient; 

𝐴𝑛—the degree of structural anisotropy of coke. 

The complexity and strong mutual influence of factors in this model are compensated 

by the higher effort required to select and tune the parameters. 

3.3.8. Reactivity (RC) 

Coke reactivity characterizes its propensity to enter chemical reactions at elevated 

temperatures. High reactivity leads to excessive coke burn-off in industrial processes, in-

creasing feed consumption, reducing the yield of target products (e.g., aluminum in elec-

trolysis), and potentially destabilizing operation. The following notation is used: 

• 𝑅𝐶—predicted reactivity; 

• 𝑅𝐶𝑏𝑎𝑠𝑒—base reactivity at standard temperature; 

• 𝑘𝑉𝑀(1–4)—coefficients describing the influence of volatile matter on reactivity. 

RC1: Volatile Matter-Based Model 

This model describes a direct relationship between volatile matter content and coke 

reactivity: 

𝑅𝐶 = 𝑅𝐶𝑏𝑎𝑠𝑒 + 𝑘𝑉𝑀1 × 𝑉𝑀. (29) 

An increase in volatile matter content leads to increased reactivity. 

RC2: Catalytic Metal Model 

This model describes reactivity as a function of volatile matter and metallic impuri-

ties: 

𝑅𝐶 = 𝑅𝐶𝑏𝑎𝑠𝑒 + 𝑘𝑉𝑀2 × 𝑉𝑀 + 𝑘𝑚𝑒𝑡_𝑟𝑐1 ×Me, (30) 

where 

𝑘𝑚𝑒𝑡_𝑟𝑐1—coefficient describing the influence of metallic impurities. 

Compared to the base model, this formulation allows more accurate prediction of 

reactivity and can distinguish the catalytic effects of different metals. 

RC3: Structural–Porous Model 

This model describes reactivity as a function of volatile matter, metallic impurities, 

and pore structure: 

𝑅𝐶 = 𝑅𝐶𝑏𝑎𝑠𝑒 + 𝑘𝑉𝑀3 × 𝑉𝑀 + 𝑘𝑚𝑒𝑡_𝑟𝑐2 ×Me + 𝑘𝑝𝑜𝑟_𝑟𝑐1 × 𝑃𝑜𝑟, (31) 

where 

𝑘𝑚𝑒𝑡_𝑟𝑐2—metallic impurities coefficient; 

𝑘𝑝𝑜𝑟_𝑟𝑐1—coefficient describing the influence of coke porosity. 
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The model allows assessment of the influence of microstructure on reactivity and 

provides more accurate predictions than the previous models. 

RC4: Complex Multi-Factor Model 

This model accounts for five key factors influencing reactivity: 

𝑅𝐶 = 𝑅𝐶𝑏𝑎𝑠𝑒 + 𝑘𝑉𝑀4 × 𝑉𝑀 + 𝑘𝑚𝑒𝑡_𝑟𝑐3 ×Me + 𝑘𝑝𝑜𝑟_𝑟𝑐2 × 𝑃𝑜𝑟 +

+𝑘𝑠𝑢𝑙𝑓_𝑟𝑐 × 𝑆𝑐𝑜𝑘𝑒 + 𝑘𝑔𝑟_𝑟𝑐 × 𝐺𝑟
, (32) 

where 

𝑘𝑚𝑒𝑡_𝑟𝑐3—metallic impurities coefficient; 

𝑘𝑝𝑜𝑟_𝑟𝑐2—porosity coefficient; 

𝑘𝑔𝑟_𝑟𝑐—graphitization coefficient;  

𝑘𝑠𝑢𝑙𝑓_𝑟𝑐—sulfur coefficient. 

The model makes it possible to assess the simultaneous influence of all significant 

factors. 

3.4. Model Inputs and Variables 

Based on the models described above, we identify the complete list of required pa-

rameters and define the overall search space: 

• Input parameters: 19 variables. 

• Tunable coefficients: ~120 parameters (optimized during training). 

• Total search space: 524,288 model combinations × 120 parameters. 

Such a system provides maximum flexibility and predictive accuracy while preserv-

ing physical interpretability of all coefficients. 

3.4.1. Model Input Parameters 

The input parameters of the model are quantitative and qualitative characteristics of 

the feedstock chemical composition used to produce petroleum coke, as well as process-

related operating parameters. These parameters are described in Table 1. 

Table 1. Description of process input parameters and raw materials. 

Parameter Notation Units Range Description 

Coking temperature T °C 450–550 Maximum process temperature 

Pressure P bar 1–5 Operating pressure 

Process time t h 12–48 Cycle duration 

Sulfur in feedstock Sfeed wt% 1–5 Sulfur content in feed 

Metals content Me ppm 50–500 Sum of V + Ni 

Asphaltene content As wt% 5–25 Asphaltenes in feed 

Cokability (CCR) CCR wt% 10–25 Conradson carbon residue 

Heating rate HR °C/h 10–50 Heating rate 

Particle size PS mm 1–10 Mean coke particle size 

Degree of graphitization Gr – 0.1–0.8 Structural order parameter 

Mechanical strength St MPa 20–50 Predicted mechanical strength of coke 

Thermal conductivity λ W/(m·K) 1–8 Coke thermal conductivity 

Anisotropy An – 0–1 Degree of structural anisotropy 

Density (reference) De g/cm3 1.3–1.5 Predicted coke density 

Sulfur in coke Scoke wt% 1–4 Predicted sulfur content 

Porosity Por % 20–60 Predicted porosity 

Volatile matter VM wt% 5–15 Predicted volatile matter content 

Reactivity RC – 20–80 Predicted reactivity 

Coefficient of thermal expansion CTE 10−6/°C 2–6 Predicted thermal expansion coefficient 
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The available feedstock parameters may vary depending on the analytical capabili-

ties of refinery laboratories, which, in turn, affects the choice of mathematical model, its 

applicability, and feasibility of use. 

3.4.2. Tunable and Reference Parameters 

We now describe the key computed and reference parameter values used in the 

global model. The description of the basic coefficients and parameters of the models is 

presented in Table 2. The reference parameters are listed in Table 3. 

Table 2. Description of basic coefficients and model parameters. 

Coefficient Description Used in Models 

*_base Base parameter value All models 

k_temp_* Temperature coefficients All models 

k_time_* Time coefficients VM, S 

k_pres_* Pressure coefficients VM, S, P 

k_met_* Metal coefficients VM, S, P, De, St, CTE, RC 

k_asph_* Asphaltene coefficients VM, Por, De, St 

k_CCR_* Cokability coefficients De 

k_rate_* Heating-rate coefficients Por 

k_por_* Porosity coefficients De, St, RC 

k_de_* Density coefficients TC 

k_ret Sulfur retention coefficients S 

k_sulf_* Sulfur coefficients in final product TC, CTE, RC 

k_gr_* Graphitization coefficients TC, CTE, RC 

k_size Particle size coefficient St 

k_an Anisotropy coefficient CTE 

k_VM_* Volatile matter coefficients RC 

Table 3. Reference parameters. 

Parameter Notation Value Justification 

Reference temperature 𝑇𝑟𝑒𝑓 450 °C Standard coking temperature 

Reference pressure 𝑃𝑟𝑒𝑓 2 bar Typical operating pressure 

Reference CCR 𝐶𝐶𝑅𝑟𝑒𝑓 15% Average CCR value 

Reference density 𝐷𝑒𝑟𝑒𝑓 1.4 g/cm3 Average coke density 

Minimum time 𝑇𝑟𝑒𝑓 1 h Logarithm regularization 

The described parameters significantly influence potential variability in determining 

petroleum coke quality; their completeness depends on the dataset structure and data 

availability. 

3.5. Parameter Selection and Optimization 

3.5.1. Two-Level Optimization Architecture 

A two-level optimization architecture has been developed, combining combinatorial 

model selection with evolutionary parameter tuning (Figure 2). The mathematical formu-

lation of the upper-level problem is 

𝑄 = maximize⁡𝐹𝑖𝑡(M, 𝜃∗(𝑀)), (33) 

where 

𝑀—model combination; 

𝜃𝑀
∗ —model parameters; 
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𝐹𝑖𝑡—fitness function. 

The lower-level problem is 

𝜃∗(𝑀) = 𝑎𝑟𝑔𝑚𝑖𝑛⁡𝑅𝑀𝑆𝐸𝑖(𝑀(𝜃), 𝐷𝑣𝑎𝑙𝑖𝑑), (34) 

where 

𝑅𝑀𝑆𝐸𝑖—root mean square error of the 𝑖-th model on the validation subset; 

𝐷𝑣𝑎𝑙𝑖𝑑—validation data specifying the range of variation for the 𝑖-th parameter. 

Figure 2 shows the flow chart of the two-level optimization procedure algorithm. 

At the upper level, the genetic algorithm searches for the optimal combination of 

models, while at the lower level, each candidate model undergoes fine parameter tuning 

to assess its maximum potential. 

 

Figure 2. Algorithm of the two-level optimization procedure. 
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3.5.2. Genetic Algorithm Implementation 

The key parameters of the genetic algorithm are presented in Table 4. 

Table 4. Genetic algorithm configuration (upper-level model-combination search). 

Category Setting Value/Description 

Encoding Binary part 32 bits (one-of-4 per each of 8 quality parameters) 

Encoding Real-valued part continuous parameters θ of selected submodels 

Initialization Binary genes uniform random (or stratified) 

Initialization Real genes uniform within physics-guided bounds 

Population Size 100 

Generations Max 200 

Crossover Binary type one-point 

Crossover Real type arithmetic crossover, mixing factor α = 0.7 

Crossover Probability 0.8 

Mutation Binary type bit-flip 

Mutation Binary probability 0.05 

Mutation Real type Gaussian mutation 

Mutation Real σ 0.1 

Selection Method tournament 

Selection Tournament size 3 

Elitism Ratio 10% best individuals preserved 

Termination Criterion fitness stagnation for 20 generations (or max generations) 

Constraint handling Parameters projection to bounds + penalty for violations 

Reproducibility Random seed(s) report seeds and number of independent runs per cluster 

The GA hyperparameters were selected to balance exploration of the large combina-

torial space (32-bit model selection part) with the computational cost of the lower-level 

continuous parameter tuning. A relatively high crossover probability (0.8) was used to 

promote recombination of successful model structures, while the mutation rate (0.05) was 

kept sufficient to avoid premature convergence in the binary subspace. Tournament se-

lection (size 3) and 10% elitism provide moderate selection pressure and preserve high-

quality solutions, which is important under a multi-objective fitness function with com-

plexity and runtime penalties (Equation (35)). The stagnation stop criterion (20 genera-

tions) was chosen as a practical runtime cap without enforcing a fixed termination gener-

ation. 

3.5.3. Fitness Function and Optimality Criteria 

The fitness function has a composite structure with adaptive weighting: 

𝐹𝑖𝑡 = 𝛼 × (1 − 𝑁𝑅𝑀𝑆𝐸) + β × 𝐼𝑆 − γ × Com𝑃𝑒 − 𝛿 × 𝑇𝑖𝑚𝑒𝑃𝑒, (35) 

where 

𝐹𝑖𝑡—overall fitness (model quality) indicator; 

𝑁𝑅𝑀𝑆𝐸—normalized root mean square error on the validation subset; 

𝐼𝑆—expert-based interpretability score ranging from 0 to 1; 

Com𝑃𝑒—penalty proportional to the total number of model parameters; 

𝑇𝑖𝑚𝑒𝑃𝑒—penalty for computation time, increasing exponentially when a threshold is ex-

ceeded. 

The coefficients 𝛼, 𝛽, 𝛾, 𝛿—calibrated according to priorities and can be dynamically 

adjusted based on the task. 

CO2 emissions were not explicitly included in the current optimization objective be-

cause the available dataset focuses on feedstock descriptors and coke quality assays, while 

plant-level CO2 estimation requires additional operational tags (e.g., fired-heater fuel 

flow/composition or duty, stack measurements, and flare gas rates). In regulated reporting 
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practice, refinery GHG inventories typically account for CO2 from stationary combustion 

units and flares, and delayed coking units are part of the covered source category. There-

fore, CO2 integration is treated as a modular extension of the proposed framework. 

When such energy and flare data are available, CO2 can be incorporated as an addi-

tional term in the multi-objective fitness function (Equation (35)) by penalizing normal-

ized CO2 intensity (e.g., kg CO2 per tonne of feed or per tonne of coke), which is fully 

compatible with the adaptive-weighting design of the objective. 

3.5.4. Accounting for Cross-Parameter Dependencies 

A critical aspect of optimization is accounting for mutual influence among models 

via shared intermediate variables. A coherence mechanism has been implemented to en-

sure consistency of the selected models (Figure 3). 

 

Figure 3. Scheme of cross-parameter dependencies between petroleum coke quality models. 

The scheme shows the types of cross-parameter dependencies arising during the se-

lection of models for predicting petroleum coke quality characteristics. 

Some examples implemented in the system and their physical and chemical justifica-

tion: 

• Porosity (Por) → Mechanical Strength (St). 

In models St2, St3, and St4 (Equations (18)–(20)), the predicted Por value is included 

as a direct argument: St = ... − k_por_st * Por. 

Increased porosity creates internal stress concentrators and reduces the effective 

cross-section of the material supporting the load. This inverse relationship is a fundamen-

tal principle of the mechanics of porous materials. 

• Density (De) → Thermal Conductivity (TC). 

Models TC2, TC3, and TC4 (Equations (22)–(24)) explicitly use the predicted density: 

λ = ... + k_de_tc * (De − De_ref). 
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The thermal conductivity of carbon materials is directly related to the packing den-

sity of crystallites and the number of contacts between them. Denser coke has a more de-

veloped conductive carbon matrix, which increases the thermal conductivity. 

• Sulfur content in coke (S_coke) → Thermal conductivity (TC) and Coefficient of ther-

mal expansion (CTE). 

The S_coke prediction is included in the TC3, TC4, CTE3, and CTE4 models (Equa-

tions (23), (24), (27), and (28)) with a negative coefficient. 

Sulfur, when incorporated into the carbon lattice, disrupts its periodicity and creates 

defects. This impairs heat transfer (reduces TC) and increases thermal expansion anisot-

ropy due to the rupture of C–C bonds and the presence of weaker C–S bonds. 

• Volatile Matter (VM) and Sulfur (S_coke) → Reactivity (RC). 

VM and S_coke are key parameters in all reactivity models RC1-RC4 (Equations (29)–

(32)). 

Volatile matter (VM) is the residue of light hydrocarbons that readily oxidize, initiat-

ing the reaction. Sulfur acts as a catalytic impurity, lowering the oxidation onset temper-

ature. Their combined effect determines the rate of heterogeneous reactions of coke with 

oxygen or CO2. 

• Porosity (Por) → Density (De) → Mechanical strength (St). 

Consider a chromosome selecting Por3 for porosity, De3 for density, and St2 for 

strength. For a given operating point x = {T, P, t, S_feed, Me, As, CCR, HR, …}, porosity is 

computed first: 

Por = f_Por3(x; θ_Por3)  

The predicted Por is then used as an intermediate variable in the density and strength 

models: 

De = f_De3(x, Por; θ_De3)  

St = f_St2(x, Por; θ_St2)  

Thus, improving Por prediction directly impacts De and St through the coupling 

term(s) involving Por, and the lower-level tuning optimizes θ_Por3, θ_De3, θ_St2 jointly 

under the multi-objective fitness. 

This set of relationships forms the minimum necessary framework for a consistent 

prediction, considering the main interactions of properties known from coking theory and 

practice. 

3.6. Dataset Design and Validation 

3.6.1. Dataset Design Strategy 

To train and validate the system, a representative dataset was constructed that in-

cludes industrial patterns covering a range of operating regimes and feedstock character-

istics, as well as synthetic data generated using a deterministic coking process model with 

added Gaussian noise to emulate measurement errors. The distribution of parameters re-

flects industrial statistics while preserving the correlation structure between key variables. 

The dataset is partitioned into five clusters based on feedstock characteristics and 

process parameters to produce petroleum coke of different quality grades. 

The industrial portion of the dataset was collected from a commercial delayed coking 

unit (DCU) with a nominal capacity of 1 million tons per year over a period of 36 months. 

It includes records from over 200 complete coking cycles. To augment this dataset and 

improve model robustness, synthetic data points were generated using a validated deter-

ministic coking process model. This ensures all synthetic data obey fundamental mass and 
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energy balances. To mimic real-world measurement imperfections, additive Gaussian 

noise was introduced to key process variables (temperature, pressure) and feedstock 

properties. The synthetic data generation followed a two-step, physically-grounded pro-

cedure: 

Deterministic Core Model. A simplified, lumped-parameter physicochemical model 

of the delayed coking process served as the data generator. This model incorporates fun-

damental mass balance constraints and empirical correlations between feedstock proper-

ties (CCR, S, metals, asphaltenes), key operating parameters (T, P, t), and target coke qual-

ity indicators (VM, S, Por). Its purpose was to produce physically plausible data points 

that fill the operational space between and around the available industrial records, ensur-

ing all generated samples adhere to basic process stoichiometry and trends. 

Controlled Noise Injection. To realistically simulate the uncertainty of industrial 

measurements, additive Gaussian noise was introduced to the outputs of the core model. 

The noise level for each parameter was defined by a standard deviation (σ) set to 2–5% of 

that parameter’s operational range (see Table 1). This range was selected to reflect the 

typical accuracy of industrial sensors and laboratory analyses (e.g., thermocouples, pres-

sure transmitters, elemental analyzers). Parameters known to have higher measurement 

variance (e.g., asphaltene content) were assigned noise at the upper end of this spectrum. 

This combined approach serves three critical purposes: 

• It acts as a powerful regularizer, reducing the risk of overfitting to the limited and 

potentially noisy industrial dataset; 

• It explicitly trains the model constructor to be robust to input uncertainties, a prereq-

uisite for reliable deployment in a real plant environment;  

• It allows for the creation of meaningful data variations that mimic edge cases or tran-

sient states poorly represented in historical data. 

The final validation and all reported accuracy metrics (Section 4) were performed 

strictly on a held-out set of real industrial data, confirming the generalizability of models 

trained on this augmented dataset. 

3.6.2. Validation and Testing Protocol 

During the two-level optimization procedure, the sample is dynamically re-parti-

tioned from generation to generation. This can be interpreted as an integrated cross-vali-

dation procedure, where the number of cross-validation splits equals the number of gen-

erations in the search. 

As an internal statistical metric within the fitness function, the Normalized Root 

Mean Square Error (NRMSE) was used. As an external metric of model quality, the Nor-

malized Mean Average Error (NMAE (%)) was employed as the most interpretable indi-

cator. 

The NMAE expresses, as a percentage, the average absolute error normalized to the 

scale of real values, and is calculated as 

𝑁𝑀𝐴𝐸(%) =
100

𝑁
∑

|𝑦𝑖−𝑦̂𝑖|

𝑦𝑚𝑎𝑥−𝑦𝑚𝑖𝑛

𝑁
𝑖=1 , (36) 

where 

𝑁—number of samples in the validation dataset; 

𝑦𝑖—measured (reference) value of the target variable for the i-th sample; 

𝑦̂𝑖—model-predicted value of the target variable for the i-th sample; 

𝑦𝑚𝑎𝑥,⁡𝑦𝑚𝑖𝑛—maximum and minimum observed values of the target variable (computed 

from the training subset for each predicted quality parameter). 

This normalization avoids the well-known instability of NMAE for near-zero targets 

and enables comparison across variables with different scales. 
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The scalar error reported in Section 4 is computed by first evaluating NMAE for each 

of the K = 8 predicted quality variables and then averaging across variables to obtain a 

single NMAE_mean per GA run. The value “Mean NMAE” in Section 4 is the average of 

NMAE_mean over R repeated GA runs for the corresponding cluster. 

Since the proposed digital twin simultaneously predicts K = 8 coke quality parame-

ters (volatile matter, sulfur content, porosity, density, mechanical strength, thermal con-

ductivity, coefficient of thermal expansion, and reactivity), the prediction accuracy is eval-

uated using a multi-level aggregation procedure. 

First, for each predicted quality parameter k, a range-normalized mean absolute error 

(NMAEk). 

Second, to obtain a single scalar accuracy indicator for a given genetic-algorithm 

(GA) run, the errors are averaged across all predicted parameters: 

𝑁𝑀𝐴𝐸𝑚𝑒𝑎𝑛(%) =
1

𝐾
∑𝑁𝑀𝐴𝐸𝑘(%),

𝐾

𝑘=1

𝐾 = 8, (37) 

Finally, because the GA is executed multiple times to account for its stochastic nature, 

the value reported for each cluster is obtained by averaging NMAEmean over R independ-

ent GA runs: 

𝑁𝑀𝐴𝐸̅̅ ̅̅ ̅̅ ̅̅ ̅
𝑐𝑙𝑢𝑠𝑡𝑒𝑟(%) =

1

𝑅
∑𝑁𝑀𝐴𝐸𝑚𝑒𝑎𝑛

(𝑟) (%)

𝑅

𝑟=1

. (38) 

This aggregated metric ensures balanced contribution of all quality parameters, ena-

bles comparison across variables with different physical units and scales, and provides a 

robust estimate of predictive performance under repeated heuristic optimization. 

3.6.3. Software Implementation 

The software system used to study the proposed approach was implemented in C++. 

To ensure practical applicability, several computation acceleration mechanisms were im-

plemented: 

• Parallel evaluation of individuals in the population; 

• Caching of intermediate results; 

• Adaptive model simplification during optimization; 

• Incremental validation for rapid assessment of candidate solutions. 

The developed methodology provides a comprehensive solution to the problem of 

combinatorial model selection, combining physicochemical soundness with the practical 

efficiency of heuristic optimization. It is of significant interest for industrial deployment 

at refineries. The coke product obtained in such processing serves as a feedstock for other 

sectors, including the energy industry. 

The core simulation and optimization system was implemented in C++17, leveraging 

the Standard Template Library (STL) for data structures. The architecture follows an ob-

ject-oriented design, where each candidate model is a class implementing a common in-

terface for evaluation and gradient calculation. Parallel evaluation of individuals within 

the genetic algorithm population was achieved using OpenMP directives, significantly 

reducing wall-clock time. The system was developed and tested on a Linux platform (Ub-

untu 20.04) with GCC 9.4.0. Caching of intermediate results for frequently used model 

combinations and adaptive simplification of complex models during the early optimiza-

tion stages were implemented as additional acceleration strategies. 

  

https://doi.org/10.3390/en19020451


Energies 2026, 19, 451 30 of 41 
 

https://doi.org/10.3390/en19020451 

4. Results 

4.1. Clustering of Operating Regimes and Feedstock Quality 

The dataset contains five clusters based on raw material parameters and technologi-

cal processes for producing petroleum coke of different quality (Figures 4 and 5). 

  

(a) (b) 

Figure 4. Distribution diagrams of cluster space for a number of main parameters: (a) Mowing tem-

perature (deg. C); (b) sulfur content in raw materials (% by weight). 

  

(a) (b) 

Figure 5. Distribution diagrams of cluster space for a number of main parameters (a) CCR (% wt.); 

(b) coke porosity (%). 

To ensure that the model constructor is evaluated under technologically meaningful 

conditions, the dataset was partitioned into five clusters according to feedstock character-

istics and process parameters associated with different petroleum coke quality grades. The 

resulting clusters represent distinct regimes: 

Cluster 1 corresponds to moderate coking temperatures (~482 °C) with elevated sul-

fur (~1.47 wt%) and metals (~60 ppm), and generally higher coke reactivity—typical of 

heavier, higher-sulfur feedstocks. 

Cluster 2 reflects high-temperature operation (~507 °C) and a “slow” regime associ-

ated with denser, higher-strength coke, consistent with electrode-grade production sce-

narios. 
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Cluster 3 represents above-average temperatures (~496 °C) with intensified heat-

ing/cooling dynamics and relatively lower metals, aligned with regimes targeting im-

proved structural quality. 

Cluster 4 combines high temperature (~507 °C) with very high sulfur (~4.23 wt%), 

high metals (~275 ppm), and elevated CCR, i.e., a harsh feedstock regime producing 

dense/high-strength coke despite high impurity levels. 

Cluster 5 corresponds to medium/high temperatures (~490 °C) with high sulfur (~4.16 

wt%) and metals (~266 ppm) and is characteristic of fuel-grade coke production from 

high-sulfur residues. 

These clusters provide the context for evaluating whether the constructor yields con-

text-dependent (cluster-specific) optimal model structures. 

4.2. Performance over Repeated Genetic-Algorithm Runs (NMAE) 

To comprehensively validate the proposed combinatorial model builder under con-

ditions as close as possible to real data, a combinatorial approach with two-level optimi-

zation was tested on the resulting dataset. The results of multiple runs are presented in 

Table 5, displaying the modal (most frequently selected) combination of model variants 

for the eight predicted coke-quality parameters (VM, S, Por, De, St, TC, CTE, RC), along 

with mean NMAE. 

Table 5. Modal (most frequently selected) combinations of submodels for each cluster and corre-

sponding mean NMAE. 

Cluster  
Most Frequently Selected Model Mean NMAE,  

% Vm S Por De St TC CTE RC 

1 1 1 1 3 3 4 4 1 7.76 

2 2 3 1 2 1 3 2 1 12.86 

3 1 1 4 3 3 1 2 1 7.52 

4 2 1 3 3 3 1 4 1 10.83 

5 1 3 3 3 3 1 2 1 8.65 

The corresponding boxplot (Figure 6) highlights that clusters with harsh/high-impu-

rity feedstocks and/or high-temperature regimes (Clusters 2 and 4) exhibit larger typical 

prediction error compared with the more “balanced” regimes (Clusters 1 and 3). 

 

Figure 6. Distribution of NMAE across repeated GA runs for each cluster (box-and-whisker plot). 
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The mean NMAE (%) values across clusters range from 7.52% (Cluster 3) to 12.86% 

(Cluster 2). Cluster 3, representing balanced electrode-grade coke production conditions, 

achieved the lowest prediction error, which may be attributed to more stable process con-

ditions and moderate feedstock variability. Cluster 2, despite representing a high-quality 

production regime, showed higher prediction errors, possibly due to the sensitivity of 

high-density coke formation to small parameter variations. 

In addition, Figure 7 summarizes selection frequencies per parameter, indicating 

which parts of the digital twin are structurally robust (high repeatability) versus ambigu-

ous (multiple near-equivalent model choices). 

 

Figure 7. Heatmap of submodel selections for each quality parameter and cluster. Cell color repre-

sents the selected model index; text annotation shows the modal model and its selection frequency. 

Dominant combinations (modal structures). The most frequent model combinations 

identified by the constructor were as follows: 

Physically consistent structural shifts across clusters. The heatmap clearly indicates 

that the constructor is not merely selecting models at random; several selections align with 

the intended applicability of the candidate equations and the physical regime represented 

by each cluster: 

• High-temperature regimes select nonlinear volatile matter kinetics. Clusters 2 and 4 

(high-temperature, ~507 °C) favor VM2, i.e., the exponential thermal destruction 

model, which is explicitly described as effective at elevated temperatures (>500 °C) 

where volatile matter behavior becomes nonlinear. 

• Sulfur prediction becomes temperature-activated in variable/high-severity cases. 

Clusters 2 and 5 favor S3 (temperature-activated sulfur model), consistent with re-

gimes where temperature effects on sulfur retention/desulfurization are important. 

• Porosity model choice tracks feedstock impurity and unit pressure relevance. Clus-

ters 4 and 5—both characterized by high sulfur and high metals—show dominant 

selection of Por3, the structural–composition porosity model that explicitly depends 

on temperature, asphaltenes, and metallic impurities. In contrast, Cluster 3 favors 

Por4, a pressure-aware multi-phase model that explicitly incorporates pressure effects 

relevant to DCU operation (pressure compaction reducing porosity). 
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• Density is predominantly modeled via coupled structure (cokability + porosity). In 

four of five clusters, the constructor selects De3, which models density as a function 

of temperature, cokability, and porosity, emphasizing cross-dependence between 

material structure and resulting density. Cluster 2 is the exception, favoring De2, a 

CCR-driven feedstock cokability model, suggesting that in this regime, density is 

captured sufficiently by feed “coke-forming tendency”. 

• Thermal conductivity and CTE shift toward sulfur/structure-aware forms where 

needed. Cluster 2 selects TC3, which explicitly includes sulfur because sulfur deteri-

orates crystalline structure and reduces thermal conductivity, while Cluster 1 selects 

TC4, coupling conductivity with density, sulfur, and graphitization. For thermal ex-

pansion, clusters 2/3/5 favor CTE2 (graphitization-aware), whereas clusters 1/4 favor 

CTE4 (tensor anisotropy), reflecting stronger anisotropy/structure effects in the cor-

responding regimes. 

• Reactivity selection is highly robust. All clusters converge to RC1 as the modal solu-

tion, consistent with a dataset where reactivity is sufficiently explained by volatile 

matter content (RC1 models a direct VM→RC relationship). 

The heatmap demonstrates two important behaviors. First, several submodels are 

selected with very high frequency (e.g., De3 and RC1), indicating structural robustness. 

Second, some parameters show only moderate modal frequency values (often 40–60%), 

implying the presence of multiple near-optimal alternatives under the multi-objective cri-

terion—consistent with the fitness design that balances accuracy with penalties for com-

plexity and computation time. 

4.3. Benchmark Comparison with Neural-Network Baselines (MLP and RBF) 

To address the request for a direct quantitative benchmark against representative 

data-driven models, we conducted a rapid comparison with two widely used neural-net-

work baselines: a multilayer perceptron (MLP) and a radial basis function (RBF) network. 

Both networks were trained and evaluated in a cluster-wise manner using the same clus-

tered dataset partitions and the same external performance metric (NMAE) as used 

throughout this study. 

Table 6 summarizes the cluster-level NMAE values obtained for the MLP and RBF 

models, alongside the mean NMAE of the proposed physics-informed combinatorial dig-

ital twin. The results indicate that, in this dataset and under the applied rapid training 

settings, the MLP achieves the lowest NMAE across all clusters (2.43–3.02%). The RBF 

baseline demonstrates noticeably higher errors (6.21–8.07%) and, in our quick experi-

ments, exhibited sensitivity to training configuration; therefore, the reported values cor-

respond to the best-performing runs among a limited number of attempts and should be 

interpreted as indicative rather than definitive. 

Table 6. Cluster-level NMAE (%) for neural-network baselines (rapid Statistica (TIBCO Software 

Inc., Palo Alto, CA, USA) training) vs. the proposed physics-informed combinatorial digital twin. 

Cluster MLP NMAE, % RBF NMAE, % Proposed DT NMAE, % 

1 2.43 6.21 7.76 

2 2.93 7.88 12.86 

3 2.67 7.81 7.52 

4 3.02 8.06 10.83 

5 2.51 6.98 8.65 

Despite the superior pure-accuracy performance of the MLP in this benchmark, the 

proposed framework is designed to solve a broader industrial digital twin task than 

pointwise prediction alone. Specifically, our objective function explicitly balances 
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prediction error with interpretability and deployability constraints (penalties for model 

complexity and computation, and an expert-based interpretability score). As a result, the 

constructor intentionally accepts a controlled loss in MAPE in exchange for physically 

interpretable, modular submodels and coherent cross-parameter interaction paths that 

can be inspected, validated, and used for process reasoning and scenario analysis. 

A key practical distinction is that the proposed approach outputs a structured set of 

coupled, physics-motivated equations selected from a model library and linked via cross-

parameter dependencies, thus preserving physically meaningful transfer mechanisms 

(e.g., Por → De → TC, Por → St). This provides transparency for refinery engineers and 

supports decision-making and optimization use cases where “why” a quality shift occurs 

is as important as the predicted value itself. In contrast, standard MLP/RBF networks re-

main black-box predictors and do not explicitly enforce cross-parameter coherence; they 

may require frequent retraining and extensive validation under feedstock shifts or regime 

transitions to maintain reliability in real plant operation. 

The presented MLP/RBF results correspond to a rapid baseline training workflow 

and do not yet constitute a fully controlled benchmarking campaign (e.g., systematic hy-

perparameter search, repeated-seed robustness statistics, timing measurements, and 

shift/out-of-regime testing). These extensions will be addressed in future research. In par-

ticular, we plan to develop and evaluate hybrid, physics-guided approaches that preserve 

interpretability while leveraging ML flexibility—e.g., residual learning on top of the se-

lected mechanistic submodels, regime-aware local experts, or physics-informed regulari-

zation of neural networks—aiming to narrow the accuracy gap while maintaining the in-

terpretability and cross-parameter consistency that are central to industrial digital twin 

deployment. 

5. Discussion 

5.1. Key Findings and Interpretation 

This study proposes a paradigm shift in the approach to mathematical modeling of 

the coking process. The combinatorial approach provides statistically significant ad-

vantages over the classical approach, as confirmed by validation results on the data used: 

optimal model combinations demonstrate improved forecasting accuracy compared to 

the best individual models. 

The effectiveness of heuristic optimization over a combinatorial space of possible 

model combinations is confirmed by an analysis of convergence curves. The genetic algo-

rithm demonstrates convergence to near-optimal solutions after only a small number of 

generations, while the hybrid parameter optimization strategy provides an additional 12–

18% improvement in accuracy compared to using only a combinatorial selection of mod-

els. Interestingly, a large number of final solutions contained combinations of different 

model types, demonstrating the need for a differentiated approach to describing various 

aspects of the coking process. 

The critical importance of integrating domain knowledge for industrial implementa-

tion of the system stems from both quantitative and qualitative indicators. Models incor-

porating physicochemical mechanisms (such as the catalytic action of metals or the effect 

of heating rate on pore structure) not only demonstrate good accuracy but also receive 

significantly higher interpretability scores. 

While the primary output of the system is a set of eight fundamental quality param-

eters, the model serves as a baseline for defining additional high-value characteristics. 

Most significantly, the predicted volatile matter and sulfur content, combined with com-

positional data, enables accurate estimation of the net calorific value—a critical parameter 

for energy applications—using established industrial correlations (e.g., the modified 
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Dulong formula). This positions the system not only as a quality control tool but also as a 

decision support system for optimizing the energy value of coke produced. 

5.2. Cross-Parameter Dependencies and Synergistic Effects 

In the domain of combinatorial optimization, this work proposes a fundamentally 

new two-level architecture that overcomes the limitations of traditional approaches. Par-

ticularly significant is the mechanism for accounting for cross-parameter dependencies, 

which enables the identification of synergistic model combinations. 

The fundamental balance between accuracy and interpretability was investigated 

through the lens of multi-objective optimization with adaptive criterion weighting. Anal-

ysis revealed a nonlinear relationship between model complexity and accuracy: initial in-

creases in complexity yield significant accuracy gains, but after reaching a “saturation 

point” (approximately 25–30 parameters per model), further complexity increases result 

in marginal accuracy improvements with substantial loss of interpretability. This confirms 

the theoretical hypothesis regarding the existence of optimal model complexity for indus-

trial applications. 

5.3. Implications for Energy Sector Applications 

While the primary output of the system comprises eight fundamental quality param-

eters, the model serves as a foundational layer for deriving additional high-value charac-

teristics critical for energy applications. Most notably, the predicted volatile matter and 

sulfur content, coupled with compositional data, enable accurate estimation of the net cal-

orific value—a critical metric for energy applications—using established industrial corre-

lations such as the modified Dulong formula. This positions the digital twin framework 

not only as a quality control tool but also as a decision support system for optimizing the 

energy value of the produced coke. 

The accurate prediction of sulfur content is particularly relevant for environmental 

compliance as it directly affects SO2 emissions during coke combustion. The ability to fore-

cast sulfur distribution between coke and distillate products enables refineries to optimize 

blending strategies and meet increasingly stringent environmental regulations while max-

imizing the value of their heavy residue processing operations. 

Beyond SO2 compliance, the same digital twin workflow can support decarboniza-

tion-oriented operation. From a best-available-techniques perspective, coking-related air-

emission reduction includes measures such as closed blowdown systems and recovering 

coke-drum vent gases as refinery fuel gas rather than flaring, which directly affects CO2 

formed during flaring events. By enabling earlier and more reliable quality forecasts, the 

proposed framework can reduce conservative ‘over-severity’ operation and facilitate op-

erational windows that meet product specifications with lower energy demand and lower 

flaring probability, provided that the corresponding energy/flare tags are integrated. 

Recent sustainability-oriented DCU studies explicitly incorporate environmental in-

dicators such as Global Warming Potential (GWP) and energy intensity in optimization, 

reflecting the growing importance of CO2 performance alongside economic metrics. In this 

context, the present work contributes a physics-informed, interpretable digital twin layer 

that can supply fast quality forecasts and enable operation closer to specification limits 

(less conservative severity), which is a prerequisite for coupling quality control with sus-

tainability KPIs in future multi-objective formulations. 

5.4. Limitations and Future Research Directions 

Fundamental limitations of the proposed methodology are based on data availability, 

which currently remains a critical challenge for broad industrial implementation. While 

the dataset used is statistically representative, modeling results analysis shows that 
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reliable parameterization of complex model combinations accounting for higher-order in-

teractions ideally requires 500–1000 complete industrial cycles. A promising direction is 

the development of methods enabling effective use of data from similar units and labora-

tory studies through transfer learning approaches. 

Computational aspects and real-time requirements necessitate deep algorithm opti-

mization. Current calculation time for optimal model combinations is several minutes, 

which is acceptable for planning and optimization tasks but insufficient for real-time op-

erational control. Of particular interest is investigation of the trade-off between accuracy 

and computation speed for different classes of control problems, potentially through the 

development of simplified metamodels and approximate computing methods. 

Methodological challenges for extension to other domains include the need to de-

velop specialized model libraries for each technological process. Catalytic cracking, hy-

drotreating, and bitumen production—each of these processes has unique physicochemi-

cal mechanisms and requires specific mathematical descriptions. A key scientific task is 

identifying universal principles for constructing such libraries and developing methodol-

ogies for their adaptation to specific processes. 

A direct extension of the current library includes implementation of dedicated calo-

rific value models as part of the combinatorial set, further strengthening the framework’s 

utility for energy sector applications and enabling direct optimization of coke production 

for fuel-grade specifications. 

6. Conclusions 

This work introduces a fundamentally new concept for a combinatorial model 

builder for predicting petroleum coke quality using heuristic optimization. The key inno-

vation lies in the creation of an adaptive system that is not limited to a single mathematical 

description but instead provides the ability to select from a library of specialized models 

for each quality parameter, taking into account changes in technical and process parame-

ters. 

The main scientific and methodological contributions of the work are comprehensive. 

First, an extensive library of mathematical models has been created and systematized, 

covering eight key coke quality parameters (volatile content, sulfur content, porosity, den-

sity, mechanical strength, thermal conductivity, coefficient of thermal expansion, and re-

activity). For each parameter, the library includes several alternative models—from sim-

ple linear models to complex models that take into account the influence of feedstock com-

position and process parameters. This provides a fundamentally new toolkit for describ-

ing the multifaceted coking process. Second, an original two-level heuristic optimization 

architecture has been developed and verified, effectively solving the problem of combina-

torial model selection in a space of tens of thousands of possible combinations. A key in-

novation is the mechanism for accounting for cross-parameter dependencies, which iden-

tifies synergistic effects between models for different output variables, leading to a cumu-

lative improvement in accuracy. Third, a comprehensive optimality criterion was pro-

posed and implemented, balancing three critical aspects: forecasting accuracy (error min-

imization), model complexity (regularization), and its interpretability for process person-

nel. Achieving this balance is key to successful industrial implementation. 

The industrial significance and practical results of the study were confirmed by ver-

ification on a large data set. The implementation of a combinatorial approach enabled an 

improvement in forecasting accuracy compared to the best individual models. This im-

provement in accuracy has a direct economic impact: for a typical delayed coker with a 

high capacity, 100,000 units per year will reduce laboratory quality control costs by opti-

mizing sampling frequency without sacrificing reliability. More accurate forecasting also 

opens the way to the implementation of advanced automatic control strategies, leading to 
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increased yields of target fractions, reduced energy consumption, and significantly im-

proved process stability. Finally, the system acts as an intelligent decision support system, 

providing operators not only with a precise forecast but also with an assessment of its 

reliability and recommendations for process adjustments, reducing decision-making time 

and increasing personnel confidence. 

Promising areas for future research logically follow from the achieved results and 

identified limitations. 

1. Overcoming data limitations: Reliable parameterization of complex model combina-

tions requires a transition to the use of more extensive datasets. A promising direc-

tion is the development of methods that will enable the efficient use of data from 

similar installations and the transfer of knowledge between process facilities. 

2. A direct extension of the current library is the introduction of specialized heat of 

combustion models as part of a combinatorial set, which will further enhance the 

practical value of the framework for applications in the energy sector. 

3. Real-time computation: The current computation time for the optimal combination 

is acceptable for planning tasks, but insufficient for operational control. Research is 

needed in the area of multi-level computation acceleration strategies, including the 

development of simplified metamodels and approximate computation methods to 

reduce response times. 

4. Extension to other processes: The methodological framework is universal and re-

quires adaptation for other processes, not only oil refining (catalytic cracking, hy-

drotreating, bitumen production), but also expansion to other fields of knowledge. 

This will require the creation of specialized model libraries for each process, based 

on their unique physicochemical mechanisms. 

5. Integration with Industry 4.0: The long-term goal is to create fully adaptive digital 

twins. This will require solving the problems of rapidly training models under chang-

ing characteristics, developing methods for processing incomplete and noisy data in 

real time, and creating new human–machine interfaces for integration with auto-

mated process control systems (APCS, DCS). 

6. Fundamental Research: Of long-term interest are the use of artificial intelligence 

methods for the automatic synthesis of new model structures based on fundamental 

physical and chemical principles, as well as the development of methods for ensuring 

the transparency and interpretability of complex model combinations. 

In conclusion, this work lays a solid theoretical and methodological foundation for a 

new generation of intelligent process control systems not only for oil refining but can also 

serve as a basis for research in other industrial sectors. The proposed combinatorial ap-

proach overcomes the key contradiction between accuracy and practical applicability, 

paving the way for the creation of adaptive, cost-effective, and user-friendly digital twins 

capable of responding to the challenges of increasing feedstock variability and stricter re-

quirements for efficiency, environmental friendliness, and energy efficiency. 
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The following abbreviations are used in this manuscript: 

DT Digital Twin 

NRMSE Normalized Root Mean Square Error 

NMAE Normalized Mean Absolute Error 

PI-ML Physics-Informed Machine Learning 

ML Machine Learning 

AI Artificial Intelligence 

CCR Conradson Carbon Residue (Cokability index) 

CTE Coefficient of Thermal Expansion 

VM Volatile Matter 

S Sulfur content 

Por Porosity 

De Density 

St Mechanical Strength 

TC Thermal Conductivity 

RC Reactivity 

DCU Delayed Coking Unit 

GA Genetic Algorithm 

RMSE Root Mean Square Error 

API American Petroleum Institute (gravity) 

wt% Weight percent 

ppm Parts per million 

HR Heating Rate 

PS Particle Size 

Gr Degree of graphitization 

APCS Automated Process Control System 

DCS Distributed Control System 
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