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a b s t r a c t

Shale reservoirs are characterized by pronounced heterogeneity, rendering conventional homogeneous 
fracture spacing and experience-based design approaches inadequate for achieving efficient hydraulic 
fracturing. Meanwhile, numerical simulation methods suffer from high computational cost and limited 
global optimization capability. To address these challenges, this study proposes an intelligent optimi
zation method for fracture parameter design. First, a reservoir quality index (RQI) is constructed to 
perform accurate zoning along the horizontal section, enabling targeted fracture parameter design for 
intervals with distinct reservoir properties. Subsequently, the Tent chaotic mapping, golden sine 
strategy, and sparrow search algorithm (SSA) are integrated with a backpropagation neural network to 
develop a TENT-SSA-BPNN model, thereby enhancing the global search capability of fracture parame
ters. Finally, the net present value (NPV) is adopted as the optimization objective, and the optimal 
fracture parameter combination is obtained under physical constraints including fracture half-length, 
fracture conductivity, and stage number. Results demonstrate that the proposed method outperforms 
conventional models in both accuracy and stability. The optimized design achieves approximately a 30% 
increase in production, accompanied by a 3 to 5 fold improvement in NPV. The proposed approach 
provides an efficient and feasible technical pathway for differentiated and precision stimulation design 
of shale gas horizontal wells.
© 2026 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This 

is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

Shale gas, as one of the most important clean energy resources, 
has become a key component of global energy transition and 
carbon reduction strategies (Zhao et al., 2025). Owing to the ultra- 
low porosity, ultra-low permeability, and strong multiscale het
erogeneity of shale reservoirs, effective development cannot be 
achieved by relying solely on natural productivity (Gao et al., 
2025). Consequently, horizontal wells combined with multistage 
hydraulic fracturing have gradually become the core technologies 

for large-scale shale gas development (Du et al., 2025). Horizontal 
wells significantly increase the contact area between the wellbore 
and the reservoir (Sun et al., 2026), while multistage hydraulic 
fracturing creates multiple artificial fractures along the horizontal 
section, thereby enlarging the stimulated reservoir volume and 
enhancing single-well production (Chu et al., 2025). However, field 
practice indicates that a continuous increase in fracturing scale 
does not necessarily lead to a proportional improvement in pro
duction. On the one hand, increasing the number of fracturing 
stages and fracture size substantially raises construction costs and 
operational risks (Wei et al., 2025). On the other hand, when 
reservoir properties vary significantly  along the wellbore, the 
adoption of uniform fracture placement and identical stimulation 
parameters may cause certain well sections with better reservoir 
quality or lower in-situ stress to develop fractures with dominant 
propagation capability, known as dominant hydraulic fractures 
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(Suo et al., 2026). During fracture propagation, these dominant 
hydraulic fractures suppress the initiation and growth of adjacent 
fractures through stress shadow effects, resulting in an unevenly 
developed fracture network concentrated in limited regions (Tang 
et al., 2026), which ultimately reduces stimulation efficiency (Jiang 
et al., 2026). Therefore, under the constraints of engineering 
feasibility and economic performance, rational optimization of key 
fracture parameters, such as fracture length, number of fracturing 
stages, and fracture conductivity, has become a critical scientific 
and engineering challenge in shale gas development.

Reservoir heterogeneity is mainly manifested by pronounced 
variations in reservoir properties along the horizontal wellbore. 
Different well sections exhibit significant differences in porosity, 
permeability, formation pressure, gas saturation, and natural 
fracture density (Yin et al., 2025). Such along-wellbore heteroge
neity leads to fundamentally different responses of various well 
sections to hydraulic fracturing, thereby imposing higher re
quirements on fracture parameter optimization. Generally, for 
well sections with favorable reservoir properties, stimulation de
signs tend to focus on creating high-conductivity, relatively short 
fractures, aiming to alleviate near-wellbore damage and reduce 
pressure drop around the wellbore (Yao et al., 2023). In contrast, 
for well sections with poor reservoir quality, longer fractures are 
usually required to increase the contact area between hydraulic 
fractures and the reservoir (Jin, 2025). Under conditions of strong 
heterogeneity along long horizontal wells, if a uniform stimulation 
or evenly segmented design strategy is still applied, forcing well 
sections with different reservoir qualities to adopt identical frac
ture lengths and conductivities, the mismatch between fracture 
parameters and reservoir quality may result in suboptimal fracture 
conductivity, fracture length, and fracture density, thereby weak
ening the overall stimulation effectiveness.

Traditional studies on hydraulic fracture parameter optimiza
tion have primarily relied on reservoir numerical simulation 
methods. By constructing coupled wellbore–fracture–reservoir 
flow models, the impacts of different fracture parameter combi
nations on production performance can be systematically evalu
ated to identify optimal fracture designs. Numerous sensitivity 
analyses have been conducted based on equivalent fracture 
models (Ji et al., 2026), dual-porosity/dual-permeability models, 
and discrete fracture models (Zhang et al., 2021), focusing on 
fracture half-length, number of fractures, fracture placement 
patterns, and fracture conductivity. These methods possess clear 
physical foundations and can accurately describe the flow 
behavior of wellbore–fracture–reservoir systems. However, in 
strongly heterogeneous shale reservoirs, the interaction between 
natural fractures and hydraulic fractures becomes significantly 
enhanced, and the relationship between fracture parameters and 
production exhibits strong nonlinearity (Qin et al., 2023). As a 
result, numerical simulation approaches are computationally 
expensive and often fail to adequately explore high-dimensional 
parameter spaces during multi-parameter optimization, making 
them prone to convergence toward local optima (Xu et al., 2017).

With the rapid development of artificial intelligence and data- 
driven technologies, machine learning methods have increasingly 
been introduced into fracture parameter optimization studies 
(Zhao et al., 2022). By constructing surrogate models that relate 
fracture parameters to production or economic indicators and 
training them using historical data, parameter prediction and 
optimization can be performed efficiently  without repeatedly 
invoking numerical simulations, thereby substantially improving 
optimization efficiency  (He et al., 2025). For example, surrogate 
models based on neural networks, radial basis functions, or dif
ferential evolution algorithms can effectively capture the 
nonlinear relationships between fracture parameters, production, 

and economic indicators (Fang et al., 2025; Guo et al., 2025; Huang 
et al., 2025; Nan et al., 2025). However, purely data-driven models 
may generate optimization results that violate practical fracturing 
constraints when physical and engineering conditions are not 
explicitly considered, for instance, fracture length, fracture con
ductivity, or number of fracturing stages exceeding feasible oper
ational limits (Ren et al., 2023; Dong et al., 2025; Chen et al., 2026; 
Niu et al., 2026), thus limiting their engineering applicability and 
reliability. Moreover, although some algorithms (Xu et al., 2021) 
can incorporate prior knowledge to enhance optimization effi
ciency, their performance remains sensitive to the quality of initial 
samples and objective definitions, and they often lack a systematic 
integration of physical constraints and economic objectives (Gou 
et al., 2024). To address these issues, several studies have 
attempted to introduce prior knowledge or simplified  physical 
models to constrain intelligent optimization algorithms (Niu et al., 
2024). Nevertheless, most of these approaches focus on optimizing 
a single or a limited number of parameters and typically assume 
that fracture optimization is conducted at the whole-well or uni
formly segmented level. As a result, they fail to fundamentally 
resolve the issue of inappropriate optimization unit definition 
under strong along-wellbore heterogeneity.

For long horizontal wells, systematic variations in reservoir 
quality along the wellbore imply that different well sections 
should correspond to different optimal fracture parameters. If 
strongly heterogeneous reservoirs are directly input into machine 
learning models for implicit learning, not only does the training 
difficulty increase, but the underlying physical response relation
ships may also become mixed within the sample space. Therefore, 
prior to fracture parameter optimization, it is essential to apply a 
rational segmentation method based on reservoir properties to 
divide the wellbore into multiple relatively homogeneous target 
sections. Such fine  segmentation reconstructs the optimization 
problem at the physical-structural level and provides a solid 
foundation for subsequent multi-parameter joint optimization.

Accordingly, this study proposes a physics–data collaborative 
intelligent fracture parameter optimization method based on fine 
reservoir quality segmentation (Fig. 1). First, a reservoir quality 
index (RQI) is constructed to perform precise segmentation of long 
horizontal wells, dividing strongly heterogeneous reservoirs into 
multiple differentiated well section units. Then, Tent chaotic 
mapping, the golden sine strategy, and the sparrow search algo
rithm (SSA) are introduced to improve the BPNN model, thereby 
enhancing its global search capability in multi-constraint, high- 
dimensional decision spaces. Finally, with net present value (NPV) 
as the optimization objective, optimal fracture parameter combi
nations for different reservoir sections are obtained under explicit 
physical constraints on fracture half-length, fracture conductivity, 
and number of fracturing stages. Compared with optimization 
approaches that focus solely on production, NPV explicitly cap
tures the trade-off between incremental production benefits and 
fracturing costs, making it more consistent with practical engi
neering decision-making. The proposed method provides an 
intelligent optimization pathway for horizontal well fracturing 
design in heterogeneous shale gas reservoirs that balances engi
neering feasibility and economic optimality.

2. A physics–data collaborative driven method for fracture 
parameter optimization in horizontal wells

Shale gas reservoirs, as a typical type of unconventional hy
drocarbon reservoir, exhibit pronounced heterogeneity, man
ifested by strong spatial variations in lithological composition, 
petrophysical properties, fracture development, and gas-bearing 
capacity. Such complex geological characteristics render 
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conventional uniform or experience-based stage partitioning 
methods incapable of effectively matching actual stimulation re
quirements, often resulting in inefficient  fracture energy utiliza
tion or insufficient reservoir stimulation. To improve the efficiency 
and accuracy of fracture parameter optimization, this study de
velops an intelligent optimization algorithm framework integrated 
with physical constraints (Fig. 2). The framework is built upon both 
reservoir quality index (RQI)–based zoning data and original 
reservoir datasets. Key controlling factors are first  identified and 

normalized. Subsequently, an interpolation approach combined 
with a median-based zoning method is employed to perform ac
curate segmentation of the near-wellbore reservoir along the 
horizontal section, enabling a precise characterization of strong 
reservoir heterogeneity. A backpropagation neural network 
(BPNN) is then constructed as the production prediction model. To 
further enhance optimization performance, Tent chaotic mapping 
and the sparrow search algorithm (SSA) are introduced to optimize 
network weights and strengthen the global search capability, 
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Fig. 1. A physics–data collaborative driven research framework for fracture parameter optimization.
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Fig. 2. Flowchart of the physics–data collaborative driven fracture parameter optimization process.
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thereby achieving a coupled workflow  of production prediction 
and fracture parameter optimization. Finally, the net present value 
(NPV) is adopted as the optimization objective to determine the 
optimal fracture parameter combination for each intelligently 
zoned interval under explicit physical constraints. In this manner, 
precision optimization of fracture parameters in horizontal wells 
under strongly heterogeneous reservoir conditions is achieved.

2.1. Zoning method for long horizontal well sections

The complexity of shale gas reservoirs is reflected in the spatial 
heterogeneity of multiple parameters, including porosity, perme
ability, lithology, temperature, and pressure. Variations in 
geological conditions, depositional environments, fracture devel
opment, as well as thermal and pressure regimes lead to pro
nounced spatial differences in these parameters, thereby exerting 
significant  influence  on gas storage capacity, flow  behavior, and 
production performance of shale gas reservoirs. To identify the key 
controlling factors governing fine-scale zoning of horizontal wells 
and fracture parameter optimization, data standardization was 
first performed. Taking the three-year cumulative gas production 
after stimulation as the target variable, Pearson correlation anal
ysis and permutation importance analysis were applied to eval
uate the relationships between near-wellbore reservoir 
parameters along the horizontal section and post-fracturing frac
ture parameters. The identified  dominant factors were subse
quently utilized to guide the design of stage partitioning and 
fracture parameters for horizontal wells.

The Pearson correlation coefficient is expressed as: 

Xj(k)=
xj(k)
xj(k)

(1) 

r=

∑n

k=1

[
Xj(k) − Xj

]
[Y(k) − Y]

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

k=1

[
Xj(k) − Xj

]2
√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑n

k=1
[Y(k) − Y]2

√ (2) 

The permutation importance of the j-th feature is defined as: 

Ivip;j =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

m
Rd(Y; t1; t2;⋯; th)

∑h

k=1

Rd(Y; tk)w2
kj

√
√
√
√ (3) 

X denotes the standardized independent variable; the subscript 
j denotes the index of the independent variable, j = 1;2;⋯;m, k =

1;2;⋯;n; x represents the original independent variable; x denotes 
the mean value of the independent variable; m denotes the 
number of independent variables; n denotes the number of sam
ples; r denotes the Pearson correlation coefficient; X denotes the 
mean of the standardized independent variable; Y denotes the 
standardized dependent variable; Y denotes the mean of the 
standardized dependent variable; Ivip;j denotes the projection 
importance index of the j-th variable; Y denotes the k-th principal 
component; h denotes the number of principal components; Rd(Y;
t1; t2;⋯; th) denotes the correlation coefficient between Y and all 
principal components, representing the overall explanatory power 
of all principal components for Y; Rd(Y; tk) denotes the correlation 
coefficient  between Y and the single principal component tk, 
representing the explanatory ability of tk for Y.

By jointly considering reservoir parameters and fracture pa
rameters, nine geological parameters with significant correlations 
were identified,  as illustrated in Fig. 3. Based on these key vari
ables, a reservoir quality index (RQI) is defined  to perform 

quantitative reservoir evaluation for horizontal wells, which is 
expressed as: 

yhor =0:07xf +0:20Cf +0:42h+0:16km +0:21ϕm +0:47Pres

+0:19Sg +0:08Lh +0:23Ns

(4) 

where yhor denotes the reservoir quality index of the horizontal 
well; xf denotes the standardized fracture half-length; Cf denotes 
the standardized fracture conductivity; h denotes the standardized 
reservoir thickness; km denotes the standardized matrix perme
ability; ϕm denotes the standardized matrix porosity; Pres denotes 
the standardized reservoir pressure; Sg denotes the standardized 
gas saturation; Lh denotes the standardized horizontal section 
length; Ns denotes the standardized number of fracturing stages.

To evaluate the multicollinearity among the selected indepen
dent variables, the Variance Inflation  Factor (VIF) method was 
employed. Then, the Variance Inflation  Factor (VIF) is calculated 
as: 

VIFj =
1

1 − Rj
2 (5) 

In the equation, VIFj is the variance inflation factor of variable; 

Rj
2 represents the linear explanatory power of the other m in

dependent variables on results. Generally, when the VIFj is 
greater than 10, it indicates that there is a high correlation among 
the explanatory variables and a serious degree of multi
collinearity. The VIF analysis shows that all input features have 
variance inflation  factors ranging from 1.01 to 2.80, well below 
the commonly adopted multicollinearity threshold of 5.0. The 
relatively higher VIF values for horizontal well length (2.80) and 
number of fracturing stages (2.33) reflect  the well-known field 
practice that longer horizontal sections generally require more 
fracturing stages. This weak physical coupling does not introduce 
meaningful redundancy into the model inputs. The remaining 
features exhibit VIF values close to unity, indicating near- 
complete statistical independence. These findings  are consistent 
with the Pearson correlation matrix presented in Fig. 3(b), 
collectively confirming  that the selected feature set is free from 
collinearity issues. The BPNN model therefore captures genuine 
reservoir–fracture response behavior rather than overfitting  to 
empirical correlations embedded in historical completion 
designs.

Although the RQI formulation includes fracture-related pa
rameters (fracture half-length, fracture conductivity, and number 
of fracturing stages), these are not used as optimization variables 
in the RQI-based zoning stage. Instead, the fracture parameters 
used in the RQI calculation are derived from historical field 
completion data of offset wells, which represent the as-completed 
fracture configurations  in each well section. The purpose of 
including these parameters in the RQI is to characterize the com
bined geological-engineering quality of each interval based on 
existing field data. The subsequent optimization step then treats 
these fracture parameters as decision variables with predefined 
physical constraints (Eq. (13)), independently searching for 
optimal values that maximize NPV for each zoned interval. 
Therefore, the RQI serves as a pre-optimization diagnostic index 
rather than a component of the optimization loop, and no meth
odological circularity or information leakage exists in the pro
posed workflow (Fig. 4).

Because shale gas wells typically experience a substantial 
production decline to a relatively low level after approximately 
three years of production, refracturing is often required. Therefore, 
the three-year cumulative gas production was selected as the 
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dependent variable in this study. Fig. 5 illustrates the relationship 
between the reservoir quality index (RQI) and the post-stimulation 
three-year cumulative gas production for 30 horizontal wells. A 

clear positive correlation can be observed between the two vari
ables. The coefficient of determination reaches R2 = 0.9496, indi
cating that the proposed RQI can accurately characterize near- 

Fig. 3. Parameter importance analysis for variable selection.
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wellbore reservoir quality and effectively evaluate reservoir char
acteristics relevant to production performance.

To achieve targeted fracture parameter optimization for hori
zontal wells in strongly heterogeneous shale gas reservoirs, it is 
necessary to perform fine-scale  zoning based on near-wellbore 
reservoir characteristics, while jointly considering post- 
stimulation fracture parameters and production data to enable 
rational fracture placement design.

In this study, a quantile-based dynamic zoning method is 
adopted. Taking Well X as an example, the reservoir quality index 
profile along the horizontal section is first calculated based on the 
available characteristic parameters, and a color gradient is used to 
represent the magnitude of the reservoir quality index (RQI). 
Subsequently, dynamic zoning is performed according to the 
following rules.

(1) Zone boundaries are determined dynamically based on 
variations in the RQI values, rather than being uniformly 
divided along the horizontal section.

(2) Key intervals of data variation are identified using quantiles, 
where the selected quantiles in this study include the 
minimum value, 25th percentile, 50th percentile, 75th 
percentile, and maximum value.

The quantile calculation is given by: 

Qp = percentile(y;p) (6) 

where Qp denotes the p quantile of the dataset y, representing the 
value located at the p position in the ordered data sequence. The 
dataset y is first arranged in ascending order, and Qp represents the 
value below which p of the observations fall.

(3) To map the quantile positions to the actual horizontal well 
length, an interpolation-based approach is employed to 
ensure that each zoned interval accurately reflects the dis
tribution characteristics of the RQI.

The interpolation equation is expressed as: 

Areap =
Q p − min(y)

max(y) − min(y)
⋅Lx (7) 

where Areap denotes the corresponding position of the p quantile 
along the horizontal wellbore, the location on the horizontal sec
tion length; max(y) and min(y) represent the maximum and 
minimum values of the RQI, respectively; Lx denotes the total 
length of the horizontal section, m.

(4) Based on the interpolated zoning results, the entire hori
zontal section is divided into multiple zones with distinct 
reservoir quality characteristics, as illustrated in Fig. 6 and 
summarized in Table 1.

To evaluate the robustness of the proposed zoning scheme, a 
sensitivity analysis was conducted by varying the number of 
quantile divisions (3-zone, 4-zone, 5-zone, and 6-zone configura
tions) (see Table 2). Fig. 7 illustrates the results indicate that when 
fewer than four zones are used, the zoning resolution is insuffi
cient to distinguish the local variations in reservoir quality, leading 
to suboptimal fracture parameter assignment. When more than 
five  zones are adopted, the marginal improvement in NPV be
comes negligible (less than 2%), while the operational complexity 
of implementing zone-specific  fracture designs increases sub
stantially. The five-zone configuration adopted in this study rep
resents an optimal balance between zoning resolution and 
engineering practicality. Furthermore, Fig. 8 illustrates the quan
tile thresholds (minimum, 25th, 50th, 75th percentiles, and 
maximum) are statistically robust, non-parametric descriptors 
that do not require assumptions about the data distribution. 
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Alternative quantile schemes (e.g., 20th/40th/60th/80th percen
tiles) were also tested and produced similar zoning boundaries 
(within 5% deviation), confirming  that the results are not highly 
sensitive to the specific  quantile choices. Although the demon
stration is presented for a single well (Well X), the zoning meth
odology is general and can be applied to any horizontal well with 
available logging and completion data (see Fig. 23).

After applying the quantile-based dynamic zoning method, the 
average parameter values and RQI ranges for different zones are 
obtained. By performing reservoir quality–based zoning of the 
near-wellbore reservoir, more precise fracture parameter design 
can be implemented for each horizontal well interval, thereby 
improving stimulation effectiveness while maintaining cost con
trol. Compared with traditional evenly spaced stage partitioning, 
which assigns identical fracture parameters to all intervals 
regardless of reservoir heterogeneity, the proposed data-driven 
zoning approach captures the spatial variability of reservoir 
quality along the horizontal wellbore and enables differentiated 
fracture designs for each zone. The superiority of this approach is 
further evidenced by the simulation results presented in Section 
3.5 (Fig. 24), where the zoned fracture design yields a more 

uniform pore-fluid pressure distribution and significantly higher 
cumulative gas production than the conventional uniform design.

2.2. Construction of the BPNN model

Common neural network models include the backpropagation 
neural network (BPNN), recurrent neural network (RNN), and 
convolutional neural network (CNN). In this study, the widely 
adopted BPNN is employed as the base predictive model. A BPNN 
consists of multiple neuron nodes and typically comprises three 
layers: an input layer, one or more hidden layers, and an output 
layer (Fig. 9). Data are fed into the input layer and propagated 
forward through the network via weighted connections between 
neurons. Each neuron performs a linear combination of its inputs 
using weights and biases, and then applies a nonlinear activation 
function to generate the output. Backpropagation constitutes the 
core mechanism of the BPNN. If the discrepancy between the 
predicted output and the ground truth does not satisfy a pre
defined  accuracy criterion, the prediction error is propagated 
backward from the output layer to the hidden and input layers. The 
network parameters (weights and biases) are iteratively updated 
to minimize the error until the prescribed accuracy requirement is 
met (Liu et al., 2025).

2.3. Improvement of the BPNN model based on TENT-SSA

In conventional BPNN training, the initial weights and biases 
are typically assigned in a random manner, which often leads to 
slow convergence during the backpropagation process and in
creases the risk of the network being trapped in local optima (Su et 
al., 2024). To alleviate these limitations, the sparrow search algo
rithm (SSA) is introduced in this study to optimize the initial 
weights and biases of the neural network, as illustrated in Fig. 10. 
By performing global optimization in the parameter space prior to 
gradient-based learning, SSA provides high-quality initial solu
tions for the BPNN, thereby accelerating convergence and 
enhancing the stability and robustness of the training process.

The sparrow search algorithm (SSA) is a novel swarm intelli
gence optimization algorithm proposed in 2020, which effectively 
addresses common shortcomings of traditional metaheuristic al
gorithms, such as weak global search capability and slow conver
gence. The algorithm is inspired by the foraging and anti-predation 
behaviors of sparrow populations in nature (Xue and Shen, 2020).

During the processes of foraging and anti-predation, the spar
row population is divided into three roles: producers (discoverers), 
scroungers (joiners), and scouts (warners). Producers are respon
sible for exploring the environment, identifying food sources, and 
providing search directions for the population. Once a food source 
is located by the producers, scroungers move toward favorable 
positions to obtain food. Meanwhile, scouts remain vigilant to 
potential threats arising from predators or competition within and 

Table 1 
Statistical distribution of reservoir and fracture parameters in different zoned regions.

Parameter I II III IV V

Fracture half-length, m 190.52 165.93 183.15 179.69 170.14
Reservoir thickness, m 27.21 25.00 26.16 26.87 25.34
Fracture conductivity, mD⋅m 1.14 1.07 1.26 1.25 1.12
Matrix permeability, mD 0.00061 0.00058 0.00072 0.00062 0.00063
Matrix porosity 0.034 0.034 0.081 0.073 0.069
Reservoir pressure, MPa 30.50 30.32 40.02 36.68 39.66
Gas saturation 0.75 0.78 0.76 0.77 0.75
Horizontal section length, m 400 250 350 350 300
Number of fracturing stages 23 16 23 15 17
Reservoir quality index 0.9–1.0 0.7–0.8 >1.2 0.9–1.0 1.0–1.1

Table 2 
Different plans and strategies.

Scheme Implementation strategy

Adopted 25th percentile, 50th percentile, 
75th percentile, and maximum value.

Scheme B 20th percentile, 40th percentile, 
60th percentile, and 80th percentile.

Scheme C 30th percentile, 55th percentile, 
70th percentile, and maximum value.

Scheme D 20th percentile, 48th percentile, 
73rd percentile, and maximum value.
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outside the population. When a threat is detected, the population 
initiates anti-predation behavior to avoid danger and maintain 
population safety (Chen et al., 2024).

The SSA iteratively updates the positions of individuals based 
on a fitness  function, following specific  update rules associated 
with different roles, thereby achieving adaptive global optimiza
tion of the objective function. The detailed update mechanisms are 
described as follows.

(1) The initial population is generated with n sparrows. The 
position of each sparrow is represented by a D-dimensional 
vector X = (x1;x2;⋯;xD), and the corresponding fitness value 
is evaluated as f = f (x1; x2;⋯; xD) (Cheng et al., 2022).

(2) A proportion of 10%–20% individuals with higher fitness 
values are selected as producers (discoverers), which are 
responsible for searching for food sources. To explore 
higher-quality solutions and satisfy the foraging re
quirements of the population, the search range of producers 
is larger than that of scroungers. During each iteration, the 

positions of producers are updated according to Eq. (7)
while seeking the global optimum (Yu et al., 2024).

Xt+1
i;j =

⎧
⎪⎪⎨

⎪⎪⎩

Xt
i;j⋅exp

(
− i

α⋅itermax

)

; if R2 < ST

Xt
i;j + Q⋅L; if R2 ≥ ST

(8) 

where Xt
i;j denotes the position of the i-th individual in the j-th 

dimension at the t-th iteration; Xt+1
i;j denotes the updated position 

at the (t+1)-th iteration; α [0, 1] is a random number; itermax is the 
maximum number of iterations; Q is a random number following a 
normal distribution; L is a vector with all elements equal to 1; R2 
[0, 1] is a warning value; ST [0.5, 1] is the safety threshold.

When R2 < ST, the producer is considered to be in a safe state, 
and the search range is expanded to enhance global exploration. 
When R2 ≥ ST, the producer is regarded as being in a dangerous 
state and moves toward other safe positions to avoid potential 
threats.
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(3) Scroungers determine whether they can obtain energy 
based on food quality and their relative positions. When a 
scrounger perceives that a producer has acquired higher- 
quality food, it moves forward to compete for the 
resource. If the competition is successful, the scrounger re
places the position of the producer (during this process, the 
numbers of producers and scroungers are dynamically 
adjusted). Otherwise, the position of the scrounger is 
updated according to Eq. (8).

The position update rule for scroungers is given by: 

Xt+1
i;j =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

Q⋅exp

(
Xt

worst − Xt
i;j

i2

)

; if i >
n
2

Xt+1
best +

⃒
⃒
⃒Xt

i;j − Xt+1
best

⃒
⃒
⃒⋅A+⋅L;otherwise

(9) 

where Xt
worst denotes the position of the worst individual at the 

t-th iteration; Xt+1
best denotes the best position obtained by the 

producers at the (t+1)-th iteration; A is a random matrix with 

elements of either 1 or − 1, A+
= AT

(
AAT

)− 1 
is the 
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Moore–Penrose pseudoinverse of A; n denotes the number of 
scroungers.

When i > n
2, the corresponding sparrow exhibits relatively low 

fitness and fails to obtain food due to insufficient competitiveness, 
indicating a hungry state. In this case, the individual searches for 
food in other regions to better satisfy the energy requirements of 
the population.

(4) A proportion of 10%–20% individuals in the population are 
randomly selected as scouts (warners). Scouts monitor po
tential danger during the search process and issue warning 
signals when a threat is detected. Upon receiving a warning, 
the population searches for new positions to forage, and the 
positions of scouts are updated according to Eq. (9).

Xt+1
i;j =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

Xt
best + β⋅

⃒
⃒
⃒Xt

i;j − Xt
best

⃒
⃒
⃒; if fi > fg

Xt
i;j + K⋅

(
⃒
⃒
⃒Xt

i;j − Xt
worst

⃒
⃒
⃒

(fi − fw) + ε

)

; if fi = fg

(10) 

where β is a random number drawn from a normal distribution 
with mean 0 and variance 1; K is a random number uniformly 
distributed in [− 1, 1]; ε is a very small constant to avoid division by 
zero; fi denotes the fitness of the current individual; fg denotes the 
global best fitness, fw denotes the worst fitness in the population.

When fi > fg, the individual is considered to be located at the 
boundary of the population, where it is more vulnerable to attacks, 
and thus moves toward the best individual. When fi = fg, the 
individual is regarded as being within the population core but still 
potentially close to danger, and therefore approaches other in
dividuals to enhance safety.

Compared with other intelligent optimization algorithms, 
the sparrow search algorithm (SSA) exhibits high search accu
racy, fast convergence speed, and strong robustness. However, 
similar to many metaheuristic algorithms, when the search 
process approaches the global optimum, population diversity 
tends to decrease, which may cause the algorithm to be trapped 
in local optima. To alleviate this issue, a Tent chaotic 
mapping–based initialization strategy is introduced to replace 
purely random population initialization. Furthermore, the 
original exponential position update strategy of producers is 
improved by incorporating a golden sine–based position update 
mechanism, and the best individual is retained to enhance 
convergence reliability.

The Tent chaotic mapping is defined as: 

xn+1 =

⎧
⎪⎪⎨

⎪⎪⎩

xn

α
; if xn ∈

[
0; α
)

1 − xn

1 − α
; if xn ∈ [α;1]

(11) 

where xn denotes the initial system value; the subscript n repre
sents the iteration index of the sparrow population; and α is the 
control parameter of the Tent map, with α [0, 1].

When applying the Tent chaotic mapping, the initial value xn and 
the parameter α must not be identical; otherwise, the system de
generates into a periodic state rather than evolving into an aperi
odic (chaotic) system. In this study, α = 0.501, is adopted. Fig. 8(a) 
illustrates the distribution of the Tent chaotic sequence after 50,000 
iterations, showing that the chaotic values are uniformly distrib
uted within the interval [0, 1]. Fig. 11(b) further presents the fre
quency distribution of chaotic values across different subintervals, 
indicating an approximately uniform distribution. These charac
teristics demonstrate that Tent chaotic mapping can effectively 

enhance population diversity and improve the global exploration 
capability during the initialization stage.

The rationale for selecting these two specific  improvement 
strategies is as follows. First, the primary weakness of the standard 
SSA lies in insufficient  population diversity during initialization, 
which increases the risk of premature convergence. Among 
various chaotic mapping techniques (e.g., Logistic, Chebyshev, and 
Tent maps), Tent chaotic mapping was chosen because it provides 
a more uniform distribution within the [0, 1] interval compared 
with Logistic mapping, which tends to cluster near the boundary 
values 0 and 1. This superior uniformity, as demonstrated in Fig. 12, 
ensures better spatial coverage of the search domain during pop
ulation initialization. Second, the standard SSA employs an expo
nential position update for producers, which may overshoot the 
optimal region in the later stages of iteration. The golden sine 
strategy was introduced because its sinusoidal oscillation com
bined with the golden section ratio provides an inherent mecha
nism for balancing global exploration and local exploitation, 
enabling more refined search behavior near the optimum without 
sacrificing the ability to escape local optima. Together, these two 
improvements complement each other: Tent mapping enhances 
the diversity of the initial search, while the golden sine strategy 
refines the subsequent iterative search process.

The golden sine strategy is an iterative optimization method 
based on sinusoidal functions. To balance the trade-off between 
global exploration and local exploitation during the SSA search 
process, a golden section–based sine update mechanism is intro
duced to improve the position update of producers. The improved 
producer position update rule is expressed as (Tanyildizi and 
Demir, 2017; Wang et al., 2024): 

Xt+1
i;j =

⎧
⎨

⎩

Xt
ij⋅|sin γ1| − γ2⋅sin γ1⋅

⃒
⃒
⃒c1Xt

P − c2Xt
ij

⃒
⃒
⃒; if R2 < ST

Xt
i;j + Q⋅L; if R2 ≥ ST

(12) 

where γ1 is a random number uniformly distributed in [0, 2π]; γ2 is 
a random number uniformly distributed in [0, π]; Xt

P denotes the 
target position; c1 and c2 are the golden section coefficients。

2.4. Fracture parameter optimization objective based on net 
present value

For shale gas horizontal wells, the number of fracturing stages and 
fracture conductivity are two key parameters that predominantly 
determine the effectiveness of multistage hydraulic fracturing (Zhang 
et al., 2024). In general, increasing the number of hydraulic fractures 
can enhance shale gas production to a certain extent. However, a 
larger number of fractures and higher fracture conductivity inevi
tably increase operational complexity and construction difficulty, 
leading to substantially higher stimulation costs. Therefore, to ach
ieve increased production while controlling hydraulic fracturing in
vestment, the net present value (NPV) is adopted in this study as the 
objective function for fracture parameter optimization. Under 
different assumptions, NPV can be expressed in various mathemat
ical forms. In general, it consists of two main components: the dis
counted cash inflow and the capital expenditure (Luo et al., 2024).

The mathematical expression of NPV can be written as: 

NPV=
∑N

i=1

[
gprod;i $gas − gprod;i $cost

(1 + r)i

]

− FC − Cwell − NfCf

(13) 

where NPV denotes the net present value (CNY); N denotes the 
total production period (years); gprod;i denotes the annual gas 
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production in the i-th year; $gas denotes the unit gas price; $cost 
denotes the unit operating cost per unit gas production; FC de
notes the fixed cost per well; Cwell denotes the drilling cost per 
well; Nf denotes the number of fracturing stages per well; Cf de
notes the fracturing cost per fracture; r denotes the discount rate.

When maximizing the NPV, a set of physical and operational 
constraints must be satisfied.  According to the current level of 
hydraulic fracturing technology and field  operational feasibility, 
the feasible ranges of the number of fracturing stages (nf ), fracture 
half-length (Lf ), and fracture conductivity (Conf ) are predefined. 
Therefore, the NPV maximization problem is solved subject to the 
following constraints: 

⎧
⎨

⎩

nf;min ≤ nf ≤ nf;max
Lf;min ≤ Lf ≤ Lf;max
Conf;min ≤ Conf ≤ Conf;max

(14) 

where nf;min and nf;max denote the minimum and maximum 
numbers of fracturing stages, respectively; Lf;min and Lf;max denote 
the minimum and maximum fracture half-lengths, respectively; 
Conf;min and Conf;max denote the minimum and maximum fracture 
conductivities, respectively.
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2.5. Implementation procedure of the improved TENT-SSA-BPNN model

The improved TENT-SSA-BPNN model employs the sparrow 
search algorithm (SSA) to optimize the initial weights and biases of 
the neural network, replacing conventional random initialization 
and effectively alleviating issues such as slow convergence and 
entrapment in local optima. Meanwhile, Tent chaotic mapping is 
introduced for population initialization in the SSA to enhance 
population diversity and further reduce the risk of premature 
convergence. In addition, a golden sine–based position update 
strategy is incorporated to improve the original exponential up
date mechanism of producers, thereby enhancing search efficiency 
and balancing global exploration and local exploitation. The 
overall implementation procedure of the improved TENT-SSA- 
BPNN model is illustrated in Fig. 13.

(1) Data normalization. The input variables are normalized 
prior to model training to eliminate the influence of scale 
differences among features and to prevent slow conver
gence caused by inconsistent data magnitudes.

(2) BPNN architecture design. The topological structure of the 
backpropagation neural network is determined, including 
the number of layers and neurons in each layer. An empirical 
formula is adopted to estimate the number of hidden-layer 
neurons, as given in Eq. (15).

p= round
( ̅̅̅̅̅̅̅̅̅̅

q + l
√ )

+ s (15) 

where round denotes the rounding operator; p denotes the num
ber of neurons in the hidden layer; q denotes the number of 
neurons in the input layer; l denotes the number of neurons in the 
output layer; s is an integer adjustment factor ranging from 1 to 10.

(3) Initialization of the improved SSA. The parameters of the 
SSA are initialized, including the population size, maximum 
number of iterations, numbers of producers, scroungers, and 
scouts, as well as the warning (alert) threshold.

(4) Population initialization and perturbation. The positions of 
the sparrow population are initialized using Tent chaotic 
mapping to enhance population diversity and reduce the 
risk of premature convergence. Individuals with the best 
fitness values are selected to form the initial population.

(5) Fitness evaluation and position updating. The fitness of each 
sparrow is evaluated. Individuals ranked within the top 
10%–20% in fitness are selected as producers, while 10%–20% 
of individuals are randomly chosen as scouts; the remaining 
individuals act as scroungers.

When updating producer positions, the golden sine strategy is 
incorporated, in which the movement step size is dynamically 
adjusted according to the golden section ratio to balance global 
exploration and local exploitation. All individuals update their 
positions adaptively based on the warning and safety thresholds, 
and individuals trapped in local optima are reinitialized.

(6) Termination of SSA iterations. The optimal position and 
corresponding fitness are compared at each iteration. When 
the maximum number of iterations is reached, the algo
rithm terminates and outputs the global optimal solution; 
otherwise, the iteration continues.

(7) Neural network training and prediction. The optimal solu
tion obtained by the SSA is used as the initial weights and 
biases of the neural network. The BPNN is then fine-tuned 
using error backpropagation to improve prediction 
accuracy.

STEP1: Data
preprocessing Start

Data normalization Min–max normalization

BPNN architecture designNeural network topology

Improved SSA initialization Population size Maximum number of
iterations

Number of discoverers Number of joiners

Number of scouts Alert value
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Optimal fracture parameters under
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Fig. 13. Implementation flowchart of the improved TENT-SSA-BPNN model.
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(8) NPV-based optimization decision-making. Different com
binations of fracture parameters are input into the trained 
model to predict production performance. The correspond
ing net present value (NPV) is calculated based on the pre
dicted production. The fracture parameter combination that 
maximizes the NPV is identified  as the optimal fracture 
design.

3. Results and discussion

3.1. Performance comparison of the improved algorithm

To verify the performance of the proposed improved algorithm, 
the classical Ackley function was employed to test both the orig
inal algorithm and the improved algorithm. The Ackley function is 
a highly nonlinear and multimodal benchmark function, charac
terized by a single global optimum and multiple local optima 
(Gharoie Ahangar et al., 2022). Owing to these properties, it is 
widely used to evaluate the global search capability and conver
gence speed of optimization algorithms. The mathematical 
expression of the Ackley function is given in Eq. (16) (lhan 2016), 
and its three-dimensional landscape is illustrated in Fig. 14. The 
search domain of the function is defined as [− 32, 32]. When z1, z2 ∈

[− 1.7904, 4.9727], the function attains its minimum value of 
1.6505. 

f (z)= − a ⋅ exp

⎛

⎝ − b ⋅

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
d

∑d

i=1

z2
i

√
√
√
√

⎞

⎠ − exp

(
1
d

∑d

i=1

cos(c ⋅ zi)

)

+ a + exp(1)

(16) 

where z denotes the solution vector; zi represents the i-th element 
of the vector z; D denotes the number of decision variables; a =

20, b = 0:2, c = 2π.
Using identical parameter settings, both the conventional SSA 

and the improved SSA were applied to search for the minimum of 
the classical Ackley function within the domain [− 32, 32]. The 
minimum function values obtained at different iteration numbers 
are presented in Fig. 15. In the conventional SSA, the population is 
initialized using a standard uniform random distribution, whereas 
the improved SSA generates the initial population based on Tent 
chaotic mapping. Owing to the ergodicity and pseudo-random 
characteristics of the Tent map, the initial population of the 
improved SSA exhibits superior spatial uniformity and diversity. 

This effectively avoids the population clustering phenomenon that 
may occur in conventional SSA due to random initialization, 
thereby providing higher-quality initial solutions.

As a result, the initial best solution obtained by the improved 
SSA is significantly better than that of the conventional SSA. The 
conventional SSA reaches the optimal value after approximately 
20 iterations, whereas the improved SSA converges to the optimal 
solution within only 10 iterations. These results demonstrate that 
the improved algorithm can effectively avoid entrapment in local 
optima and substantially enhance convergence speed. Conse
quently, the improved SSA exhibits superior performance when 
solving complex, highly nonlinear optimization problems with no 
prior information.

To further validate the effectiveness of the improved sparrow 
search algorithm in optimizing the BP neural network, the pro
posed model was compared with the conventional BPNN, the SSA- 
BPNN, and the Tent-SSA-BPNN in terms of prediction performance. 
The dataset consisted of fracture and reservoir parameters, 
including fracture half-length, reservoir thickness, fracture con
ductivity, matrix permeability, matrix porosity, reservoir pressure, 
gas saturation, horizontal section length, number of fracturing 
stages, and three-year cumulative gas production. Five indepen
dent production prediction experiments were conducted, in which 
80% of the data were used for training and the remaining 20% were 
used for testing.

The prediction performance of each model was evaluated using 
the root mean square error (RMSE), standard deviation (SD), mean 
absolute percentage error (MAPE), and the coefficient  of deter
mination (R2), as shown in Figs. 16 and 17. The results indicate that 
the proposed model exhibits overall advantages in terms of RMSE, 
SD, MAPE, and R2. Although in certain individual cases the pre
diction performance of the proposed model is slightly inferior to 
that of the Tent-SSA-BPNN, for example, the performance of Case 4 
in the Tent-SSA-BPNN is marginally better than that of Cases 2, 4, 
and 5 of the proposed model (Fig. 16), the overall average perfor
mance across the five cases of the proposed model is significantly 
superior to that of the other three models (Fig. 17).

3.2. Cross-validation of the neural network

Because the amount of complete field data available in oil and 
gas reservoirs is relatively limited, prediction results obtained 
from a single train–test split may be subject to randomness. To 
further evaluate the reliability of the proposed model, five-fold 
cross-validation was employed to assess its performance (Su et 
al., 2024). Specifically, the dataset was divided into five  subsets 
of equal or nearly equal size. In each iteration, one subset was 

Fig. 14. Function values of the classical Ackley function with two decision variables.

0 10 20 30 40 50

Number of iterations

0

2.5

5.0

7.5

10.0

12.5

15.0

17.5

f(
z)

SSA (BPNN)
SSA (Improved BPNN)

8 10 12 14 16 18 20

0

0.5

1.0

1.5

2.0

2.5

Fig. 15. Minimum function values at different iteration numbers.

N.-L. Zhang, X.-Q. Zeng, Z.-F. Luo et al. Petroleum Science 23 (2026) 6482–6501

6494



selected as the validation set, while the remaining four subsets 
were used for training. The model was trained on the training set 
and evaluated on the validation set. This procedure was repeated 
five times, with each subset serving once as the validation set.

Finally, the overall performance of the model was quantified by 
averaging the evaluation metrics obtained from the five validation 
rounds. This cross-validation strategy effectively reduces the risk 
of overfitting, enhances the generalization capability of the model, 
and provides more stable and reliable performance estimates, 
particularly for datasets with limited sample sizes.

As shown in Fig. 18, the training and prediction results of the 
optimal model demonstrate an overall prediction accuracy of 
90.3%. The sample distribution approximately follows a normal 
distribution, indicating good data quality and reliable prediction 

performance. The five-fold cross-validation results summarized in 
Table 3 show that the average RMSE, SD, and MAPE obtained for 
production prediction are 37090374, 28842064, and 31.55%, 
respectively. These results indicate that the prediction errors be
tween the model outputs and the observed values remain rela
tively small across different training and testing datasets, 
confirming  that the proposed model can stably and accurately 
predict production performance (see Fig. 19).

Moreover, the average coefficient  of determination obtained 
from the five-fold  cross-validation reaches R2 = 0.90, which is 
close to unity. This suggests a strong correlation between the 
predicted and observed values, demonstrating that the model 
exhibits robust fitting  capability and good generalization perfor
mance across different training and testing subsets.
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3.3. Neural network transferability validation

The transferability of the proposed neural network was evalu
ated using a random subset extrapolation strategy. In this 
approach, extrapolated subsets (test sets) were constructed by 
randomly sampling 10%, 15%, 20%, 25%, and 30% of the entire 
dataset, while the remaining samples were used for model 
training. For each extrapolation ratio, multiple random splits were 
performed. In each split, data normalization, model training, and 
prediction were conducted independently, allowing for a robust 
assessment of model performance stability under distributional 
perturbations.

For each extrapolation ratio, the mean values of RMSE, MAE, and 
R2 were computed over repeated experiments, and the correspond
ing standard deviations were used to quantify uncertainty. These 
statistics were employed to analyze the generalization behavior of 
the model as the size of the training dataset decreased and the test 
samples gradually deviated from the original data distribution.

The results of the random subset extrapolation indicate that, as 
the extrapolation ratio increased from 10% to 30%, the mean values 
of RMSE and MAE exhibited some fluctuations  but remained 
within a comparable range, with no evident trend of systematic 
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Table 4 
Reservoir and wellbore parameters, and physical constraints imposed on the fracture parameters for optimization.

Reservoir 
thickness. m

Matrix 
permeability, mD

Matrix 
porosity

Reservoir 
pressure, MPa

Gas 
saturation

Horizontal 
section length, m

Fracture 
conductivity, mD⋅m

Number of 
fracturing stages

Fracture half-length, m

27 0.001 4.5% 35.4 0.77 800 10, 20, …, 90, 100 10, 11, …, 24, 25 100, 120, …, 180, 200

Table 3 
Results of five-fold cross-validation.

Fold RMSE SD MAPE R2 Average RMSE Average SD Average MAPE Average R2

1 56708341 34857880 28.39% 0.90 37090374 28842064 31.55% 0.90
2 67090374 23765990 30.33% 0.89
3 29398386 23430706 42.54% 0.90
4 30208539 28835680 20.78% 0.91
5 59747783 33320064 35.71% 0.90
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degradation. Meanwhile, the relatively small standard deviations 
of these metrics demonstrate that the model performance is stable 
across different random splits and does not rely on specific 
training sample combinations. The R2 values remained consis
tently high across all extrapolation ratios and did not decrease 
with increasing extrapolation proportion; in some cases, a slight 
improvement was even observed. This suggests that the key fea
tures learned by the model possess a certain degree of trans
ferability and generalizability.

Overall, considering both the magnitude of error variations and 
the associated uncertainty ranges, the proposed neural network 
maintains robust and stable predictive performance under random 
distributional perturbations and moderate extrapolation condi
tions, indicating good generalization capability.

3.4. Neural network prediction results

The proposed precise segmentation method for horizontal 
wells in heterogeneous shale gas reservoirs, together with the 

improved TENT-SSA-BPNN model, was applied to optimize key 
fracture parameters of shale gas horizontal wells, including frac
ture conductivity, number of fracturing stages, and fracture half- 
length. The optimization objective was to maximize the net pre
sent value (NPV) for each segmented region while ensuring that 
the optimized fracture parameters satisfy practical engineering 
and physical constraints.

To achieve this objective, reservoir properties and wellbore 
parameters from different shale gas wells were collected and 
incorporated into a physics-constrained optimization framework. 
Based on these inputs, the trained neural network was used as a 
surrogate model to predict production performance under 
different fracture parameter combinations, and the corresponding 
NPV was evaluated. Table 4 summarizes the reservoir and wellbore 
parameters used for optimization, as well as the physical con
straints imposed on the fracture parameters.

When calculating the NPV, the economic parameters were set 
as follows: the shale gas price was 1.275 CNY/m3 (based on the 
average wellhead price of shale gas in the Sichuan Basin during 
2023–2025, as reported by PetroChina Southwest Oil & Gasfield 
Company), the operating cost was 0.32 CNY/m3 (determined from 
field operational expenditure records of representative shale gas 
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Fig. 20. Net present value (NPV) under different fracture parameter combinations.
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Table 5 
Optimal fracture parameters obtained for different reservoir zones.

Zone Fracture 
conductivity, 
mD⋅m

Number of 
fracturing stages

Fracture 
half-length, m

I 70 8 221
II 60 5 171
III 90 8 194.05
IV 70 7 207.2
V 80 6 163.4

N.-L. Zhang, X.-Q. Zeng, Z.-F. Luo et al. Petroleum Science 23 (2026) 6482–6501

6497



wells in the study area), the fixed cost per well was 15 million CNY, 
and the drilling cost per well was 30 million CNY. The fracturing 
cost per fracture included the material costs of fracturing fluid and 
proppant as well as the fracturing service fee. The discount rate 
was set to 0.08, which is a commonly adopted value in the 

economic evaluation of shale gas projects in China (National 
Development and Reform Commission guidelines). Using these 
parameters, the global maximum NPV was achieved at a fracture 
conductivity of 90 mD⋅m, 19 fracturing stages, and a fracture half- 
length of 100 m; therefore, this parameter set was identified as the 
optimal fracture design. As shown in Fig. 20, the maximum NPV for 
each zoned region was also determined, and the corresponding 
points were highlighted in red. The detailed numerical results are 
summarized in Table 5 (see Fig. 21).

Based on the final NPV prediction outcomes, the region-wise 
maximum NPV was obtained, and the corresponding fracture 
parameter combination was adopted to perform integrated opti
mization within each zone. As illustrated in the results, the pro
posed fracture placement design achieves a precise match to 
reservoir heterogeneity. Zone III, characterized by the highest 
reservoir quality index (RQI), was assigned a relatively higher 
fracture intensity (i.e., increased stage density and a more 
aggressive treatment design) to maximize stimulated reservoir 
volume and production response. Zones I and II, with compara
tively poorer reservoir conditions, compensated for their inherent 
disadvantages by adopting reduced cluster spacing and enhanced 
fracture conductivity. In contrast, Zones IV and V employed a 
moderate-scale design to balance stimulation effectiveness and 
economic efficiency. Overall, this “zoning–optimization–match
ing” strategy enables differentiated stimulation designs across 
heterogeneous intervals, avoiding energy waste or insufficient 
reservoir contact caused by homogeneous fracture placement. 
Under combined economic and engineering constraints, the pro
posed approach effectively improves the development perfor
mance of the entire horizontal well.

3.5. Results of horizontal well fracture parameter optimization

For clarity, the baseline case used in the comparison (Fig. 22(a) 
and (b)) is defined as the conventional uniform fracture placement 
design, in which all fracturing stages are evenly distributed along 
the entire horizontal wellbore with identical fracture parameters: 
a fracture half-length of 180 m, fracture conductivity of 50 mD⋅m, 
and equal stage spacing. This uniform design represents the 
standard industry practice without any reservoir quality-based 
differentiation. In contrast, the optimized case (Fig. 22(c) and 
(d)) adopts the zone-specific  fracture parameter combinations 
determined by the proposed TENT-SSA-BPNN optimization 
framework, as summarized in Table 5.

Based on the optimized fracture parameters obtained from the 
proposed method, the CMG commercial simulator (Zhang et al., 
2025) was employed to simulate the reservoir pore-fluid  pres
sure distributions after 1 year and 3 years of production under the 

(a) Pore-fluid pressure distribution after 1 year of production
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Fig. 22. Pore-fluid pressure distribution after a period of production.
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optimal fracture design, as shown in Fig. 22(a) and (b), respec
tively. The simulation results indicate that the pressure decline in 
the vicinity of fractures is pronounced, while the spatial distri
bution of pressure depletion remains relatively uniform. More
over, the rate of pressure decline is well matched with the 
production behavior, and no excessively rapid pressure depletion 
leading to premature production decline is observed.

As illustrated in Fig. 22(c) and (d), after applying the proposed 
horizontal well fracture parameter optimization strategy, the 
stable production period is significantly  prolonged, and no pro
ductivity exhaustion occurs during the simulated production time. 
The overall gas production increases by approximately 30% 
compared with the baseline case. In addition, the net present value 
(NPV) shows a substantial improvement; relative to uniform 
fracture placement, the NPV increases by approximately 3–5 times. 
These results demonstrate that the optimized fracture parameters 
effectively promote balanced shale gas production, significantly 
reducing residual gas caused by reservoir heterogeneity or inap
propriate fracture design, and thereby enhancing the overall re
covery efficiency of the horizontal well.

To evaluate the robustness of the reported NPV improvement 
under economic uncertainty, a sensitivity analysis was performed 

by systematically varying the three key economic parameters in 
the NPV formulation. The gas price was varied within ±20% of the 
base value (1.02–1.53 CNY/m3), the operating cost was tested over 
a ± 30% range (0.224–0.416 CNY/m3), and the discount rate was 
swept from 0.05 to 0.12. As shown in the tornado diagram (Fig. 
24(a)), gas price exerts the strongest influence on absolute NPV, 
followed by operating cost, with the discount rate having a 
comparatively modest effect. The spider plot (Fig. 24(c)) further 
reveals that the NPV ratio between the optimized zoned design 
and the uniform baseline ranges from approximately 2.4× to 3.4×
across all single-parameter variations. An increase in gas price 
amplifies  the economic benefit  of zone-specific  fracture optimi
zation, as the revenue differential between high-production and 
low-production zones becomes more pronounced. Conversely, 
rising operating costs compress the profit margin and moderately 
reduce the ratio, though the optimized design still retains a clear 
advantage. When all three parameters are simultaneously shifted 
to their most unfavorable levels (pessimistic scenario), the zoned 
design maintains an NPV approximately 2.97 times that of the 
uniform case (Fig. 24(b)), confirming that the relative superiority 
of the proposed approach is not an artifact of favorable economic 
assumptions. These results demonstrate that while the absolute 
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NPV is expectedly sensitive to market conditions, the comparative 
advantage of reservoir-quality-driven fracture optimization over 
conventional uniform placement is robust across a wide range of 
plausible economic scenarios.

4. Conclusions

To address the strong heterogeneity of shale gas reservoirs, this 
study proposes a physics–data collaborative intelligent optimiza
tion method based on fine reservoir segmentation to improve the 
accuracy and efficiency  of fracture parameter optimization for 
horizontal wells. By integrating Tent chaotic mapping, the golden 
sine strategy, and the sparrow search algorithm (SSA), an 
improved TENT-SSA-BPNN model was developed and coupled 
with a reservoir quality index (RQI)–based segmentation scheme 
to achieve precise characterization of near-wellbore reservoir 
heterogeneity. With the net present value (NPV) as the ultimate 
optimization objective and under explicit physical constraints, a 
differentiated “segmentation–optimization–matching” design 
strategy was established, providing an innovative and practical 
solution for the development of heterogeneous shale reservoirs. 
The main conclusions are summarized as follows.

(1) A fine segmentation method for horizontal wells based on 
the reservoir quality index was proposed, effectively 
addressing development challenges caused by strong 
reservoir heterogeneity. By quantifying key geological and 
engineering controlling factors and applying a dynamic 
quantile-based segmentation approach, the horizontal 
wellbore was divided into multiple reservoir quality zones 
(Zones I–V), replacing the conventional uniform stage 
spacing strategy. This segmentation method accurately 
captures spatial heterogeneity around the wellbore and 
provides a solid physical foundation for implementing zone- 
specific stimulation strategies.

(2) A physics–data collaborative optimization framework based 
on the improved TENT-SSA-BPNN model was constructed. 
Tent chaotic mapping was employed to enhance population 
diversity, while the golden sine strategy was introduced to 
balance global exploration and local exploitation, signifi
cantly improving the global optimization capability in high- 
dimensional nonlinear search spaces. Compared with 
traditional numerical simulation methods and single ma
chine learning models, the proposed framework substan
tially improves computational efficiency, effectively avoids 
local optima, and achieves high-accuracy prediction of 
complex nonlinear relationships between fracture parame
ters and production performance.

(3) In terms of variable selection and feature engineering, 
Pearson correlation analysis and projection importance in
dicators were applied to quantitatively identify the domi
nant factors influencing  production. By constructing a 
comprehensive reservoir quality index, redundant variables 
were eliminated, and the stability and predictive accuracy of 
reservoir characterization were significantly  enhanced, 
thereby ensuring the robustness and reliability of the fine 
segmentation results.

(4) A differentiated fracture parameter optimization strategy 
based on fine  segmentation and NPV maximization was 
successfully implemented. For reservoir zones with 
different quality levels, optimal combinations of fracture 
conductivity, number of fracturing stages, and fracture half- 
length were matched accordingly. The results demonstrate 
that this heterogeneity-adaptive fracture design signifi
cantly outperforms uniform fracture placement in terms of 

economic benefits and ultimate recovery, providing a highly 
innovative and practically valuable optimization scheme for 
efficient shale gas development.
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