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ABSTRACT 
Simulation and modeling technologies play an increasingly critical role in enhancing feedstock uti-
lization, improving product quality, and enhancing enterprise competitiveness in the refining in-
dustry. Molecular-level kinetic models for refining processes typically involve highly detailed and 
complex data, significantly increasing computational costs. Additionally, the data granularity within 
these models fails to align with the practical requirements of industrial production. To address 
these, this study proposes the Reaction Network Coarse-Graining Integration (RNCGI) algorithm 
to achieve flexible adjustments to model complexity and data granularity. Species with similar mo-
lecular structures and kinetic behaviors within the reaction network are identified and integrated. 
Subsequently, a kinetic parameter mapping approach is developed to preserve the critical reaction 
behaviors. Finally, the reaction coarse-graining process significantly reduces the number of reac-
tions within the network. The RNCGI algorithm was validated using the naphtha catalytic reforming 
process. The original complete network with 206 species nodes was integrated into two versions 
with different data granularities: a medium-scale network with 42 nodes and a small-scale network 
with 5 nodes. Both coarse-grained networks calculated the product composition accurately and 
provided clearer insights into core species transformation mechanisms compared to the original 
network. Additionally, the RNCGI algorithm ensures the completeness of reaction routes. By flex-
ibly handling detailed data in molecular-level models, this work preserves the necessary complex-
ity of models tailored to industrial needs, supporting the development of refinery-wide production 
planning and scheduling strategies. 
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INTRODUCTION 
In response to the rising challenge of declining 

crude oil quality and stringent carbon reduction targets, 
the petroleum refining industry is undergoing transform-
ative upgrades toward intelligent operations [1]. Mecha-
nistic simulation and modeling technologies enable the 
construction of detailed process models that accurately 
predict critical process indicators, such as product com-
position. These comprehensive refining models improve 
product quality while enhancing enterprise competitive-
ness [2]. 

Reaction kinetic models form the core foundation of 
refinery process modeling, and the accurate simulation of 
key industrial indicators serves as a fundamental criterion 
for model validation. While the widely employed lumped 

models [3, 4] offer a simplified representation of reaction 
processes, their oversimplification leads to poor extrap-
olation performance when feedstock composition varies. 
To enhance simulation accuracy, the concept of molecu-
lar management [5, 6] has been introduced, facilitating 
the development of refined molecular-level kinetic mod-
els [7, 8, 9] and enabling a comprehensive analysis of re-
action mechanisms. However, the number of species and 
reactions within the refined models significantly increase, 
which leads to a dramatic rise in computational costs. 
Moreover, the microscopic granularity of molecular-level 
models often fails to align with the macroscopic data re-
quirements of practical operations, thereby constraining 
their applicability for industrial production. 

Effective reaction kinetic models should balance in-
dustrial applicability with the appropriate level of 
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complexity, retaining only the components necessary to 
fulfill process demands. Reaction mechanism reduction is 
a promising method to lower computation costs and im-
prove model interpretability. A common approach in-
volves identifying less important species or reactions and 
subsequently removing them from the reaction networks. 
Chen et al. [10] focused on reaction network structures 
and applied molecular-level oil characterization data to 
classify and remove species, thereby significantly reduc-
ing computation time. Considering both network struc-
tures and simulation results, Fang et al. [11] developed 
the Network Flow Analysis Algorithm (NFAA) to rank the 
importance of species and reactions, enabling reaction 
reduction and parameter adjustments. However, few 
studies focus on the mismatch in data granularity be-
tween molecular-level models and practical production. 
To address this, we propose an information integration 
method as an alternative to conventional information re-
duction in this study. The Reaction Network Coarse-
Graining Integration (RNCGI) algorithm was developed to 
identify and integrate species or reactions exhibiting sim-
ilar kinetic behaviors. This method facilitates both size 
reduction and data granularity adjustments in reaction 
networks. A reaction network of the naphtha catalytic re-
forming process was employed to validate the RNCGI al-
gorithm. The results demonstrate that the algorithm can 
flexibly adjust the size and data granularity of the reac-
tion network while ensuring high simulation accuracy. 
The coarse-grained network, with significantly reduced 
complexity, preserves the key routes and provides a 
clear representation of the core species transformation 
mechanisms. 

METHODS 

The Reaction Network Coarse-Graining 
Integration (RNCGI) Algorithm 

From the perspective of network science, the kinetic 
model of a refining process can be transformed into a di-
rected weighted reaction network 𝐺𝐺 = (𝑉𝑉 ,𝐸𝐸,𝑤𝑤). 𝑉𝑉  repre-
sents the node set, corresponding to species in the 
model. 𝐸𝐸 denotes the directed edge set, corresponding 
to the reactions, and each edge is directed from reac-
tants to resultants. Each directed edge is assigned a 
weight 𝑤𝑤, which quantifies the connection strength be-
tween nodes and corresponds to the reaction kinetic in-
formation in the model. To achieve scale reduction and 
data granularity adjustment of complex networks, we 
have developed the Reaction Network Coarse-Graining 
Integration (RNCGI) algorithm. Taking the original reac-
tion network as the input, the algorithm generates a 
coarse-grained reaction network through three sequen-
tial steps: node coarse-graining, kinetic parameter map-
ping, and edge coarse-graining. Assuming that all reac-
tions in the original complex network are first-order 

reversible reactions, the flowchart of the RNCGI algo-
rithm is illustrated in Fig. 1, including the following three 
steps. The corresponding pseudo-code is presented in 
Fig. 2.  

 
Figure 1. Flowchart of the RNCGI algorithm 
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Step (a): Node coarse-graining. The first step of the 
RNCGI algorithm is to identify which nodes in the original 
complex network can be integrated into a single new 
node in the coarse-grained network, which is to define 
the node coarse-graining rules. All species nodes consti-
tute the species library of this reaction system. Multi-di-
mensional structural features of species, such as the 
number and linkage pattern of aromatic rings, naphthenic 
rings and side-chain carbons, serve as classification cri-
teria for these species nodes. The dominant reaction 
mechanisms and industrial production requirements en-
able the identification of critical versus secondary struc-
tural features. When the node set {𝑎𝑎1, 𝑎𝑎2, . . . , 𝑎𝑎�}  in the 
original network is integrated into a single new node 𝐴𝐴, 
the reactions among nodes {𝑎𝑎1, 𝑎𝑎2, . . . , 𝑎𝑎�} are neglected.  

Species nodes sharing identical critical structural 

features but differing only in minor secondary structural 
features are likely to exhibit similar reaction behaviors, 
and can therefore be grouped into the same category 
and integrated into a single node. This approach mini-
mizes the network scale while preserving the dominant 
species transformation mechanisms, and aligns the net-
work with the data granularity required for practical in-
dustrial production. For example, n-decane can undergo 
cyclization to form naphthene isomers with varying side-
chain structures, which can subsequently be dehydro-
genated to produce the corresponding aromatic isomers 
(Fig. 3(a)). Considering the similar reaction mechanisms 
of species with different side-chain structures, the naph-
thene and aromatic isomers can be integrated into new 
nodes, respectively (Fig. 3(b)). In contrast, the molecular 
structures of paraffins and naphthenes differ 

 
Figure 2: The corresponding pseudo-code for the RNCGI algorithm. 
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significantly. Therefore, integrating these two types of 
nodes could lead to the interrupted reaction routes and 
the loss of important reaction categories, such as cy-
clization, in the coarse-grained network (Fig. 3(c)). 

 
Figure 3. Examples of different node coarse-graining 
rules. (a) the original reaction routes; (b) the complete 
routes derived by appropriate node coarse-graining rules; 
(c) the interrupted routes derived by inappropriate rules 

Once the node coarse-graining rules are defined, it 
is necessary to adjust the feedstock composition at time 
𝑡𝑡0. The molar concentration of node 𝐴𝐴 in the feedstock of 
the coarse-grained network is equal to the sum of the 
molar concentrations of the integrated nodes 
{𝑎𝑎1,𝑎𝑎2, . . . , 𝑎𝑎�} in the original network (Equation 1). 

𝐶𝐶�
�0 = ∑ 𝐶𝐶��

�0�
�=1   (1) 

Step (b): Kinetic parameter mapping. The molar con-
centrations of the species nodes are altered due to the 

node coarse-graining step, thereby introducing pertur-
bations in the reaction behaviors. Consequently, the ki-
netic parameters of the coarse-grained network could be 
mapped from those of the original network to preserve 
the accuracy of overall kinetic behaviors. Suppose the 
original species node sets {𝑎𝑎1,𝑎𝑎2, . . . , 𝑎𝑎�}  and 
{𝑏𝑏1,𝑏𝑏2, . . . , 𝑏𝑏�}  are integrated respectively into new spe-
cies nodes 𝐴𝐴  and 𝐵𝐵 . For a first-order reaction involving 
species 𝑎𝑎� and 𝑏𝑏� (Equation 2), the reaction rate 𝑟𝑟 is cal-
culated in the original network as Equation 3. 𝐶𝐶�� and 𝐶𝐶�� 
are the molar concentrations of 𝑎𝑎� and 𝑏𝑏�. Theoretically, 
to preserve the reaction rates after node coarse-grain-
ing, the forward and reverse rate constants 𝑘𝑘+,��,��

���   and 
𝑘𝑘−,��,��
���   at time 𝑡𝑡�  in the coarse-graining network should 

satisfy the mapping relationships in Equation 4 with re-
spect to the original forward and reverse rate constants 
𝑘𝑘+,��,��
����  and 𝑘𝑘−,��,��

���� . 𝑛𝑛 and 𝑚𝑚 are the number of species in-
tegrated into the nodes 𝐴𝐴 and 𝐵𝐵, respectively. As the mo-
lar concentrations 𝐶𝐶��

�� and 𝐶𝐶��
�� vary dynamically with time 

𝑡𝑡� , the theoretical values of 𝑘𝑘+,��,��
���   and 𝑘𝑘−,��,��

���   are inher-
ently time-dependent. To effectively preserve the key 
characteristics of reaction behaviors, the time-weighted 
average molar concentrations 𝐶𝐶��

����  at N discrete time 
points (Equation 5) are used to calculate the approximate 
rate constants 𝑘𝑘+̃,��,��

���   and 𝑘𝑘−̃,��,��
���   in the coarse-grained 

network (Equation 6). 

𝑎𝑎� ⇌ 𝑏𝑏�  (2) 

𝑟𝑟 = −𝑘𝑘+,��,��
���� ∙ 𝐶𝐶�� + 𝑘𝑘−,��,��

���� ∙ 𝐶𝐶��  (3) 

𝑘𝑘+,��,��
��� =

�+,��,��
���� ∙���

��

��
��

=
�+,��,��
���� ∙���

��

∑ ���
���

�=1

  (4-1) 

𝑘𝑘−,��,��
��� =

�−,��,��
���� ∙���

��

��
��

=
�−,��,��
���� ∙���

��

∑ ���
���

�=1

  (4-2) 

𝐶𝐶��
���� =

∑ ���+1−���∙���
�+1�−1

�=1

��−�1
   (5) 

𝑘𝑘+̃,��,��
��� =

�+,��,��
���� ∙���

����

��
���� =

�+,��,��
���� ∙���

����

∑ ���
�����

�=1

  (6-1) 

𝑘𝑘−̃,��,��
��� =

�−,��,��
���� ∙���

����

��
���� =

�−,��,��
���� ∙���

����

∑ ���
�����

�=1

  (6-2) 

Step (c): Edge coarse-graining. After node coarse-
graining, multiple edges may exist between the same pair 
of nodes in the network, corresponding to multiple iden-
tical reactions. To ensure the simplicity and consistency 
of the coarse-grained network, these edges are inte-
grated into a single representative edge directed from 
node 𝐴𝐴 to 𝐵𝐵, which represents the reaction in Equation 7. 
Considering the directions of all the integrated edges, the 
forward and reverse rate constants for the coarse-
grained new reaction 𝑘𝑘+,�,����   and 𝑘𝑘−,�,����   are calculated by 



 

Tao et al. / LAPSE:2026.0330 Syst Control Trans 5:1014-1021 (2026) 1018  

aggregating the respective rate contributions (Equation 
8). 𝑘𝑘+̃,��,��

���   and 𝑘𝑘−̃,��,��
���   denote the approximate forward 

and reverse rate constants, respectively, after kinetic pa-
rameter adjustment for the reaction where 𝑏𝑏� serves as a 
reactant and 𝑎𝑎� as a resultant. 

𝐴𝐴 ⇌ 𝐵𝐵  (7) 

𝑘𝑘+,�,���� = ∑ ∑ 𝑘𝑘+̃,��,��
����

�=1
�
�=1 +∑ ∑ 𝑘𝑘−̃,��,��

����
�=1

�
�=1   (8-1) 

𝑘𝑘−,�,���� = ∑ ∑ 𝑘𝑘−̃,��,��
����

�=1
�
�=1 +∑ ∑ 𝑘𝑘+̃,��,��

����
�=1

�
�=1  (8-2) 

Example: The Catalytic Reforming Reaction 
Network 

Catalytic reforming of naphtha is a crucial process 
for increasing the octane number of gasoline and produc-
ing high-value-added aromatics. Taking a self-con-
structed molecular-level catalytic reforming network as 
an example, the RNCGI algorithm was employed to derive 
coarse-grained networks at different levels of data gran-
ularity. The original complex network (Comp) consists of 
206 species nodes and 674 reaction edges, in which mo-
lecular structures of species are described via the struc-
ture-oriented lumping (SOL) method. The edge weight in 
the network represents the cumulative molar flow rate 
𝐶𝐶𝐶𝐶ℎ0  (Equation 9) of the corresponding reaction ℎ 
throughout the complete reaction extent. 𝜈𝜈0 is the con-
stant volumetric flow rate, 𝑟𝑟ℎ is the reaction rate (Equa-
tion 3), and 𝑡𝑡 is the reaction time. 

𝐶𝐶𝐶𝐶ℎ0 = 𝜈𝜈0 ∫ 𝑟𝑟ℎ
�
0  d𝑡𝑡  (9) 

The catalytic reforming process primarily involves 
species with carbon numbers ranging from C1 to C12, and 
the detailed composition of these light components could 
be determined using advanced oil characterization 

techniques. The two-dimensional PIONA (paraffin, iso-
paraffin, olefin, naphthene, and aromatic) compositions 
of feedstocks and products represent key industrial pa-
rameters in the reforming process. Based on practical 
purposes, species with the same PIONA type and car-
bons in the Comp network can be integrated into a single 
new node, while neglecting more detailed structural in-
formation from the SOL method. The RNCGI algorithm re-
sults in a coarse-grained network, termed Coa-TC (type 
and carbon-based coarse-graining). 

On the other hand, coarser-grained data, such as 
the aromatic yield, are key considerations in the develop-
ment of production planning and plant-wide scheduling 
strategies. To address this, the RNCGI algorithm allows 
for flexible adjustment of data granularity, using only 
PIONA types as the basis for node coarse-graining. This 
approach results in a coarser-grained network, Coa-T. 

RESULTS AND DISCUSSIONS 

Network Scale and Kinetic Accuracy 
Fig. 4 shows the scales of the Comp, Coa-TC, and 

Coa-T networks. In the Coa-TC network (Fig. 4(b)), spe-
cies nodes are distinguished by the PIONA types and car-
bon numbers. The node colors represent different PIONA 
types, serial numbers indicate the carbon numbers, and 
node sizes reflect the number of original nodes that are 
integrated into the corresponding coarse-grained node. 
The Coa-TC network consists of 42 species nodes and 
131 reaction edges, accounting for only about 20% of the 
complexity of the original Comp network. Furthermore, 
the species concentrations within all nodes directly cor-
respond to the two-dimensional PIONA composition, en-
suring the clear representation of feedstocks and prod-
ucts. At different temperatures, the product components 

 
Figure 4.  Comparison of three reaction networks. (a) the original complete network (Comp); (b) the medium-scale 
coarse-graining network (Coa-TC); (c) the small-scale coarse-graining network (Coa-T)  
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calculated by the Coa-TC network are in good agreement 
with the original values in the Comp network, with the 
maximum absolute error less than 1.5% (Fig. 5). This 
demonstrates that the RNCGI algorithm ensures the ac-
curacy of the coarse-grained network. 

 

 
Figure 5. The Calculation results of the Coa-TC network 
(a) PIONA compositions at different temperatures; (b) 
two-dimensional PIONA compositions at 502 ℃ 

In contrast, the Coa-T network only consists of five 
species nodes (P, I, N, A, O) and eight reaction edges (Fig. 
4(c)). In the Coa-T network, the calculated PIONA com-
positions across different temperatures show strong 
consistency with those obtained from the Comp network, 
with absolute errors maintained within 5% (Fig. 6). Com-
pared to the Comp network, the Coa-T network exhibits 
a significantly reduced scale while better enhancing 
alignment with industrial needs for aromatics production, 
providing a simplified and accurate foundation for plant-
wide scheduling and process optimization. 

 
Figure 6. The Calculation results of the Coa-T network 

Species Transformation Mechanisms 
One of the primary objectives of catalytic reforming 

is to produce aromatics. The aromatic content in the 
product increases significantly with rising temperatures. 
Fig. 4 compare the data granularity and species transfor-
mation mechanisms among the Comp, Coa-TC, and Coa-
T networks. Across different levels of data granularity, 
these networks reveal a consistent reaction route for the 
accumulation of aromatics: chain alkanes undergo cy-
clization to form naphthenes, which are subsequently 
aromatized. In this route, chain alkanes, naphthenes and 
aromatics serve as the main reactants, intermediates and 
products, respectively. Furthermore, the essential spe-
cies transformation mechanisms, from chain alkanes to 
naphthenes and finally to aromatics, become more 
clearly evident in the coarser-graining network structures 
(shaded area in Fig. 4). 

Additionally, the RNCGI algorithm demonstrates su-
perior performance compared to traditional information 
reduction methods in reducing reaction networks while 
maintaining simulation accuracy. Table 1 evaluates re-
duced networks derived from different algorithms with 
respect to network scale and simulation accuracy. The 
reaction deletion (RD) network is obtained by using the 
NFAA algorithm [11], which ranks reaction importance 
and remove reactions with low importance. When the RD 
network is reduced to 198 species nodes and 278 reac-
tion edges, the calculated mass fractions of iso-paraffins 
and aromatics with 9 carbons (denoted as I7 and A7, re-
spectively) in the product exhibit significant deviations 
compared to the Comp network. In contrast, the Coa-TC 
network, generated using the RNCGI algorithm, contains 
fewer species nodes and reaction edges while achieving 
higher simulation accuracy compared to the RD network. 
This enhanced performance is attributed to the kinetic in-
formation integration in the RNCGI algorithm, which pre-
serves critical reaction routes while reducing the overall 
network scale. 
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Table 1. The scale and simulation accuracy of reduced 
networks derived from different algorithms  

Metrics Networks 
  Coa-TC RD 
Absolute 
error 

I  wt% wt% 
A  wt% wt% 

Network 
scale 

Node number   
Edge number   

 
From the perspective of species transformation 

mechanisms, the generation of A9 in the Comp network 
primarily proceeds via cyclization and aromatization of 
species with the same carbon number (Fig. 7(a)). In the 
RD network (Fig. 7(b)), the cyclization reaction of I9 (re-
action R1) is removed. The interruption of this route re-
duces the content of intermediate naphthene species 
(S2), thereby diminishing the reaction flow rates of its 
subsequent aromatization and side-chain cyclization re-
actions. These affected kinetic behaviors lead to a de-
creased production of aromatic species (S3 and S5), 
while the iso-paraffin species (S1) accumulate exces-
sively due to the interruption of transformation routes. In 
contrast, the RNCGI algorithm replaces information dele-
tion with an information integration strategy, preserving 
critical reaction routes in the Coa-TC network (Fig. 7(c)). 
This approach ensures accurate kinetic behaviors even 
with a significant reduction in network scale. 

CONCLUSIONS 
This study proposes a novel reaction network 

coarse-graining integration (RNCGI) algorithm, which 
comprehensively considers the accuracy, simplicity, and 
applicability of reaction models. The node coarse-grain-
ing rules are constructed specific to various industrial de-
mands, and kinetic parameters mapping and reaction 

coarse-graining are followed to derive a coarse-grained 
network. In comparison to the original Comp network, the 
resulted Coa-TC and Coa-T networks exhibit a signifi-
cantly reduced scale and a data granularity that is more 
closely aligned with real industrial production. Therefore, 
these coarse-grained networks enable the rapid and ac-
curate calculation of critical industrial indicators. The 
RNCGI algorithm employs information integration instead 
of deletion, consistently preserving key reaction routes 
across various degrees of coarse-grained networks. By 
avoiding reaction routes interruption, this approach en-
sures the reliability of species transformation mecha-
nisms within the network.  

Future work will likely focus on integrating this algo-
rithm into the refinery-wide scheduling and optimization 
software in a modular form, providing practical support 
for achieving comprehensive automation in modern refin-
ery operations. 
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