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a b s t r a c t

Accurate quantification of the molecular composition is essential for precisely modeling the petroleum
refining process. Conventional molecular reconstruction methods, which primarily rely on bulk prop-
erties, fail to accurately predict molecular distributions due to the lack of incorporating molecular
characterization information. This study presents a novel methodology for reconstructing the molecular
composition of vacuum gas oil using high-resolution mass spectrometry (HRMS) data as a reference. A
dual-objective optimization strategy was developed to simultaneously align bulk properties and
composition similarities. The results demonstrate that integrating HRMS data significantly enhances the
accuracy of molecular distribution prediction. The predicted distributions of double bond equivalents
and carbon numbers for different classes of species are in good agreement with experimental obser-
vations. The method was also applied to various vacuum gas oils, and the robustness and reliability of
this method are validated.
© 2026 The Chemical Industry and Engineering Society of China, and Chemical Industry Press Co., Ltd.
All rights are reserved, including those for text and data mining, AI training, and similar technologies.

1. Introduction

Vacuum gas oil (VGO) is involved in various refining processes,
such as crude oil distillation, fluid catalytic cracking (FCC), hy-
drocracking, etc. Process simulation is of vital importance for the
design and optimization of the VGO upgrading processes. Tradi-
tional process models, such as lumped kinetic models, lack the
ability to predict molecular distributions and conversion path-
ways, leading to a low precision of product quality prediction.
Molecules are the basic units of reaction and separation, and
molecular-level modeling is a promising technique for VGO
refining process optimization [1].

The molecular-level process model primarily consists of mo-
lecular compositional models, molecular-level kinetic models, and
molecular-level separation models. The molecular compositional
model serves as the foundation for molecular-level process model
development, providing input containing feedstock molecular
type, structure, and quantity information. In the early stages, it
was challenging to obtain the molecular content of complex

molecular systems due to the limitations of analytical techniques.
The averaged molecular structures were frequently employed to
represent petroleummolecules [2,3]. Subsequently, the petroleum
molecular reconstruction method was proposed to calculate the
molecular composition of petroleum fractions based on bulk
properties. In this field, Klein’s research group has done a lot of
pioneering work. For example, Neurock and Klein et al. [4—7]
proposed a molecular compositional reconstruction method uti-
lizing elemental and 1H NMR data as input. In their study, the
bond-electron matrix (BEM) and probability density functions
(PDF) were employed to represent molecular structures and dis-
tributions, respectively. Deniz et al. [8,9] introduced artificial in-
telligence methods, such as artificial neural networks, in the
construction of the compositional model, which effectively pro-
moted the improvement of model calculation efficiency. Simulta-
neously, Quann and Jaffe et al. [10—12] proposed structure-
oriented lumping (SOL) to represent molecular structure, and the
petroleum fractions were reconstructed at the structural group
level. The SOL method has been widely applied to develop
molecular-level process models for petroleum refining [13—19].
Additionally, Peng [20] developed themolecular type-homologous
series (MTHS) method to represent petroleum composition in
terms of a pseudo-component matrix. Hudebine et al. [21—23]
developed the maximum information entropy method to fine-
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tune compositional distribution in the absence of detailed
molecular-level characterization data. Recently, Zhang’s research
group [24] proposed a hybrid structural unit and bond electron
matrix framework (SU-BEM), offering a flexible approach to rep-
resenting digital petroleum molecules. Several compositional
models have been developed for different petroleum fractions
based on the SU-BEM framework [25,26]. To date, various molec-
ular compositional reconstruction methods have been proposed.
However, most of the reported molecular compositional models
were built predominantly depending on bulk properties. This built
compositional model commonly fails to reflect the actual molec-
ular distribution for the complex hydrocarbon mixtures since
detailed molecular compositional information was not provided.

With the progress of analytical technology, not only the bulk
property data, but also molecular characterization data can be
used for molecular reconstruction. The rapid development of
molecular characterization technologies provides more detailed
molecular information. For example, the molecular composition
measured from gas chromatography coupled with a flame ioni-
zation detector (GC-FID) technology was incorporated into the
compositional model of gasoline fractions [27,28]. The models can
calculate both the bulk properties and molecular distribution
accurately. Comprehensive two-dimensional gas chromatography
(GC × GC) can provide the detailed molecular composition of
diesel and VGO [29—31]. For the heavy petroleum fraction, high-
resolution mass spectrometry (HRMS) and noncontact atomic
force microscope (AFM) can be used to obtain the molecular
composition and structure [32—35]. HRMS (e.g., FT-ICR MS and
orbitrap MS) offer qualitative compositional information of heavy
oil. Qian et al. [36,37] made pioneering work in the development of
molecular characterization methods for heavy oil based on HRMS.
Marshall and Rodgers et al. [38—43] proposed the concept of
‘Petroleomic’, which studies the relationship between the molec-
ular composition with property and reaction activity. Subse-
quently, a series of methods for molecular characterization of
heavy fractions based on HRMS were developed [44—46]. Among
them, Shi’s research group [47—50] achieved a breakthrough in the
semi-quantitative characterization of heavy oil. Furthermore, in
terms of structural analysis, Zhang et al. [34,51—57] directly
observed molecular structures using the AFM.

When more and more heavy oil molecules were recognized,
compositional models combining molecular characterization in-
formation have gradually attracted widespread research interest.
Zhang et al. [58] developed a molecular compositional model for

heavy oil and compared it with HRMS data, demonstrating that the
molecular distribution was consistent with the spectrometry data
in terms of carbon number and double bond equivalents (DBE)
range. Alvarez-Majmutov et al. [59] constructed the molecular
compositional model of residue, and the model results conform to
the molecular distribution of the HRMS data. Guan et al. [60] built
a compositional model of heavy oil using HRMS data as validation,
and the accuracy of molecular fraction distributions was
improved. Although there have been some research advancements
in combining HRMS data with molecular composition models, the
molecular reconstruction method of heavy oil directly using the
HRMS data as input has not been reported. It means that the ac-
curacy of the molecular content in the model cannot be strictly
guaranteed.

In our previous work, a novel molecular reconstruction method
was developed, named petroleum molecular reconstruction based
on property and composition similarities [61]. This method was
applied to the diesel fraction, ensuring the simultaneous accuracy
of bulk properties and molecular fraction distribution. However,
compared to diesel, VGO exhibits a more complex molecular
composition. HRMS can obtain the molecular-level characteriza-
tion information of VGO. Thus, this work proposed an HRMS-
informed molecular reconstruction method, and the molecular
composition of four VGOs was reconstructed precisely. Simulta-
neously, the issue of multiple solutions in the traditional compo-
sitional model has also been resolved. The results demonstrate that
the HRMS-informedmolecular reconstructionmethod can improve
both the accuracy and repeatability of the compositional models.

2. Molecular Reconstruction Modeling Approach

2.1. Method overview

To incorporate qualitative or semi-quantitative molecular
characterization data into the molecular reconstruction method,
we proposed the concept of composition similarity and developed
a novel molecular reconstruction approach in our previous work
[61]. According to the novel method, the qualitative HRMS data of
VGO can also be used, as shown in Fig. 1. In this method, HRMS
data were employed as input for composition similarity calcula-
tion in the molecular reconstruction process. At the same time, the
property similarity can be calculated, which is similar to the pre-
vious studies [25]. Finally, both property and composition simi-
larities were combined as optimization objectives in a dual-

Fig. 1. Schematic diagram of molecular reconstruction based on HRMS.
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objective optimization algorithm. The incorporation of HRMS data
will effectively constrain molecular distribution, thereby
enhancing the reliability and repeatability of VGO compositional
models. Thus, the method was named HRMS-informed molecular
reconstruction.

2.2. Experimental method

The VGO molecular composition data for various compound
types were obtained through HRMS combined with different
ionization and chemical derivatization methods. In our previous
work, Li et al. [62] established a semi-quantitative analysis strategy
for the molecular characterization of VGO fractions by an Orbitrap
Fusion MS (Thermo Scientific, USA). In Li’s work, the different
types of compounds in VGO were characterized by electrospray
ionization (ESI). Among them, polar compounds (basic nitrogen
compounds, non-basic nitrogen compounds, phenols, and car-
boxylic acids) were injected directly into HRMS for characteriza-
tion, while nonpolar/weakly polar compounds (saturated
hydrocarbons, aromatic hydrocarbons, sulfides, and thiophenes)
were pre-treated through chemical derivatization, as shown in
Table 1. In this work, the VGO was also characterized by the
same method, and details for sample preparation, ionization
conditions, and characterizationmethods were summarized in the
Supplementary Material. After the molecular characterizationwas
completed, the obtained data would be employed for constructing
a preset molecular library and optimizing molecular fractions.
Since HRMS can only obtain the DBE and molecular formula, the

molecular structure was determined by the molecular structure
image obtained via AFM.

In addition to the molecular characterization experiment, a se-
ries of bulk properties was also measured. Carbon, hydrogen, and
oxygen contents were measured using a Vario EL Cube elemental
analyzer (Elementar, Germany) following ASTM D5291-2002 (C
and H) and ASTM D5622-1995 (O). Sulfur and nitrogen contents
were determined using an EA 3100 elemental analyzer (Analytik
Jena, Germany) in accordance with ASTM D5762-2002 and ASTM
D5453-2004, respectively. The distillation curve was obtained by
an Agilent 6890 N GC system (Agilent, USA) using the ASTM
D2887EXT method.

2.3. Preset molecular library

The preset molecular library is a series of molecular structures
defined according to molecular characterization data, providing
specific molecular properties for bulk property calculations. It is a
challenging task to preset a suitable molecular library. The mo-
lecular structures of VGO are extremely complex, with a wide
distribution of carbon numbers and a vast number of isomers.

To address the challenge, this work proposed a method for
constructing a preset molecular library of VGO based on HRMS
data, as shown in Fig. 2 [24,25]. Generally, HRMS can detect
approximately 8000—10000molecules in VGO, and the molecular
structure can be inferred by the obtained DBE and chemical for-
mulas information. Thus, the DBE range and chemical formulas
detected by HRMS were initially used to determine core molec-
ular structures. Then, different side chains were added to the
molecular core to generate a homologous series, followed by
obtaining the preset molecular library. Compared to traditional
preset molecular libraries based on virtual molecules [20,23], our
proposed molecular library covered almost all detectable mole-
cules. Moreover, representative isomer structures were added to
the library, such as n-paraffins and iso-paraffins, and there are
12138 molecules in the VGO molecular library. The molecular
types, carbon numbers, and DBE ranges of the VGO preset mo-
lecular library are depicted in Fig. 2. Detailed molecular infor-
mation of the preset molecular library can be found in
Supplementary Material 1.

Table 1
Analysis method of molecular composition for VGO fraction.

Molecular type Chemical derivatization
methods

Ionization
methods

Saturated hydrocarbons Redox —ESI
Aromatic hydrocarbons Sulfonation —ESI
Sulfidic compounds/thiophenic

compounds
Methylation/demethylation +ESI

Basic nitrogen compounds — +ESI
Non-basic nitrogen compounds — —ESI
Acidic oxygen compounds — —ESI

All molecular structures

Fig. 2. VGO preset molecular library construction based on the HRMS.

D. Guan et al. / Chinese Journal of Chemical Engineering 94 (2026) 357—368 359



2.4. Probability density function

The preset molecular library provides the molecular structures,
while the molecular fractions are determined through the calcu-
lation of the probability density function (PDF) of different mo-
lecular attributes. The PDF parameters were tuned during the
optimization step. The commonly used PDF functions are Gamma
and Histogram PDFs, as presented in Eqs. (1) and (2), respectively.

f (x) =
(x� γ)α�1e�(x�γ)=ß

Γ(α)ßα
(1)

f (x)=Xi (2)

The Gamma PDF has three adjustable parameters (α, ß, γ) for
continuous property constraints such as carbon number and
boiling point. In the Histogram PDF, the value of Xi represents the
content of a specific molecular class, such as hydrocarbon, sulfur-
containing compounds, nitrogen-containing compounds, and
oxygen-containing compounds. The PDF combination form used in
this work is depicted in Fig. 3. The PDF combination form is
consistent with the molecular types detected by the HRMS to
maximize the optimization efficiency. The Gamma PDFs of boiling
point and DBE were set to ensure that the carbon number and DBE
distribution of the compositional model agree well with the HRMS
data. For example, as for basic N1S1 compounds, the total content
is first constrained by Histogram PDFs (molecule type, nitrogen-
containing compounds, basic nitrogen, N1S1, and AN/NN). The
total content of basic N1S1 compounds is obtained by multiplying
the function values between them. And then, the carbon number
and DBE distribution in basic N1S1 compounds are constrained by
Gamma PDFs, and the content of each compound is finally ob-
tained. It is worth noting that C40 series biomarker molecules
exhibit unique content distribution patterns in hydrocarbons and
sulfur-containing compounds in VGOs [63—66]. Therefore, a spe-
cific Histogram PDF was added to calculate the content of
biomarker molecules in the compositional model. Among them,
the PDFs contain 157 optimization parameters. The boundary
conditions of different types of PDF functions are inconsistent. The

boundary conditions of the Gamma PDF and Histogram PDF are
380—980 and 0—1, respectively. The details of PDFs and boundary
conditions of parameters were summarized in Table S2 of the
Supplementary Material.

2.5. Objective function

The definition of the objective function is crucial for the accu-
rate optimization of molecular fractions in the compositional
model. In the traditional molecular reconstruction method, the
only objective function is the property similarity, as shown in Eq.
(3).

Prop sim= �Prop error= �mean
(
δ
⃒⃒
⃒Pexp � Ppred

⃒⃒
⃒
)

(3)

where Pexp is the experimental data of the bulk property, Ppred is
the predictive value of the bulk property, and δ is the weight factor
for different bulk properties.

In this work, composition similarity is introduced as a sec-
ondary objective. Due to variations in chemical derivatization and
ionization methods, HRMS data across different compound classes
cannot be compared directly [47]. To effectively utilize HRMS data,
we proposed a method for calculating composition similarity be-
tween the compositional model and the HRMS data, as shown in
Fig. 4. When calculating the composition similarity, the similar-
ity for different compound types is first determined. Next, the
average composition similarity of different compound types is
calculated, and it will be used as the composition similarity be-
tween the compositional model and the HRMS data, as shown in
Eq. (4).

Comp sim=

∑k

i=1
CSi

k
(4)

where Comp sim represents the composition similarity between
the compositional model and the HRMS data, k represents the
number of different types of compounds, CSi represents the

Fig. 3. PDF combination form used in the molecular reconstruction of VGO.
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compositional similarity of compounds class i. When calculating
the composition similarity of different compound types, the
composition similarity of homologous species in this type of

compound should be calculated first. The average value is then
used as the composition similarity for that type of compound, as
shown in Eq. (5).

CSi =

∑n

j=1
CSij

n

(5)

Herein, n is the number of different homologous species, CSij
represents the composition similarity of j-type homologs species
in i-type compounds. Based on the previous work [61], the cosine
similarity formula is suitable to be used to calculate the compo-
sition similarity, as shown in Eq. (6).

CSij =
∑

mHRMS;ij ×mmodel;ij̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑
mHRMS;ij

2
√

×
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑

mmodel;ij
2

√ (6)

where, mmodel;ij is the molecular fraction of the compositional
model, mHRMS;ij is the molecular fraction of HRMS data.

2.6. Optimization algorithm

Based on the above discussion, a mathematical model of mo-
lecular reconstruction method based on HRMS data can be pro-
posed, and the simple addition form was used to transform the
dual-objective optimization problem into a single-objective opti-
mization problem, as shown in Eq. (7).

min f (x) = Prop error� ω× Comp sim

=

∑N

L=1
δL

⃒⃒
⃒Pexp;L � Ppred;L

⃒⃒
⃒

n
� ω

∑k

1

∑n
1

CSij

n

k
s:t: xlow ≤ x ≤ xup

(7)

Fig. 4. The calculation method of the composition similarity between the compositional model and the HRMS data.

Fig. 5. The algorithm of molecular reconstruction based on HRMS.
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where x is the optimization variable, xlow and xup is the minimum
and maximum value of the optimization variables. ω is the weight
factor between the two objective functions. In Eq. (7), composition
similarity is used to constrain molecular distribution, while bulk
properties are employed to correct potential mass shifts in HRMS
data.

Based on the above mathematical model, the algorithm of the
molecular reconstruction method based on HRMS data is shown in

Fig. 5. Firstly, according to the HRMS data, we set the molecular
library and PDF combination, determined the value range of
optimization parameters, and generated the initial guesses of
optimization variables. On this basis, the genetic algorithm (GA)
was used to optimize the molecular fractions. When the bulk
properties and molecular fractions of the compositional model are
consistent with the experimental data and HRMS data, the final
solution has been obtained.

Fig. 6. The typical VGO compositional model results: (a) weight factor determination, (b) comparison of distillation curve between model and experimental data, (c) comparison
of the content of different types of compounds between model and experimental data, (d) comparison of the molecular fraction distribution of different compound types between
model and HRMS data.
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3. Results and Discussion

3.1. Model result of a typical VGO

To obtain the optimal molecular composition, we need to first
determine the weight factor between the property similarity and
the composition similarity in the objective function. The results for
weight factor determination are shown in Fig. 6(a). It can be seen
from the result that the relative property error and relative
composition similarity increase as the weight factor increases.
Since the HRMS data is qualitative, the bulk property similarity is
more accurate and should be guaranteed first. As shown in
Fig. 6(a), when the weight factor is greater than 1, the bulk

property error increases sharply. Therefore, it is appropriate to set
the weight factor to 1.

When the weight factor was set to 1.0, a typical VGO
compositional model was constructed, as shown in Fig. 6(b)—(d).
The results show that the distillation curve of the compositional
model agrees well with the experimental data, and the content
of different compound types in the compositional model is
consistent with the experimental results published in the liter-
ature [62]. The comparison of the molecular distribution of
different compounds between the model and the HRMS data is
shown in Fig. 6(d). In addition to a slight tailing phenomenon in
the calculated value, the molecular distribution of hydrocarbon
compounds, sulfur-containing compounds, oxygen-containing

Fig. 7. The comparison of aromatic molecular fraction distributions of the typical VGO between compositional model and HRMS data: (a) comparison of carbon number dis-
tribution, (b) comparison of DBE distribution, (c) comparison of carbon number vs. DBE distribution.
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compounds, basic nitrogen-containing compounds, and non-
basic nitrogen-containing compounds of the model has a good
agreement with the HRMS data. The trailing phenomenon is
primarily due to mass discrimination occurring at the high-mass
end of HRMS. Thus, this work used the boiling point distribution
data to correct for the content of molecules with high molecular
weight. Overall, the calculated results show that the molecular
reconstruction method based on HRMS is effective, and the bulk
properties and molecular fraction distributions of the VGO
compositional models are accurate. According to the results, we
repeatedly constructed the compositional model of the typical
VGO. The results prove that the method has good repeatability.
Moreover, the structural information of each VGO molecule can

be found in Supplementary Material 1, and the molecular con-
tent information can be found in Supplementary Material 2.

To further evaluate the accuracy of the novel method, we
compared the calculated carbon number and DBE distribution of
aromatic molecules with the HRMS data, as shown in Fig. 7. In the
carbon number and DBE distribution diagram, each point repre-
sents a series of compounds with the same carbon number and
DBE, and the point size represents its relative content. The points
with the same DBE and different carbon numbers represent a se-
ries of homologs. For example, species with DBE = 4 representing
alkyl benzene compounds and species with DBE = 10 and carbon
number = 20 should be hexyl-phenanthrene. In Fig. 7(c), the
content of C40 series biomarkers is higher than that of other

Fig. 8. Statistical bulk property accuracy of VGO compositional models from different origins: (a) density, (b)—(d) elemental fraction, (e) boiling point.
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molecules, and the compositional model is consistent with the
HRMS data. It means the model captures homologous series
patterns.

3.2. Applications of VGOs from different origins

To validate the generalization of the molecular reconstruction
based on the HRMS method, this work developed a series of VGO
compositional models from different sources. The developed
model reflects the enrichment of N- and S-containing species in
higher boiling fractions. The statistical bulk property accuracy of
the models is shown in Fig. 8. Overall, the calculated bulk property
has a good agreement with the experimental data. However,
compared with elemental content and boiling point, the density
has a relatively larger error. It is primarily because density exper-
iments usually have greater uncertainty compared to elemental
analysis and simulated distillation. Thus, the weight factor of
density is relatively low, and there is a relatively high calculated
error. This work also calculated the mean absolute error (MAE) of
density, which is 0.016 g·cm− 3, and this result is acceptable for the
VGO fraction.

The comparison of molecular fraction distributions between
the compositional models and the HRMS data is shown in Fig. 9.
The content of various compound types in the compositional
model agrees well with the experimental data obtained from the
literature [62]. As can be seen from the figure, the molecular
compositions of typical compounds in VGO1-VGO3 are notably
different. For example, VGO2 is rich in biomarker molecules. The
results show that developed compositional models effectively
capture these molecular distribution patterns, and it also validates
that the method has great generalization.

3.3. Application on VGO subfractions

Furthermore, this study developed a range of VGO composi-
tional models obtained from various distillates of the vacuum
column, and the results are displayed in Fig.10. The results showed
that the content of heteroatom compounds in the compositional
models increases with the boiling point increase of the distillates,
which conforms to the experimental regulation. As the distillate
becomes heavier, the molecular fraction distributions shift to-
wards regions of higher carbon number and DBE. The models are
in good agreement with the experimental data. Overall, the

Fig. 9. The results of VGO compositional models from different origins: (a), (c) and (e) the comparison of contents for different types of compounds between compositional
models and HRMS data; (b), (d) and (f) the comparison of fractions for different types of compounds between compositional models and HRMS data.
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molecular reconstruction based on the HRMS method has good
accuracy and generalization.

4. Conclusions

In this work, an HRMS-informed molecular reconstruction
method was developed and applied in the VGO fraction. Unlike
traditional models that only fit bulk property data, we incorporate
HRMS-derived composition as a direct constraint in the objective
function to better screen feedstocks. According to the molecular-
level characterization information of VGO, a suitable PDF combi-
nation and composition similarity calculation method was estab-
lished. As for the special molecular distribution of biomarker
molecules, the corresponding PDF function for the content of
biomarker molecules was set. The results from multiple VGO
compositional models demonstrate that the calculated bulk
properties have a good agreement with experimental data, and the
molecular distributions of various compound types align with
HRMS data. Themolecular reconstructionmethod proposed in this
study exhibits good repeatability with HRMS data and is expected
to be applied for heavy oil processing and geochemistry studies.
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