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A B S T R A C T

The development of continental shale oil in the Fengcheng Formation, Mahu Sag, is hindered by complex lith
ofacies and strong reservoir heterogeneity, leading to unclear lithofacies distribution patterns in individual wells 
and ambiguous mechanisms governing oil-bearing property variations. To address these challenges, this study 
innovatively integrates artificial intelligence (AI) with multifractal theory. Leveraging scanning electron mi
croscopy (SEM), nuclear magnetic resonance (NMR), multi-stage pyrolysis, and oil saturation data, we developed 
an intelligent lithofacies identification model to elucidate the differential oil-bearing mechanisms across lith
ofacies. By correlating logging parameters with fractal dimensions, we established a Full well section “lithofacies- 
pore structure-oil content” characterization model. Key findings include: 1. An ensemble learning model, opti
mized via Bayesian optimization and an improved grey wolf optimizer (IGWO), achieves continuous and ac
curate lithofacies identification in single wells. 2. Mineral composition and reservoir heterogeneity jointly 
control storage capacity. Carbonate minerals enhance oil-bearing properties through dissolution-induced pore 
enlargement, whereas quartz and feldspar exhibit dual roles—suppressing storage at low concentrations (<30 %) 
but optimizing pore networks via rigid scaffolding and dissolution at higher concentrations. 3. Multifractal 
analysis quantifies the “macropores govern free oil, micropores dominate adsorbed oil” mechanism. 4. A well- 
scale lithofacies-oil content model is established by integrating logging responses with fractal parameters. This 
study constructs an intelligent characterization framework for the shale oil, providing a standardized AI-driven 
solution for sweet-spot prediction and economic development.

1. Introduction

Unconventional hydrocarbon resources constitute an indispensable 
component of the global energy supply, playing a pivotal role in oil and 
gas exploration. Among these resources, shale oil and gas have emerged 
as a top priority for exploration and development [1,2]. Since the early 
21st century, rising global energy demand has driven intensified efforts 
to explore and exploit unconventional reservoirs. By 2023, the shale oil 
industry achieved significant breakthroughs worldwide [3,4]. The 
United States has led this progress through innovations in hydraulic 
fracturing and horizontal drilling, unlocking vast reserves and reshaping 
global energy dynamics, with profound implications for international 
supply chains [5,6]. Meanwhile, China has attained critical milestones 

in shale oil exploration, supported by focused research and substantial 
technological investments. Major discoveries have been reported in the 
Sichuan, Songliao, Ordos, and Junggar Basins [7–10]. The Junggar 
Basin, a cornerstone of China’s hydrocarbon exploration, exhibits 
exceptional promise, particularly in the Jimsar Sag, Mahu Sag, and 
Chepaizi Uplift, where robust oil production potential has been identi
fied [11]. Among these, the Mahu Sag stands out as the most prospective 
yet underexplored region. Current research focuses on deciphering shale 
oil accumulation mechanisms and addressing the complexity of lith
ofacies, including heterogeneity in oil content and its governing factors.

Previous studies on shale oil in the Mahu Sag have primarily focused 
on three key aspects: 1. Pore Structure Characterization of Shale Res
ervoirs. Liu et al. [12] employed scanning electron microscopy (SEM), X- 
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ray diffraction (XRD), and high-pressure mercury intrusion porosimetry 
(MICP) to compare pore structures between shale and tight sandstone 
reservoirs, establishing sweet spot evaluation criteria for shale and tight 
oil reservoirs. Zhang et al. [13] analyzed the relationship between 
mineral composition and pore structure using similar experimental 
methods. Li et al. [14] expanded on this work by incorporating rock 
pyrolysis and nitrogen adsorption experiments, reaching conclusions 
consistent with Zhang et al. Huang et al. [15] further integrated 1D and 
2D nuclear magnetic resonance (NMR) to investigate movable fluid 
distribution, providing deeper insights into mineral-pore interactions. 
Tang et al. [16] supplemented these analyses with carbon–oxygen iso
topes and fluid inclusion studies, examining pore and fracture devel
opment characteristics while discussing mineralogical controls on 
reservoir heterogeneity. 2. Occurrence State and Mechanisms of Shale 
Oil. Gong et al. [17] utilized total organic carbon (TOC), reservoir 
properties, and oil saturation indices to differentiate adsorbed and free 
oil contents in laminated and interbedded shale types. Gao et al. [18] 
applied confocal laser scanning microscopy and oil saturation experi
ments to characterize submicron-scale light and heavy hydrocarbon 
components, highlighting the significant influence of temperature and 
pressure on heavy fractions. Jia et al. [19] combined field-emission SEM 
(FE-SEM), XRD, TOC, HPMI, and confocal microscopy with PCA to 
evaluate how reservoir structural parameters affect free and adsorbed 
oil across lithofacies. 3. Lithofacies Classification and Oil-Bearing 
Properties. Wang et al. [20] classified shale lithofacies using SEM, 
NMR, and XRD, discussing the storage mechanisms of free and adsorbed 
oil in different pore systems. Tang et al. [21] adopted comparable 
methodologies to categorize lithofacies, analyzing pore space variations 
and mineralogical controls on reservoir capacity. These studies collec
tively advance the understanding of Mahu Sag shale oil reservoirs but 
underscore persistent challenges in linking lithofacies heterogeneity to 
oil content variability.

Previous studies on the Fengcheng Formation shale in the Mahu Sag 
have established a preliminary lithofacies classification system and 
elucidated reservoir space characteristics and shale oil occurrence 
mechanisms through various experimental approaches. However, two 
major limitations persist in current research: First, most studies have 
focused on core-scale analysis, while systematic investigations of lith
ofacies distribution patterns, reservoir heterogeneity, and oil occurrence 
characteristics at the single-well scale remain insufficient. This knowl
edge gap has hindered the understanding of vertical oil-bearing property 
distribution in individual wells. Second, conventional XRD analysis is 
constrained by discrete sampling depths, making it incapable of 
achieving continuous, high-resolution lithofacies identification across 
entire well sections. More importantly, this limitation prevents quanti
tative characterization of the dynamic coupling relationships among 
lithofacies, pore structure, and oil-bearing properties along vertical 
profiles. To address these challenges, an integrated approach incorpo
rating artificial intelligence and advanced analytical methods is required 
for comprehensive reservoir characterization.

Extensive research has established mature AI applications across 
petroleum engineering domains, particularly in reservoir evaluation, 
hydrocarbon development, and enhanced oil recovery (EOR). Three 
advancements characterize reservoir characterization: First, machine 
learning algorithms (Artificial Neural Networks, Random Forests, Sup
port Vector Machines) have achieved sub-meter-scale precision in pre
dicting critical parameters like porosity and permeability through 
integrated analysis of well logs, core samples, and seismic data, signif
icantly enhancing static reservoir model accuracy [22–24]. Second, 
deep learning architectures (LSTM, GRU) have demonstrated excep
tional capability in analyzing dynamic production data to predict 
spatiotemporal pressure evolution and remaining oil distribution, 
providing proactive guidance for development planning [25,26]. Third, 
convolutional neural networks (CNN) and generative adversarial net
works (GAN) have revolutionized 3D reservoir heterogeneity modeling, 
overcoming traditional geostatistical limitations in characterizing 

complex pore-fracture networks within carbonate and shale formations 
[27,28]. In hydrocarbon development and EOR, AI technologies have 
made transformative contributions. Neural networks have successfully 
established explicit mathematical relationships (e.g., pressure-solubility 
correlations) to predict CO2 solubility in ionic liquids, enabling efficient 
solvent screening for low-energy, high-capture-efficiency systems 
[29,30]. For CO2 flooding operations, neural network models have 
proven effective in predicting diffusion coefficients, minimum misci
bility pressure, and critical injection rates [31–33], while reinforcement 
learning algorithms have optimized injection-production parameters to 
enhance displacement efficiency. These data-driven modeling ap
proaches have replaced traditional empirical formulas and trial-and- 
error experimentation, not only addressing challenges in complex 
physical mechanisms and multi-field coupling but also establishing 
comprehensive intelligent workflows from static parameter prediction 
to dynamic process optimization. This technological advancement pro
vides critical support for cost reduction and green transformation in the 
petroleum industry. However, AI applications in Mahu Sag remain in 
their infancy. While Chen et al. [34] implemented feedforward neural 
networks for shale reservoir fracture density prediction and Wang et al. 
[35] applied deep learning methods to optimize gravel parameter cal
culations from image logs, systematic research is notably absent in 
several critical areas. Key knowledge gaps persist in intelligent lith
ofacies identification and dynamic oil-bearing property prediction.

Although previous studies have established preliminary lithofacies 
classification systems and oil-bearing evaluation frameworks for the 
Mahu Sag shale through extensive experimental techniques [22–35], 
two fundamental limitations remain unresolved. First, the discrete 
sampling nature of core-based analyses leads to insufficient resolution 
for well-scale lithofacies classification, failing to quantify gradual 
mineralogical transitions and their continuous petrophysical responses 
along vertical profiles. Second, existing investigations inadequately 
address reservoir heterogeneity controls on oil occurrence, particularly 
the differential roles of nano- versus micro-scale pore-throat systems, 
with systematic understanding of pore-size-dependent oil distribution 
patterns still lacking.

Therefore, this study employs the Bagging ensemble learning algo
rithm to integrate XRD analysis results with elemental logging param
eters. The model parameters are adaptively optimized through a 
Bayesian optimization framework and an Improved Grey Wolf Opti
mizer (IGWO), enabling accurate identification of shale reservoir lith
ofacies. Additionally, by coupling multiple experimental techniques 
including multi-temperature pyrolysis, nuclear magnetic resonance 
(NMR), and oil saturation tests. we established a computational formula 
to quantify oil-bearing properties across different pore sizes in the 
reservoir, thereby characterizing the distribution of oil content within 
distinct lithofacies. Furthermore, leveraging multifractal dimension 
theory, we analyzed the controlling effects of reservoir heterogeneity on 
oil-bearing properties. Combined with correlation analyses of well- 
logging parameters (GR, RT, DEN), we developed a single-well conver
sion model for reservoir oil-bearing properties. Ultimately, this 
approach culminates in an integrated intelligent characterization tech
nology for “lithofacies–pore size–oil-bearing properties” across entire 
well sections. The proposed method has been successfully applied to 
shale reservoirs in the Mahu Depression. Moreover, its conceptual 
framework can be extended to other basins, offering a novel solution for 
precise lithofacies characterization and accurate oil-bearing property 
evaluation in shale reservoirs.

2. Materials and methods

2.1. Construction of the Bayes – IGWO-Bagging regression model

This study employs AI as the core methodology for the refined 
characterization of shale lithology. Our approach integrates X-ray 
diffraction (XRD) analysis with elemental logging data to enhance the 
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precision of elemental log interpretation, thereby ensuring accurate 
parameter determination throughout the entire well section. The 
methodology is based on a backpropagation (BP) neural network ar
chitecture, augmented with two optimization algorithms – Bayesian 
optimization and improved grey wolf optimization (IGWO) – to achieve 
superior data processing accuracy. The BP neural network serves as the 
primary model within this regression framework [36,37]. By combining 
the Bayesian optimization model with the IGWO algorithm, we achieve 
automated parameter adjustment in the primary network (Fig. 1).

The Bayesian optimization technique is a globally applicable strategy 
rooted in Bayesian statistics principles [38]. It effectively combines the 
Gaussian process model with an acquisition function to strike a balance 
between leveraging known information and exploring unknown do
mains, ultimately minimizing the number of function evaluations. The 
application of Bayesian optimization is employed to optimize the 
number of hidden layers and the number of nodes within each hidden 
layer in a backpropagation neural network. The GWO algorithm is a 
metaheuristic optimization method inspired by gray wolves’ social hi
erarchy and hunting strategy. The algorithm categorizes the individuals 
within the Wolf pack into multiple tiers, designating the top three 
wolves as Alpha, Beta, and Delta, respectively, while classifying the 
remaining ones as Omega [39–41]. The three dominant wolves in the 
pack lead and direct other members to update their positions, aiming to 
approach and capture the prey. In essence, they strive to find the glob
ally optimal solution. The optimization process comprises the subse
quent procedures. The A-IGWO algorithm represents a significant 
advancement over GWO by incorporating an adaptive adjustment 
mechanism and enhancing the balance between exploration and 

exploitation. This results in a more effective avoidance of local optima 
than the original GWO, leading to accelerated convergence and 
improved solution quality [42,43].

2.2. Nuclear magnetic resonance and the multi-temperature step pyrolysis

Nuclear magnetic resonance (NMR) leverages the behaviour of 
atomic nuclei in magnetic fields to investigate the microstructure of 
matter. The technique is particularly well-suited for investigating nuclei 
possessing non-zero spin quantum numbers, such as the hydrogen nu
cleus [44]. When a sample is subjected to a strong, static magnetic field, 
the energy levels of specific nuclei undergo splitting. By applying a radio 
frequency pulse (20 MHz) that matches the energy level difference, the 
nucleus is excited to a higher energy state. After the cessation of the RF 
pulse, the nucleus returns to its original energy level through relaxation. 
The T2 relaxation timewas measured according to ASTM D8539-23 [45]. 
This parameter exhibits high sensitivity to pore structure due to mo
lecular motion and interactions within pores. The distribution of T2 
relaxation times provides insights into pore size, network properties, 
and fluid dynamics.

The MicroMR12-040 V system an integrated cabinet, a magnet 
cabinet, and a monitor. The probe coil and primary frequency (20 MHz) 
for low-field NMR instrumentation. Prior to testing, the system was 
calibrated using a standard deuterium oxide (D2O) reference sample. 
Experiments were conducted in a temperature-controlled environment 
(22–28 ◦C). T2 spectra acquisition parameters included a 90◦ pulse 
duration of 10 μs, 3000 echoes, and an echo spacing of 0.2 ms. The in
strument is primarily utilized for measuring the T2 spectrum of the 

Fig. 1. Automated workflow for lithofacies prediction: Bayesian optimization and adaptive IGWO-driven parameter tuning in Bagging-BP ensemble models.
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sample, and the experiment typically operates within a controlled 
temperature range of 22 ◦C to 28 ◦C.

The multi-temperature step pyrolysis experiment was performed 
according to ASTM UOP649-10 [46] for assessing hydrocarbon gener
ation potential in geological samples. Rock specimens were heated in an 
oxygen-free environment using a linear temperature program. Contin
uous thermal desorption-thermal cracking analysis quantified gaseous 
(C1-C5) and liquid hydrocarbon products through flame ionization 
detection [47]. The ROCK-EVAL6 pyrolyzer system comprising pyroly
sis/oxidation furnaces, NDIR sensors, and automated sampling was pre- 
calibrated using certified shale reference materials. Temperature control 
and data acquisition ensured S1-1, S1-2, S2-1, S2-2 parameters met repro
ducibility limits.

2.3. The content of adsorbed oil and free oil in pores of different 
lithofacies

In this approach, we integrated a set of parameters derived from 
multi-temperature-order pyrolysis experiments to compute the oil con
tent at various pore sizes, encompassing oil saturation, S1-1, S1-2, S2-1, S2- 

2, and pertinent data from nuclear magnetic resonance (NMR) in
vestigations. The determination of oil saturation is based on the method 
of utilizing anhydrous ethanol to extract the aqueous phase from the 
sample, thereby obtaining the saturation of all hydrocarbons in the 
overall sample, including light hydrocarbons, resins, putrescine, and 
asphaltenes. The multi-temperature stage pyrolysis technique involves 
heating the sample at various temperature stages to analyze the content 
of different components. The sample is hypothesised to exclusively 
consist of two fluids, oil and water, occupying the entire pore space. 
Following this principle, we initially determine the total hydrocarbon 
content in the sample by multiplying the oil saturation with the pore 
volume. However, this approach must differentiate between light (free 
hydrocarbons) and heavy (adsorbed hydrocarbons). The distribution of 
light and heavy hydrocarbons in the samples was determined to over
come this limitation based on experimental results obtained from multi- 
temperature step pyrolysis. We further analyzed the signal intensity 
distribution at various pore sizes in combination with NMR techniques, 
allowing us to characterize both the free and adsorbed oil within 
different pore size ranges. In summary, the pore volume occupied by 
hydrocarbons derived from oil saturation, in conjunction with multi- 
temperature step pyrolysis parameters, was employed for determining 
the distribution of oil content at various pore sizes using the percentage 
of signal intensity from different pore sizes in the NMR data. This 
approach enables a more accurate evaluation of the oil content within 
different pore size ranges, providing a new perspective for understand
ing the distribution of hydrocarbons in pore media (Table 1).

Distribution of liberated oil across different pore sizes: 

Oi = So × Vp ×
(S1− 1 + S1− 2)

ST
×

hi

ht
(1) 

Distribution of sorbent oil across different pore sizes: 

Oi = So × Vp ×
(S2− 1 + S2− 2)

ST
×

hi

ht
(2) 

2.4. Multifractal dimension principle

The multifractal dimension is determined in this study using the box- 
counting method [48,49]. The preprocessing of NMR data is necessary 
to calculate multifractal dimensions on equally spaced data. The pro
cessing proceeds as follows: the ε aperture distribution interval of the 
NMR test is logarithmically transformed to yield a dimensionless inter
val Q. 

yi = lg
(

ρi

ρb

)

i = 1, 2, 3, ⋅ ⋅ ⋅, n (3) 

yi: The value of the converted pore size measured by NMR experiment; 
ρi: The aperture measured by NMR experiments, nm. ρb: The smallest 
aperture measured by NMR experiments, nm.

After transformation, the dimensionless data set is interpolated to 
ensure that each interval contains at least one substance. The technique 
employed for interpolation is the Lagrange polynomial interpolation 
method (Fig. 2). 
⎧
⎪⎨

⎪⎩

Pn(ρ) =
∑n

i=0
Li(ρ) × yi

Li(x) =
(ρ − ρ0)(ρ − ρ1)⋅⋅⋅(ρ − ρi− 1)(ρ − ρi+1)

(ρi − ρ0)(ρi − ρ1)⋅⋅⋅(ρi − ρi− 1)(ρi − ρi+1)⋅⋅⋅(ρi − ρn)

i

= 1, 2, 3, ⋅ ⋅ ⋅, n (4) 

After evenly dividing each interval, it can be subdivided into M(ε) 
sub-intervals of equal length. The ith subinterval is measured as follows: 

fi(q, ε) =
Pi(ε)q

∑M(ε)
i=1 Pi(ε)q (5) 

Style:fi(q, ε): The measurement of the ith subinterval. 
∑M(ε)

i=1 pi(ε)q: 
The cumulative probabilities of q-order for all subinterval values.

Multifractal singular exponent α(q): 

α(q) = lim
ε→0

∑M(ε)
i=1 fi(q, ε)lgpi(ε)

lgε (6) 

Multifractal spectral function F(α(q)) obtained by multifractal sin
gular exponent α(q): 

Table 1 
Parameters of Quantitative Oil-Bearing Characterization Formulas in Reservoirs.

Serial number Depth (m) Lithofacies Porosity (%) Oil saturation (%) Water saturation (%) Multiple temperature pyrolysis

S1-1 S1-2 S2-1 S2-2 ST

104 4753.45 Mixed-felsic shale lithofacies 5.3 13.3 76.5 0.01 0.27 0.37 0.36 1.01
56 4610.89 4.8 7.8 82 0.01 0.25 0.49 0.35 1.11
1–86 4810.24 4.9 5.7 86 0.01 0.91 0.25 0.05 1.23
1–29 4676.47 4.7 19.3 70.4 0.01 0.73 0.66 0.33 1.73
1–16 4612.19 Felsic shale lithofacies 7.8 21.4 13.6 0.01 0.51 0.51 0.9 2.74
a 4613.31 8.1 23.6 12.5 0.01 0.46 1.91 0.64 4.23
33 4761.32 Calcareous-felsic shale lithofacies 4.4 41.2 47.9 0.02 1.24 2.92 4.02 8.21
4 4846.57 4.3 45.1 43.7 0.01 1.97 3.68 1.47 7.13
40–2 4733.05 Felsic-calcareous shale lithofacies 7.6 55.7 34.6 0.1 2.06 3.37 2.17 7.75
e 4751.36 5.9 54.6 35.6 0.07 1.47 2.89 2.24 6.92
39–1 4737.99 5.9 52.2 43.1 0.02 1.9 2.08 1.38 4.59
1–63 4799.98 Carbonate/felsic mixed shale lithofacies 4.5 33.6 55.9 0.03 1.29 1.96 0.58 3.87
30 4682.42 4.6 32.5 56.8 0.11 1.56 1.7 1.11 4.48
j1 4635.08 5.2 37.8 51.5 0.02 1.13 1.88 1.05 4.09
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F(α(q) ) = lim
ε→0

∑M(ε)
i=1 fi(q, ε)lgfi(q, ε)

lgε (7) 

The generalized dimension spectrum Dq can be derived, in conclu
sion (Fig. 2). 
⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

Dq =
lim
ε=0

∑M(ε)
i=1 [Pi(ε)lnPi(ε)]

lnε , q = 1

Dq =
1

q − 1
lim
ε→0

lg
[∑M(ε)

i=1 Pi(ε)q]

lgε , q ∕= 1

(8) 

q = 0, Dq is denoted as: capacity dimension; q = 1, Dq is denoted as: 
Information entropy dimension, q = 2, Dq is denoted as: correlation 
dimension.

3. Geological background

The Junggar Basin, located in northern Xinjiang, China, along the 
eastern margin of the Kazakhstan Plate [50], comprises six primary 
tectonic units: the Western Uplift, Wulungu Depression, Luliang Uplift, 
Eastern Uplift, Central Depression, and North Piedmont Thrust Belt 
[51]. The study area, Mahu Sag, lies within the western Central 
Depression adjacent to the Halaalat Mountains and features a Permian 
succession consisting of (from base to top) the Jiamuhe Formation (P1j), 
Fengcheng Formation (P1f), Xiazijie Formation (P2x), Lower Wuerhe 
Formation (P2w), and Upper Wuerhe Formation (P3w) [52]. The Feng
cheng Formation exhibits a northwest-thickening (800–1800 m) trough 
deposition and is subdivided into three lithologically distinct members: 
the lower P1f1 (volcaniclastic rocks), middle P1f2 (organic-rich shales 
with dolomitic mudstones), and upper P1f3 (terrigenous clastics). This 
formation represents semi-deep to deep lacustrine deposition in an arid 

Fig. 2. Multifractal characterization of pore systems: (a) Generalized dimension spectrum (Dq – q). (b) Multifractal spectrum function (f(α) – α(q)).

Fig. 3. (a) Structural map showing the location of Junggar Basin. (b) Tectonic map of the Junggar Basin showing the location of the Mahu Sag. (c) The geological 
structures and well locations near the Mahu Sag (d) Stratigraphic columns of the Permian System in Paleozoic erathem and Triassic in Mesozoic erathem.
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to semi-arid, hypersaline reducing environment, characterized by well- 
developed laminations and pronounced rhythmic bedding [53], 
reflecting complex sedimentary conditions that present significant 
challenges for reservoir characterization (Fig. 3).

4. Results and discussion

4.1. Lithofacies types and distribution characteristics

The shale facies development within the Fengcheng Formation of the 
Mahu Depression exhibits considerable diversity. This study utilizes 
whole-rock analyses from well MY-1 as a case example. The results 
indicate that feldspathic quartz predominates among the mineral con
stituents of the Fengcheng Formation, followed by carbonate minerals. 
The feldspar content varied between 28.2 % and 91.0 %, with an 
average of 56.93 %. The carbonate mineral content ranged from 3.0 % to 
64.6 %, averaging 26.77 %. Meanwhile, the clay mineral content ranged 
from 1.0 % to 25.0 %, with a mean value of 7.84 % (Fig. 4). Utilizing the 
tri-terminal meta-classification method, the lithology of the Fengcheng 
Formation was systematically categorized into four primary groups and 
sixteen subgroups based on the interrelationships among feldspathic, 
carbonate, and clay minerals. The 16 sub-lithofacies are listed below: 
Felsic shale lithofacies, Mixed-felsic shale lithofacies, Calcareous-felsic 
shale lithofacies, Clayey-felsic shale lithofacies, Calcareous shale lith
ofacies, Mixed-calcareous shale lithofacies, Felsic-calcareous shale lith
ofacies, Clayey-calcareous shale lithofacies, Carbonate/clay mixed shale 
lithofacies, Mixed shale lithofacies, Carbonate/felsic mixed shale lith
ofacies, Clay/felsic mixed shale lithofacies, Clayey shale lithofacies, 
Mixed-clayey shale lithofacies, Felsic-clayey shale lithofacies, 
Calcareous-clayey shale lithofacies. Utilizing the comprehensive whole- 
rock data analyzed, the principal lithofacies characterized within the 
Windy City Formation comprise Felsic shale lithofacies, Mixed-felsic 
shale lithofacies, Calcareous-felsic shale lithofacies, Carbonate/felsic 
mixed shale lithofacies, and Felsic-calcareous shale lithofacies, with 

Mixed-felsic shale lithofacies and Calcareous-felsic shale lithofacies 
representing the predominant volumetric contributions (Fig. 4).

In the Fengcheng Formation, the Felsic-calcareous shale and 
Calcareous-felsic shale lithofacies exhibit laminated structures, charac
terized by the presence of calcareous and feldspathic bands. Felsic shale 
lithofacies samples primarily consist of quartz and feldspar, as the low 
calcium content results in an absence of distinct layered structures. The 
mixed-felsic shale lithofacies phase, while containing a small amount of 
calcium, exhibits a dispersed distribution that precludes the formation of 
distinct bands. The Carbonate-felsic mixed shale lithofacies exhibits 
faint banding, which is not pronounced (Fig. 5).

In identifying and predicting lithology for well MY-1, this study 
primarily employs the results of reservoir mineral fractions derived from 
elemental logging analyses. By leveraging the Logistic-Bayes-A-IGWO- 
Bagging-BP regression model delineated in section 2.1, alongside 
empirical XRD data, we undertook a meticulous reassessment of loca
tions within well MY-1 where elemental logging calculations demon
strated inconsistencies, ultimately yielding highly refined and intricate 
characteristics of petrographic distribution. The comprehensive assess
ment of the test set outcomes demonstrates that predictions produced by 
the regression model exhibit significantly improved accuracy. As 
depicted in Fig. 6, the shale facies of the Fengcheng Formation reveal 
pronounced stratigraphic heterogeneity along the vertical axis.

Within the comprehensive stratigraphic framework of the single 
well, the Fengcheng Formation predominantly encompasses Mixed- 
felsic shale lithofacies and Calcareous-felsic shale lithofacies, reflect
ing significant geological characteristics. In the P1f3, Mixed-felsic shale 
lithofacies dominance is distinctly evident. The calcareous-felsic shale 
lithofacies predominate, while the carbonate/felsic mixed shale lith
ofacies develop to a lesser degree in the lower-middle sections of P1f2 

and P1f1. In the lower-middle segment of the P1f2, Felsic-calcareous 
shale lithofacies are predominantly observed. Within the central strati
graphic interval of the Fengcheng Formation, Felsic shale lithofacies are 
comparatively underrepresented and predominantly manifest as 

Fig. 4. Ternary lithofacies classification of the Fengcheng Formation shale based on Felsic-Carbonate-Clay mineral assemblages.
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intercalations characterized by a heterogeneous spatial distribution.

4.2. Characterization of reservoir space in different lithofacies

The intergranular porosity within the Fengcheng Formation 

primarily arises from the contraction of pore spaces between mineral 
particles during mechanical compaction and residual pore spaces that 
persist following deposition and diagenesis. These intergranular pores 
can be categorized into primary and secondary types based on their 
diagenetic history. The Fengcheng Formation predominantly features 

Fig. 5. Sedimentary structure characteristics of shale lithofacies in Fengcheng Formation(a) Felsic shale lithofacies (F-1); (b) Calcareous-felsic shale lithofacies (F-3); 
(c) Felsic-calcareous shale lithofacies (C-3); (d) Felsic-calcareous shale lithofacies (e) Mixed-felsic shale lithofacies (F-2); (f) Carbonate/felsic mixed shale lithofacies 
(M-3).

Fig. 6. Lithofacies distribution in MY-1 Well predicted by Bayesian-IGWO-optimized Bagging-BP model.
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primary intergranular and relatively well-developed dissolution pores 
within the grains. However, while localized occurrences of organic 
matter pores are noted, their overall development remains limited. 
Furthermore, the pore structure exhibits variability across different 
lithofacies.

The felsic shale lithofacies, subjected to significant burial depths, 
experience marked compaction within the reservoir space, predomi
nantly exhibiting slit-like intergranular pores as illustrated in their pore 
architecture (Fig. 7a). The calcareous-felsic shale lithofacies are 
distinctly characterized by wedge-shaped and irregular secondary 
intergranular pores alongside a relatively limited development of 
intragranular dissolution pores (Fig. 7b, c). In the mixed-felsic shale 
lithofacies, intragranular dissolution pores are prominently developed, 
with localized occurrences of clay minerals; the intercrystalline pores 
associated with these minerals can be observed within these formations 
(Fig. 6d). The felsic-calcareous shale lithofacies demonstrate a relative 
enrichment of carbonate minerals within the matrix, highlighted by 
ovoid and reniform intergranular pores formed through dissolution 
processes. Organic porosity primarily manifests as reniform organic 
pores, some partially filled with bitumen (Fig. 7 e-h). The carbonate/ 
felsic mixed shale lithofacies exhibit lower quantities of feldspar and 
carbonate minerals but show a higher relative abundance of clay min
erals within the reservoir; local intercrystalline pores associated with 
clay minerals are also visible (Fig. 7i).

The pore size distribution within the shale reservoirs of the Feng
cheng Formation exhibits notable heterogeneity across diverse lith
ofacies, and this variability persists even within uniform lithofacies. As 
delineated in Fig. 8, the pore sizes across the lithofacies of the Fengcheng 
Formation are predominantly concentrated between 5 nm and 1 μm. 
Specifically, the feldspathic shale and calcareous feldspathic shale lith
ofacies exhibit an unimodal distribution of pore sizes, unlike other 
lithofacies, which present a bimodal distribution pattern. The primary 
peak is associated with pore sizes ranging from 5 to 100 nm within the 
bimodal distribution. In contrast, a secondary peak extends from 100 nm 
to 10 μm, with a transitional zone observed between 100 nm and 1 μm. 
Categorized following the pore development characteristics of the 
Fengcheng Formation, pores are classified into three distinct categories: 
micropores (10–100 nm), mesopores (100 nm–1 μm), and macropores 
(>1μm). Notably, the feldspathic and calcareous feldspathic shale lith
ofacies are distinguished by a higher prevalence of mesopores than 
micropores and macropores. In contrast, the remaining lithofacies are 
predominantly characterized by micropores, with less pronounced 
development of mesopores. Even within the mixed feldspathic shale 
lithofacies, discernible variations in pore size distribution are evident; 
these discrepancies may be ascribed to the intraformational heteroge
neity inherent within the same lithofacies.

Fig. 7. The types of pores that occur in different lithofacies (a) The felsic shale lithofacies; (b, c)The calcareous-felsic shale lithofacies; (d) The mixed-felsic shale 
lithofacies; (e,h) The felsic-calcareous shale lithofacies; (i) The carbonate/felsic mixed shale lithofacies.
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4.3. Oil-bearing characteristics of different lithofacies

The TOC content of shale samples from the Fengcheng Formation 
varied between 0.17 and 1.59 %, with an average of 0.69 %. An elevated 
calcium concentration in shale lithology positively correlates with the 
TOC concentration within its reservoir. Shale phases with high 

carbonate mineral content also have relatively high TOC content. In 
contrast, lithologies characterized by a relatively high felsic and clay 
minerals content tend to have lower internal TOC levels (Fig. 9a). This 
study rigorously examines the analysis of free and adsorbed oils by 
employing hydrocarbon fractions derived from multi-temperature step 
pyrolysis experiments conducted at precisely defined temperature 

Fig. 8. Pore size distribution of different lithologies in the Fengcheng Formation.

Fig. 9. Distribution characteristics of TOC, free oil and adsorbed oil in different lithofacies.
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intervals: S1-1, S1-2, S2-1, and S2-2. The aggregate of S1-1 and S1-2 is 
classified as the free oil fraction, whereas the aggregate of S2-1 and S2-2 is 
categorized as the adsorbed oil fraction. The concentration of free oil 
within the shale lithofacies of the Fengcheng Formation is delineated by 
a range from 0.07 to 2.61, with an average of 1.03; in contrast, the 
concentration of adsorbed oil is quantified between 0.31 and 9.8, 
resulting in an average value of 2.67. Among the five shale lithofacies, 
free oil is mainly found in Calcareous-felsic shale lithofacies, Carbonate/ 
felsic mixed shale lithofacies and Felsic-calcareous shale lithofacies. 
Free oil content is comparatively low in both Felsic shale lithofacies and 
Mixed-felsic shale lithofacies (Fig. 9b). Adsorbed oils exhibit charac
teristics similar to free oils and serve as the primary reservoir for 
adsorbed oils in lithofacies with high carbonate mineral content 
(Fig. 9c). The abundance of adsorbed oil is comparatively lower in Felsic 
shale lithofacies and Mixed-felsic shale lithofacies.

The oil content calculation formula formulated for various pore sizes 
across distinct petrographic phases elucidates pronounced disparities in 

pore size distribution, both among samples of different petrographic 
phases and within samples of the same phase. This heterogeneity in pore 
size distribution subsequently governs the spatial allocation of free and 
adsorbed oil within these petrographic matrices. The shale oil content is 
markedly enhanced in regions where the pore size exhibits significant 
development within the lithology. In contrast, it is substantially reduced 
in areas characterized by poorly developed pore spaces (Fig. 10).

Lithofacies with high calcium content, including Calcareous-felsic 
shale lithofacies, Carbonate/felsic mixed shale lithofacies, and Felsic- 
calcareous shale lithofacies, possess elevated shale oil content. The 
primary reservoir space for shale oil is within the pore size range of 
10–1000 nm, with peak oil content occurring at an optimal pore 
diameter of approximately 50 nm. As depicted in Fig. 10, the overall 
concentration of free oil remains relatively low, while the shale reservoir 
exhibits a comparatively high content of adsorbed oil. The characteris
tics of free oil and adsorbed oil occurrence exhibit congruence with the 
pore structure features inherent to the petrographic phase, both 

Fig. 10. Oil-bearing distribution characteristics of different lithofacies and different pore sizes.
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revealing a propensity for more developed pore regions to correlate with 
elevated oil content: specifically, the maximum free oil concentration 
ranges from 0.005 to 0.01 cm3, whereas the peak bound oil concentra
tion spans from 0.01 to 0.025 cm3. There is a notable reduction in 
overall shale oil content for lithofacies characterized by low calcium 
content, specifically the mixed-felsic shale lithofacies and felsic shale 
lithofacies. The primary reservoir space for shale oil in the mixed-felsic 
shale lithofacies is characterized by pore diameters of 10–100 nm. 
Additionally, shale oil is present in pores measuring 1–10 μm, but its 
concentration remains relatively low. The pore size distribution in the 
mixed-felsic shale lithofacies exhibits a broad range, with the primary 
reservoir space for shale oil spanning from 50 to 5000 nm. Nevertheless, 
shale oil concentration is significantly lower than that found in calcar
eous shale lithofacies.

4.4. The reliability analysis of artificial intelligence prediction models

The AI-based lithofacies identification method established in Section 
2.1 successfully predicts vertical lithofacies distribution in individual 
wells, but requires further validation of model stability and accuracy. 
Performance analysis reveals significant differences in prediction capa
bility across mineralogical classes: clay minerals show optimal fitting 
during training (MAE = 0.006, RMSE = 0.017, R2 = 0.988), followed by 
carbonates (MAE = 0.013, RMSE = 0.028, R2 = 0.976), while felsic 
minerals exhibit relatively weaker performance (MAE = 0.020, RMSE =
0.053, R2 = 0.929), suggesting either greater complexity in felsic min
eral signatures or insufficient capture of nonlinear relationships 
(Table 2).

During testing, the model demonstrates good stability and general
ization capacity, with carbonates maintaining the most robust perfor
mance (minimal error increase), clay minerals showing moderate 
degradation, and felsic minerals presenting the most significant gener
alization challenges—indicating potential discrepancies between 
training and test data distributions. These results confirm the model’s 
overall reliability for lithofacies characterization while highlighting 
felsic mineral prediction as the key target for future optimization 
through expanded training datasets or enhanced feature engineering to 
better capture geological variability.

As evidenced in Fig. 11, the prediction results for all three mineral 
types demonstrate generally favorable accuracy, with minimal deviation 
between predicted and actual values. The felsic mineral predictions 
show isolated outliers near the 30 % concentration range in the training 
set, suggesting potential data collection anomalies in this interval, while 
systematic deviations of multiple data points from the baseline in the 
50–70 % mid-to-high concentration range of the test set indicate inad
equate capture of nonlinear responses, resulting in significantly lower 
test R2 (0.929) compared to training performance (0.988).

Carbonate minerals exhibit intermediate performance, with high 
slope values for both training and test regression lines, though slight 
deviations from the baseline occur in the 20–40 % mid-concentration 
range of the test set, likely attributable to localized data distribution 
differences. Clay minerals show excellent training set agreement (R2 =
0.988) but notable performance degradation in testing (R2 = 0.854), 
particularly evidenced by wider scatter in the 4–16 % concentration 

range, potentially due to introduced noise or cross-interference from 
mixed mineral compositions in the test data. Despite these observed 
deviations, the overall prediction accuracy remains sufficiently robust 
for practical lithofacies identification applications, with all mineral 
types maintaining acceptable error margins (MAE < 0.020 for felsics, 
<0.013 for carbonates, and <0.006 for clays in training). These results 
validate the model’s operational reliability while highlighting specific 
concentration ranges requiring potential refinement through additional 
data sampling or feature engineering to address the identified nonlinear 
response characteristics.

4.5. Controls on vertical lithofacies variability

The adaptive AI prediction model developed in Section 2.1 (Fig. 6) 
reveals significant vertical lithofacies variations within individual wells. 
These observed differences primarily originate from paleoenvir
onmental shifts during Fengcheng Formation deposition, where chang
ing sediment provenance and associated mineralogical transformations 
induced progressive vertical lithofacies changes [54]. To systematically 
interpret this heterogeneity, we employ elemental proxies as deposi
tional environment indicators to explain the lithofacies distribution 
patterns.

The Fengcheng Formation predominantly developed under suboxic 
to anoxic conditions throughout its depositional history [55]. Strati
graphic thickness analysis identifies the second member (P1f2) as the 
primary interval of interest. During P1f2 deposition, systematic envi
ronmental changes occurred: paleo-water depth progressively decreased 
(La), water salinity increased (Sr/Ba), dissolved oxygen content declined 
(V/Cr), culminating in fully reducing conditions (Fig. 12). The P1f2 in
terval subsequently experienced oxygen replenishment, transitioning to 
oxic conditions coinciding with peak biological productivity (Al/Ba). 
This combination of elevated primary productivity and oxygen avail
ability enhanced both hydrocarbon source potential and carbonate 
mineral content within P1f2 reservoirs, ultimately increasing TOC 
accumulation. Consequently, calcareous feldspathic shales and carbon
ate/feldspar mixed shales emerged as the dominant lithofacies (Fig. 12), 
while other lithologies formed through fluctuating paleo-water depth, 
salinity, and redox conditions. These variations resulted from seasonal 
environmental changes coupled with dynamic lake-level fluctuations 
and water mass energy variations during deposition [56].

4.6. Controls on oil-bearing property variations in lithofacies

The quantitative oil-bearing characterization model established in 
Section 2.3 (Fig. 10) reveals significant intra-lithofacies variations in 
hydrocarbon saturation. These observed differences primarily stem from 
pore-size distribution heterogeneity within individual lithofacies units, 
where subtle variations in pore throat radii (50–800 nm) and connec
tivity create distinct fluid storage and migration pathways [57]. This 
section examines oil content differences within equivalent lithofacies, 
using the feldspar-calcareous shale facies as an example. Mineral con
tent analysis of five samples from the same lithofacies but different 
depths reveals distinct variations: differences exist between the same 
mineral types within the lithofacies, while variations between different 
minerals are even more pronounced (Fig. 13).

To investigate these observed differences, we conducted Ropscan 
mineral analysis on a sample from 4717.4 m depth, revealing non- 
uniform vertical distribution of individual minerals (Fig. 14). This 
mineralogical heterogeneity directly influences pore structure distribu
tion along the vertical profile [58]. Detailed examination of a selected 
area through superimposed pore-mineral mapping clearly demonstrates 
distinct pore architectures between different mineral boundaries. The 
preservation of pore structures varies significantly depending on min
eral mechanical properties – brittle minerals maintain better pore 
structure integrity, while ductile minerals exhibit poorer pore preser
vation [59]. These two key observations explain the oil content 

Table 2 
Performance evaluation indices of neural network models.

Data Metrics Felsic minerals Carbonate minerals Clay minerals

Training MAE 0.020 0.013 0.006
RMSE 0.053 0.028 0.017
R2 0.9289 0.9764 0.9883

Testing MAE 0.052 0.072 0.066
RMSE 0.067 0.090 0.082
R2 0.8287 0.8767 0.8535
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variations within the same lithofacies: (1) differences in mineral 
composition percentages and (2) spatial distribution patterns of min
erals collectively serve as indirect but critical factors causing oil satu
ration differences at varying depths within identical lithologies.

The calculated results presented in Fig. 10 reveal significant differ
ences in oil-bearing properties among various lithofacies. These varia
tions arise from two primary factors: (1) compositional differences in 
mineral components between lithofacies, which affect their respective 
capacities for storing free versus adsorbed oil, and (2) variations in pore 
size distribution and heterogeneity levels within each lithofacies. We 

analyze these two aspects separately by examining the relationship be
tween mineral composition and oil content, and the correlation between 
multifractal dimension theory and oil-bearing characteristics.

The analysis of the relationship between carbonate minerals and 
both free and adsorbed oil across various lithofacies demonstrates a 
positive correlation. As the concentration of carbonate minerals in
creases, there is a corresponding and significant rise in free and adsorbed 
oil levels within these lithofacies. Shale lithofacies with elevated cal
cium content primarily characterize the P1f2 stratigraphic interval and 
exhibit a high TOC concentration within its reservoirs [60]. 

Fig. 11. Regression Analysis of Predicted and Actual Mineral Content for Felsic, Carbonate and Clay Minerals.

Fig. 12. Element Distribution of Different Lithofacies Reflecting Depositional Environment in Well MY-1.
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Consequently, the lithofacies enriched in calcium demonstrate a robust 
hydrocarbon-generating potential. On one hand, lithofacies exhibiting 
significant hydrocarbon-generating potential are characterized by rela
tively elevated oil content within their reservoirs. On the other hand, 
heightened concentrations of carbonate minerals facilitate the release of 
organic acids during the maturation phase of organic matter and 
simultaneously accelerate the dissolution of these minerals during pe
riods of deep fluid activity [61]. This process substantially enhances the 
porosity of carbonate minerals and markedly contributes to hydrocar
bon concentration (Fig. 15).

Quartz, esteemed for its stability and brittleness, exerts a negligible 
influence on reducing porosity within the reservoir. Instead, it primarily 

upholds the integrity of pore space by providing critical structural 
support [62]. The correlation analysis between quartz content and free 
oil indicates that the impact of quartz on free oil can be distinctly 
classified into two distinct phases. In the initial phase, when quartz 
content is below 30 %, it inhibits the presence of free oil. The inhibitory 
effect is primarily attributed to the low concentration of quartz, which 
provides minimal structural support to the granular framework [63]. 
Within a single sample, a diminished quartz particle concentration 
correlates with a proportionally elevated content of clay minerals and 
other minor constituents. The excessive clay mineral content can lead to 
pore constriction, consequently causing a decrement in reservoir 
porosity and a concomitant reduction in permeability. In the second 

Fig. 13. Distribution of mineral components across varying depths within the same lithofacies.

Fig. 14. Element Distribution of Different Lithofacies Reflecting Depositional Environment in Well MY-1.
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phase, where the quartz content surpasses 30 %, it exerts a facilitative 
effect on the retention of free oil within the reservoir. With the incre
ment in quartz particle concentration, their contribution to the struc
tural integrity of the reservoir framework is enhanced, consequently 
attenuating the impact of clay minerals. In contrast to lithofacies 
enriched in carbonate minerals, those with elevated quartz content, 
exemplified by the Felsic shale lithofacies, exhibit a comparatively 
reduced hydrocarbon-generating potential. The shale oil within these 
reservoirs is hypothesized to have been generated within carbonate 
lithofacies and then migrated over short distances to the quartz-rich 
lithofacies (Fig. 16).

The data in Fig. 16 reveals an inverse relationship between quartz 
and feldspar concentrations within the feldspathic lithologies of the 
Fengcheng Formation. Notably, elevated feldspar concentrations are 
inversely associated with diminished quartz levels, and this relationship 
is reciprocal. This study on the relationship between feldspar content 
and the occurrence of free hydrocarbons revealed that a significant 

threshold of feldspar content substantially affects the distribution of free 
hydrocarbons. Empirical data indicate that feldspar content exerts a 
limited effect on the sequestration of free oil when it is below the 30 % 
threshold. This phenomenon can be attributed to suboptimal feldspar 
levels, which lead to increased quartz content within the reservoir 
following the principle of inverse proportionality. As a result, the impact 
of quartz on free hydrocarbons becomes predominant. Conversely, an 
enhancement in the feldspar content beyond the 30 % threshold is 
associated with a marked increase in the quantity of free hydrocarbons. 
One contributing factor is the enhanced compaction associated with 
increased burial depth during the process of the diagenesis of Fengcheng 
rocks [64]. This compaction, when quartz content is low, results in a 
decrease in porosity. Nevertheless, reduced quartz content is counter
balanced by an elevated feldspar content due to the compensatory 
relationship. The higher feldspar content alleviates the effects of 
compaction, thus preserving a portion of the porosity. On the other 
hand, the sedimentary environment of the Fengcheng Formation is 

Fig. 15. Correlation between carbonate mineral content and free oil and adsorbed oil.

Fig. 16. Correlation between mineral composition and free oil and adsorbed oil.
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characterized as a saline water environment [65]. During the matura
tion of hydrocarbons within source rocks, organic acids are liberated. 
These acids engage in complexation with metal cations within the 
feldspar, thereby catalyzing the dissolution of feldspar. The dissolution- 
induced porosity that emerges is beneficial for the sequestration of free 
hydrocarbons.

The relationship between the concentration of clay minerals and the 
quantities of free and bound oil within the reservoir demonstrates a 
distinct segmented correlation. As the concentration of clay minerals 
falls below 10 %, there is a corresponding increase in free and bound oil 
levels, which correlates with the gradual rise in clay mineral content. 
This phenomenon can be ascribed to the incomplete sealing of pore 
spaces at reduced clay mineral concentrations, in conjunction with the 
heightened adsorptive affinity of clay minerals for shale oil relative to 
other mineral species [66]. Consequently, the increased concentration of 
clay minerals significantly enhances their adsorptive affinity for shale 
oil, thereby increasing the total oil content within the reservoir. 
Conversely, beyond a threshold of 10 % clay mineral concentration, the 
quantities of free and bound oil diminish as the concentration of clay 
minerals rises. The phenomenon is primarily driven by the elevated 
concentrations of clay minerals, which induce the formation of block
ages within the shale reservoir matrix. This obstruction diminishes the 

pore space, significantly reducing reservoir porosity and permeability. 
The blockage induced by high clay mineral concentrations within the 
reservoir matrix disrupts the internal connectivity, attenuating the shale 
oil’s enrichment capacity.

This study employs multi-fractal dimension analysis to investigate 
the influence of lithofacies pore size variability on the oil-bearing ca
pacity of shales, with a focus on 10 representative samples from the five 
principal lithofacies of the Fengcheng Formation. Fig. 17 illustrates the 
double logarithmic plot of the logarithmic mass distribution function u 
(q, e) against the cell side length C for a quintessential sample within 
each of the five lithofacies, delineating their logarithmic correlation. 
The statistical moment order q ranges from 10 to − 10, with an incre
mental step of 1. The analysis delineates that within the q range of 0 to 
10, log u(q,e) escalates with the escalation of loge, while within the q 
range of − 10 to 0, log u(q,e) corresponds with a decrease in loge. 
Throughout the q spectrum from − 10 to 10, the scatter plots manifest a 
pronounced linear correlation, a trend that is similarly exhibited by the 
additional nine samples (Fig. 17). This regularity substantiates the 
robust multifractal characteristics within samples of the five lithofacies 
[67,68].

Samples from diverse lithofacies within the Fengcheng Formation 
exhibit multifractal behaviour, underscoring the need for a thorough 

Fig. 17. Log-log plots of the mass partition function u(q, ε) versus the cell side length (ε) for the different shale lithofacies.
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analytical examination. Fig. 18a depicts the generalized fractal dimen
sion spectrum across the q range from − 10 to 10, and Fig. 18b delineates 
the multifractal singularity spectrum over the same range. The gener
alized fractal dimension spectrum manifests an inverse ’S’-shaped pro
file, with the left side of q = 0 indicating relatively low probability in 
pore size distribution and the right side signifying regions of relatively 
high probability [69]. Drawing from nuclear magnetic resonance (NMR) 
analysis of the Fengcheng Formation reservoirs, the high probability 
region for pore size distribution is approximately 50 nm to 1 μm, in 
contrast to the low-probability region, which extends beyond one μm. 
Consequently, the high-probability region can be classified as the 
domain of meso- to micropore distributions, while the low-probability 
region is characterized as the domain of macropore distributions.

Employing multifractal dimension theory, we have derived the 
generalized fractal dimension spectrum q ~ Dq and the multifractal 
spectrum α ~ f(α) for various lithofacies. Within the generalized fractal 
dimension spectrum, the value of Dq diminishes as the order q ascends, 
attaining its nadir at q = 10, with an inflexion point occurring at q = 0. A 
more pronounced decline in D(q) with descending order q signifies 
higher heterogeneity. In the multifractal spectrum, the magnitude of f(α) 
diminishes progressively on either side of its peak (When α = 0, the 
corresponding value of f(α)), with the right side of the peak representing 
areas of reduced probability in pore size distribution (the macropore 
domain), and the left side indicating areas of increased probability (the 
meso- to micropore domain) [70]. The breadth of the x-axis in the 
multifractal spectrum (αmax-αmin) indicates reservoir heterogeneity. As 
depicted in Fig. 18a, among the distinct lithofacies of the Fengcheng 
Formation, the reduction in D(q) with increasing order q within the 
meso- to micropore range is relatively modest, implying a lower level of 
heterogeneity. Conversely, within the macropore range, the more pro
nounced decline in Dq suggests a more pronounced heterogeneity.

Based on multifractal spectrum analysis, samples are bifurcated into 
two principal categories: one category is predominantly influenced by 
larger pore sizes, which are indicative of low-probability regions, and 
the other is governed by meso- to micropore sizes, associated with high- 
probability areas [71,72]. The disparity between the maximum and 
minimum values of the multifractal dimension denoted as Δf, indicates 
the distribution characteristics within the pore space. A negative Δf, 
signifying the prevalence of low-probability regions, correlates with a 
rightward-hook shape in the f(α) curve; in contrast, a positive Δf, indi
cating the dominance of high-probability areas, is associated with a 
leftward-hook shape [73]. Within the Fengcheng Formation samples, 
three manifest a leftward-hook shape, suggesting that meso- to micro
pore sizes (high-probability regions) are the predominant influence. The 
remaining samples are marked by large pore areas (low-probability re
gions), aligning with the generalized fractal dimension spectrum’s 

indication that samples with reduced heterogeneity in low-probability 
regions conform to this pattern. Consequently, it is apparent that the 
uniformity of larger pore sizes predominantly dictates the heterogeneity 
within shale reservoirs.

By employing multifractal theory, a comprehensive set of parameters 
can be derived to evaluate the heterogeneity of reservoir pore-throats. 
The interval between D-10-D10 within the generalized fractal dimen
sion spectrum represents the extensive range of pore size distribution 
probabilities, indicating the overall uniformity of reservoir pore sizes; a 
smaller value signifies a more homogeneous distribution [74]. As 
demonstrated in Table 3, there is minimal variation in the overall ho
mogeneity of pore sizes across the five predominant lithofacies within 
the Fengcheng Formation. However, two mixed lithofacies—specifi
cally, mixed feldspathic shale and calcareous feldspathic mixed lith
ofacies—exhibit greater heterogeneity in their pore size distributions. 
The differential D-10-D0 within the generalized fractal dimension spec
trum delineates the extent of low-probability regions, characterizing 
heterogeneity among larger pore-throat domains in the Fengcheng 
Formation; an increased value correlates with heightened heterogene
ity. Conversely, the differential D0–D10 defines high-probability regions 
and characterizes meso- to micro-pore-throat domain heterogeneities; a 
larger value indicates greater variability. Notably, both mixed feld
spathic shale and calcareous feldspathic mixed lithofacies demonstrate 
enhanced heterogeneity in medium to large pore-throat domains while 
exhibiting relatively subdued differences in meso- to micro-pore-throat 
region heterogeneities, as detailed in Table 3.

As elaborated in Section 4.5, lithofacies are classified into two pri
mary categories based on carbonate content: those exhibiting elevated 
carbonate levels and those with comparatively lower carbonate con
centrations. Fig. 18 illustrates that within the meso- to micro-pore 
spectrum, the concentration of free oil among the five predominant 
lithofacies of the Fengcheng Formation exhibits a progressive decline as 
the differential between D0–D10 increases. Conversely, lithofacies 
enriched in carbonate minerals show an observed increase in adsorbed 
oil concentration corresponding to an expansion of the D0–D10 differ
ential. In contrast, lithofacies characterized by lower carbonate mineral 
content display an inverse relationship; specifically, their free oil con
centration diminishes as the D0–D10 differential widens. This phenom
enon can be primarily attributed to heightened heterogeneity within 
meso- to micro-pores, leading to diminished connectivity in reservoirs, 
which reduces shale oil flow capacity and decreases free oil concentra
tions. Regarding adsorbed oil, increased complexity within meso- to 
micro-pores coupled with a greater specific surface area enhances 
adsorption potential relative to free oil, thereby elevating adsorbed oil 
concentrations. The analysis of hydrocarbon content across various 
lithofacies suggests that those with higher carbonate levels tend to 

Fig. 18. Generalized dimension spectrum (a) and multifractal singularity spectrum (b) for the different lithofacies.
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Table 3 
Parameters of multiple fractal dimensions within different lithologies.

Serial number Depth (m) Lithofacies Free oil (cm3) Absorbed oil (cm3) D-10 D10 α10 α-10 D0 D1

104 4753.45 Mixed-felsic shale lithofacies 0.28 0.73 4.38 1.91 1.81 4.60 3.27 2.83
56 4610.89 0.26 0.84 4.53 2.21 2.10 4.77 3.27 2.71
1–86 4810.24 0.92 0.3 6.10 2.37 2.24 6.71 3.21 2.83
1–29 4676.47 0.74 0.99 7.15 2.16 2.01 7.87 3.08 2.83
1–16 4612.19 Felsic shale lithofacies 0.52 1.41 6.14 2.43 2.35 6.75 3.21 2.93
a 4613.31 0.47 2.55 5.41 2.15 2.10 5.96 2.82 2.57
33 4761.32 Calcareous-felsic shale lithofacies 1.26 6.94 6.19 1.91 1.81 6.81 3.21 2.69
4 4846.57 1.98 5.15 5.98 2.00 1.88 6.58 3.21 2.80
40–2 4733.05 Felsic-calcareous shale lithofacies 2.16 5.54 4.60 2.33 2.25 4.89 3.27 2.76
e 4751.36 1.54 5.13 6.09 1.92 1.83 6.70 3.12 2.63
39–1 4737.99 1.92 3.46 6.14 2.43 2.35 6.75 3.21 2.93
1–63 4799.98 Carbonate/felsic mixed shale lithofacies 1.32 2.54 6.28 2.10 1.98 6.91 3.25 2.93
30 4682.42 1.67 2.81 4.43 2.27 2.14 4.88 3.21 2.71
j1 4635.08 1.15 2.93 5.98 2.01 1.89 6.58 3.12 2.76
Serial number Depth (m) Lithofacies OSI (cm3) D2 D-10-D10 D-10-D0 D0–D10 D0-D1 α-10-α10 Hurst
104 4753.45 Mixed-felsic shale lithofacies 121.74 2.44 2.47 1.11 1.36 0.44 2.79 1.72
56 4610.89 71.08 2.51 2.32 1.26 1.06 0.56 2.68 1.75
1–86 4810.24 158.62 2.69 3.72 2.88 0.84 0.38 4.47 1.85
1–29 4676.47 137.04 2.71 4.99 4.07 0.92 0.25 5.86 1.86
1–16 4612.19 Felsic shale lithofacies 192.59 2.74 3.71 2.93 0.78 0.28 5.00 1.87
a 4613.31 125.78 2.38 3.26 2.59 0.67 0.25 4.70 1.69
33 4761.32 Calcareous-felsic shale lithofacies 197.66 2.35 4.28 2.98 1.30 0.52 4.93 1.67
4 4846.57 158.40 2.42 3.99 2.77 1.22 0.41 2.74 1.71
40–2 4733.05 Felsic-calcareous shale lithofacies 219.98 2.60 2.27 1.33 0.94 0.52 4.69 1.80
e 4751.36 167.32 2.25 4.17 2.96 1.20 0.49 2.64 1.63
39–1 4737.99 252.68 2.74 3.71 2.93 0.78 0.28 4.86 1.87
1–63 4799.98 Carbonate/felsic mixed shale lithofacies 216.35 2.64 4.17 3.02 1.15 0.32 4.40 1.82
30 4682.42 307.14 2.52 2.17 1.22 0.94 0.50 4.40 1.76
j1 4635.08 145.57 2.46 3.97 2.86 1.12 0.36 3.86 1.73

Fig. 19. The correlation between multifractal dimension parameters and free oil and adsorbed oil.
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contain more abundant shale oil, likely due to superior ancient pro
ductivity and enhanced hydrocarbon-generating potential compared to 
their lower-carbonate counterparts. Consequently, it is plausible that 
shale oils found within low-carbonate lithofacies may originate from 
high-carbonate sources. Thus, intensified heterogeneity within meso- to 
micro-pores characterized by complex pore structures hinders shale oil 
ingress into these reservoirs while concurrently reducing adsorbed oil 
concentrations in low-carbonate lithofacies (Fig. 19).

In the macro-pore-throat domains, a notable decrease in free oil 
concentration is observed within lithofacies characterized by elevated 
carbonate mineral content as the D-10-D0 differential increases. 

Conversely, lithofacies with lower carbonate content exhibit an increase 
in free oil concentration. However, no significant correlation between 

adsorbed oil and lithofacies is detected. This dichotomy can be primarily 
attributed to the heightened heterogeneity present within the macro- 
pore throats of carbonate-rich lithofacies, which—being predominant 
hydrocarbon-generating lithotypes among the five studied—compro
mises reservoir connectivity and enhances shale oil’s adsorptive affinity, 
thereby reducing free oil concentrations. In contrast, for lithofacies with 
diminished carbonate content, increased heterogeneity in their macro- 
pore throats enhances reservoir storage capacity, facilitating greater 
volumes of free oil sequestration. Regarding these larger pores, it is 
noteworthy that shale oil’s adsorptive capacity on pore walls is signifi
cantly less than that of free oil due to larger pore-throat radii, thus 
rendering correlations with lithofacies less pronounced.

The connectivity of reservoirs is rigorously assessed through the 
Hurst exponent, mathematically defined as (D2 + 1)/2, where D2 rep
resents the correlation dimension—a metric that quantifies the inter
connectedness among various pore-throats. An elevated Hurst exponent 
correlates with improved pore-throat connectivity. Fig. 18 illustrates a 
positive correlation between the Hurst exponent and free oil concen
tration, alongside an inverse relationship with adsorbed oil concentra
tion across the five primary lithofacies of the Fengcheng Formation. This 
trend contrasts with the internal heterogeneity of the reservoir. The 
observed phenomenon primarily results from enhanced reservoir con
nectivity, which significantly facilitates short-range translocation and 
coalescence of shale oil. Consequently, robust internal connectivity 
within the reservoir provides effective migration pathways for 
carbonate-rich lithofacies while offering substantial storage capacity for 
those with lower carbonate content.

4.7. Quantitative characterization model of oil-bearing properties by pore 
size

Based on the above analysis, we have clarified the influence of 
different lithofacies and that of the same lithofacies on oil content. 
However, a detailed analysis of the vertical distribution of lithofacies 
and variations in their oil content has not yet been conducted. Therefore, 
this study utilizes parameters derived from multifractal dimensions and 
the Oil Saturation Index (OSI) to characterize the vertical distribution 
features of different lithofacies and their associated oil content. Using 

parameters obtained from multifractal dimensions along with their 
correlation to oil content, we selected Hurst exponent and heterogeneity 
parameters for pore sizes ranging from D0 to D10 nanometers, estab
lishing correlations with actual logging curves (CNL, DEN, CALI, RI, 
RXO, GR, AC, RT). Fig. 20 shows a significant correlation between the 
Hurst exponent and DEN, RI, RXO, GR, and RT. Additionally, D0–D10 
exhibits notable correlations with DEN, RI, GR, RT, and SP.

Therefore, using the method of multiple linear regression, the func
tional relationship between the Hurst index and D0–D10 and the logging 
curve is established:    

According to Fig. 21, there is a clear correspondence between the oil 
content of different lithofacies and their characteristics. Lithofacies with 
higher calcium content exhibit relatively high Oil Saturation Index (OSI) 
values, larger Hurst exponents and smaller D0–D10 values. This obser
vation is generally consistent with the results discussed earlier.

4.8. Deployment methodology of the model in practical applications

The proposed AI-based lithofacies prediction framework has 
demonstrated promising theoretical performance, and its field deploy
ment requires three critical implementation phases. First, data accuracy 
and standardization: The model requires XRD-derived mineralogical 
data as primary input, necessitating rigorous data standardization 
including outlier removal and noise reduction. For cost-efficient field 
applications where XRD analysis is impractical, elemental logging data 
can be inverted to estimate required mineral compositions for dataset 
construction. Second, model architecture deployment: The validated 
model should be installed at well sites for real-time processing of logging 
data to generate lithofacies predictions, with outputs cross-verified 
against geologist-identified lithofacies for quality control. Third, 
cloud-based continuous learning: A distributed training platform could 
be established to systematically incorporate field verification results, 
enabling periodic model parameter updates to maintain prediction ac
curacy through operational feedback loops.

4.9. The model for the oil-bearing property of different lithofacies

Based on the characterization of reservoir space across different 
lithofacies and the analysis of their oil content, it is evident that within 
the shale lithofacies of the Fengcheng Formation, those with higher 
calcium content primarily function as generating spaces for shale oil and 
exhibit superior oil content. Conversely, lithofacies with lower calcium 
content mainly act as reservoir spaces for shale oil; however, their oil 
content is influenced by the heterogeneity of pore structures within the 
reservoir. Notably, greater heterogeneity in macropores enhances the 
enrichment potential of shale oil (Fig. 22).

H = − 1.09 × DEN − 0.00028 × RI + 0.00014 × RXO + 0.0006 × GR + 0.00014RT + 4.59
R2 = 0.62 (29) 

D0 − D10 = 1.88 × DEN + 0.0001 × RI − 0.0021 × GR − 0.000015 × RT − 3.75
R2 = 0.34 (30) 
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5. Study limitations and future recommendations

The current AI prediction work has only been conducted at the 
single-well scale with satisfactory results. However, characterizing the 
planar distribution across the entire study area solely based on well data 
has limitations. The next step requires integrating seismic data with 
multimodal theory. We will combine logging data with seismic attri
butes using transfer learning, incorporating lithofacies structural fea
tures and descriptions to achieve accurate planar lithofacies 
characterization across the study area. This will also help validate the 
single-well lithofacies distribution model.

6. Conclusion

This study innovatively integrates artificial intelligence algorithms 
with multiscale experimental characterization techniques. Based on 
elemental logging and XRD data, we developed an intelligent lithofacies 
identification model with adaptive optimization capabilities, systemat
ically revealing the intrinsic relationships between mineral composition, 
pore structure characteristics, and shale oil occurrence patterns across 
different lithofacies. Furthermore, by combining multifractal dimension 

theory with well logging parameters, we established a comprehensive 
intelligent quantitative characterization model for “lithology-pore 
structure-oil content” across entire well sections. Specific conclusions 
are provided below: 

1. This study developed an integrated Bayesian-IGWO ensemble 
learning model that achieves accurate vertical lithofacies identifi
cation with superior resolution compared to conventional XRD 
methods, demonstrating reliable performance for heterogeneous 
reservoir evaluation

2. Shale oil distribution is controlled by mineral composition and pore 
structure. Carbonates increase porosity through dissolution while 
quartz and feldspar optimize pore space. Clays exhibit dual adsorp
tion and blockage effects. Macropores govern free oil mobility 
whereas micropores control adsorbed oil retention

3. This study integrates multi-stage pyrolysis with NMR to establish a 
quantitative method for oil content characterization across nano-to- 
micron pore systems. Using Hurst index and multifractal parameters, 
we developed a logging response model that confirms superior pore- 
throat connectivity and oil-bearing potential in calcareous 

Fig. 21. The Hurst index, D0–D10, and OSI distribution characteristics of different lithofacies.

Fig. 20. Correlation between Hurst index, D0–D10 and logging parameters.
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lithofacies. The AI-enhanced geostatistical approach provides a 
standardized intelligent solution for sweet spot prediction.
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Appendix 

1. The formula for BP neural network:
Step 1: Network initialization. The weights and biases of the network are initialized. Typically, the weights are initialized to small random 

values, while the bias can be initialized to 0 or small values. 

W[l] N
(
0, σ2) (1) 

b[l] = 0 (2) 

Step 2: Hidden layer output calculation. The data is propagated forward through the network layers. σ is the activation function. The output a[l]

of each layer is computed: 

z[l] = W[l] • a[l− 1] + b[l] (3) 

Fig. 22. Pattern of oil-bearing characteristics of different lithofacies in Fengcheng Formation of Mahu Sag.
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a[l] = σ
(
z[l]

)
(4) 

Step 3: Output layer input calculation. The output prediction for linear activation is obtained directly by calculating the output layer, where the 
output value equals the input value without any transformation.

The input of the output layer z[output]: 

z[output] = W[output] • a[lasthiddenlayer] + b[output] (5) 

The output of the output layer ŷ: 

ŷ = z[output] (6) 

Step 4: Error calculating. The mean square error (MSE) serves as the designated loss function. 

Loss =
1

2m
∑m

i=1
(ŷi − yi)

2 (7) 

Step 5: Update weight. The weights are updated utilizing the gradient descent methodology. 

W[l] = W[l] − α ∂Loss
∂W[l] (8) 

Step 6: Update bias. The bias is updated through the utilization of gradient descent. 

b[l] = b[l] − α ∂Loss
∂b[l] (9) 

2. Optimization process of the Bayesian algorithm
Step 1: Define the objective function with the Gaussian process (GP) prior. The objective function is defined as “f(x)”. The variable x in this 

scenario represents a vector. The vector x, in this case, represents two hyperparameters of the neural network: the number of nodes in the hidden layer 
(h) and the number of hidden layers (l). The objective function value corresponds to the validation set loss of the neural network given a specific 
hyperparameter configuration. In contrast, the prior distribution of the objective function f(x) is modelled as a Gaussian process. 
{

f(x) = NetworkLoss(h, l;DTrain,Dval)

f(x) GP(m(x), k(x, xʹ) )
(10) 

The DTrain and Dval respectively denote the training set and test set in the main code.
The mean function m(x) is typically assumed to be zero (or another simple form). In contrast, the covariance function or kernel function k(x, x’) 

defines the covariance between any two points in the input space, such as the radial basis function (RBF).
Step 2: Update the Gaussian process (GP) posterior. The purpose of posterior updating is to enhance or revise the understanding and estimation 

of the behaviour of the objective function with new observations, specifically, performance measures obtained under new hyperparameter config
urations. Simultaneously, it can enhance the subsequent parameter selection process with greater intelligence and efficiency. The posterior probability 
p(f |D) represents the distribution of function f based on observation D.

According to Bayes’ theorem, the posterior probability can be computed using the following formula: 

p(f |D) =
p(D|f) • p(f)

p(D)
(11) 

The prior probability distribution of the objective function f, denoted as p(f), is commonly assumed to follow a Gaussian process. p(D|f) represents 
the likelihood of the observed data D given the function f. The marginal probability of the data, p(D), serves as a normalization constant to ensure that 
the posterior distribution maintains its validity as a proper probability distribution.

Step 3: Function of acquisition. The next query point is determined using the acquisition function EI (expected improvement) based on the 
current posterior distribution. 

EI(x) =
∫ ∞

− ∞
max(0,fmin − f(x)p(f(x)|D )df(x) (12) 

Step 4: Optimize acquisition function and data update. The next query point is determined by selecting the point that maximizes the 
acquisition function. The objective function is evaluated at the new point Xnext, new observations Ynext are obtained, and the dataset is updated. 
{

xnext = argmax(x;D)
D←D

⋃
{(xnext , ynext) }

(13) 

Step 5: Steps 2 to 4 should be repeated until certain termination conditions are met, such as reaching the maximum number of iterations or when EI 
falls below a specific threshold.

3. Optimization process of the GWO algorithm
Step 1: Surround prey stage (initialize position). The grey Wolf, acting as the algorithm’s agent, initiates at this stage and determines an 

approximate location for the prey, which refers to the potential minimum region of the loss function. The position xi of each Wolf is initialized, 
representing a collection of network weights and biases. The positions are initialized randomly. 

xi = lb+(ub + lb) × rand() (14) 

The terms lb and ub denote the lower and upper limits of weight and bias, respectively.
Step 2: Hunting (tracking) prey stage (updating position) The grey Wolf updates its position at this stage, moving closer to the target based on 

the guidance of the lead Wolf, which represents the optimal solution. The update of the grey Wolf position is contingent upon the positions of Alpha, 
Beta, and Delta Wolves. The positions of all non-leader wolves (Omega wolves) are updated based on the positions of the three leader wolves. 

Z. Yang et al.                                                                                                                                                                                                                                    Fuel 404 (2026) 136353 

21 



xnew =
1
3
(
xnew,α + xnew,β + xnew,δ

)
(15) 

Step 3: Stage of attacking prey (fine adjustment of position) The grey wolves employ a strategic approach to their prey, meticulously iden
tifying and honing in on the optimal solution during optimization. 

a = 2
(

1 −
iter

maxIter

)

(16) 

Step 4: Comprehensive evaluation and iteration. The new weights and bias sets are assessed using the loss function after each position update. 

f(x) = Loss(Output(w, b),Target) (17) 

4. Optimization process of the A-IGWO algorithm
Improvement point 1 The adaptive dynamic adjustment coefficient a. The coefficient a in the original GWO typically undergoes a linear 

decrease from 2 to 0. The value of a can be dynamically adjusted based on the performance of the current iteration in comparison to the historically 
optimal performance following the improvement. The extent to which the function value f(t) improves in comparison to the historical best value f* 
during the current iteration. The small proportion indicates that the new iteration does not bring significant improvement, resulting in a decrease in 
the value of A. This reduction enhances the algorithm’s development capability and diminishes exploration behaviour, accelerating convergence [34]. 

a(t) = 2exp
(

− γ
f(t) − f *

f *

)

(18) 

The function f(t) represents the value of the objective function at the current iteration. f*: represents the optimal value of the objective function 
discovered thus far. γ: the adjustment constant, f(t) − f */f*: Relative improvement ratio.

Improvement point 2: Enhance the balance between exploration and development. Random disturbance can effectively address GWO’s 
challenges in certain optimization problems, particularly in ensuring algorithm efficiency and effectiveness when dealing with complex, multi-peak 
optimization environments. 

xnew = xpred − Apred • Dpred + δ • rand(size(x)) (19) 

xpred: The current position of the lead Wolf. Apre: Controls parameter, The coefficient a affects Apred, which determines the direction and intensity of 
Wolf movement. Dpred: The disparity in distance between the present location and the leader Wolf’s position. δ: The coefficient governing the intensity 
of the disturbance, The magnitude of the random disturbance is defined by δ. rand(size(x)): Generate standard normally distributed random numbers 
of the same size as X, which is used to implement random disturbances.

Improvement point 3: Avoiding local optima and improving convergence speed. The GWO algorithm exhibits strong global search capa
bilities but may still encounter challenges in finding optimal solutions when dealing with complex or multi-peak optimization problems. Incorporating 
Improvement Point 3 enables the algorithm to escape from local optima and explore a wider range of possibilities. 

xnew = xpred − Apred • Dpred •

(

1 + ∊ •
Δf
〈f〉

)

(20) 

Δf : The improvement of the optimal solution before and after iteration. 〈f〉 The average improvement magnitude of the historical optimum. ∊: 
Adjustment coefficient.

Data availability

https://data.mendeley.com/drafts/s5jcs8nnb5
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