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ABSTRACT: This work proposes an optimization method for gas storage operation parameters under multi-factor
coupled constraints to improve the peak-shaving capacity of gas storage reservoirs while ensuring operational safety.
Previous research primarily focused on integrating reservoir, wellbore, and surface facility constraints, often resulting
in broad constraint ranges and slow model convergence. To solve this problem, the present study introduces additional
constraints on maximum withdrawal rates by combining binomial deliverability equations with material balance
equations for closed gas reservoirs, while considering extreme peak-shaving demands. This approach effectively
narrows the constraint range. Subsequently, a collaborative optimization model with maximum gas production as the
objective function is established, and the model employs a joint solution strategy combining genetic algorithms and
numerical simulation techniques. Finally, this methodology was applied to optimize operational parameters for Gas
Storage T. The results demonstrate: (1) The convergence of the model was achieved after 6 iterations, which significantly
improved the convergence speed of the model; (2) The maximum working gas volume reached 11.605 x 10° m?,
which increased by 13.78% compared with the traditional optimization method; (3) This method greatly improves the
operation safety and the ultimate peak load balancing capability. The research provides important technical support for
the intelligent decision of injection and production parameters of gas storage and improving peak load balancing ability.

KEYWORDS: Underground gas storage; operational parameter optimization; extreme peak-shaving constraints;
genetic algorithm; model

1 Introduction

Under the backdrop of accelerated low-carbon transformation in the global energy structure, natural
gas has increasingly demonstrated its strategic significance as a clean and efficient transitional energy
source within the energy supply system [1,2]. However, China’s rapid economic development has driven
a continuously surging natural gas demand, resulting in a pronounced contradiction between supply
and demand [3-5]. Underground gas storage, characterized by large storage capacity, broad peak-shaving
capabilities, low operational costs, safety, and reliability, has emerged as the most effective solution to balance
this supply-demand imbalance [6-9]. Gas storage operation is a systematic project, and how to improve work
efficiency, operation safety, and reduce energy consumption has become the focus in gas storage research
[10-12]. Consequently, it is of great engineering value to establish a set of reliable optimal operation methods
for gas storage.
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Traditional gas storage optimization primarily relies on the step-by-step control and adjustment of a
single factor to improve operational efficiency to a certain extent. This approach is widely adopted in practical
applications due to its intuitive computation process, ease of implementation, and convenience for engineers.
However, since it focuses only on optimizing a single variable, it fails to fully account for the complex
coupling relationships and interactions between various factors in gas storage operations, often resulting
in suboptimal solutions rather than truly global optimization. Particularly when gas storage facilities face
numerous constraints, single-factor adjustments may lead to locally optimal solutions rather than an overall
optimal operational strategy, ultimately affecting both economic performance and operational safety. To
further enhance the efficiency and effectiveness of gas storage operations, developing a more scientific and
rational multi-factor collaborative optimization method has become a key area of interest.

In recent years, with the rapid advancement of computer science and artificial intelligence technology,
heuristic algorithms have emerged as innovative solutions for complex nonlinear constrained optimization
problems [13]. These algorithms often draw inspiration from natural phenomena and intelligent behaviors
observed in biological populations, such as genetic evolution, ant colony foraging, particle swarm optimiza-
tion, and simulated annealing (Table 1), effectively applying nature’s wisdom to mathematical optimization
problems. The core idea is to simulate the intelligent behaviors exhibited by biological systems during
evolution, learning, or environmental adaptation, enabling efficient exploration of optimal solutions within
complex search spaces. As a result, many researchers have adopted such algorithms to develop multi-factor
coordinated optimization methods for gas storage by incorporating the influence of multiple factors. Zhu [7]
developed a multi-objective optimization function for gas storage by incorporating the NSGA-II (Non-
dominated Sorting Genetic Algorithm II). Liu et al. [14] similarly employed the non-dominated sorting
genetic algorithm, utilizing well injection rates as variables and establishing a bi-level objective function
based on pipeline hierarchy to optimize gas injection efficiency. Aiming at the pressure equalization problem
of multi-block gas storage, Zhou et al. [8] established a full-field cooperative regulation model with the
goal of minimizing formation pressure variance based on GAMS platform and integrating DICOPT solver.
Xu et al. [15] investigated optimization of injection-production parameters using mixed-integer nonlinear
programming models. Nevertheless, two critical limitations persist: First, algorithmic convergence rates
remain significantly constrained by high-dimensional nonlinear constraints, with mainstream intelligent
algorithms (e.g., PSO, GA) requiring over 100 iterations on average [7,16]. Second, current constraint systems
fail to systematically integrate critical engineering boundaries such as operational safety thresholds and
extreme peak-shaving requirements.

Table 1: Common heuristic algorithms

Algorithms Advantages Disadvantages
Genetic Algorithm Suitable for global optimization, handles  Slow convergence, complex
(GA) [17] nonlinear problems effectively, works well parameter tuning

with large search spaces
Simulated Annealing Can escape local optima, suitable for High computational cost,
(SA) [18] large-scale combinatorial optimization convergence depends on
problems cooling parameter selection
Particle Swarm Simple computation, fast convergence,  Prone to local optima, sensitive
Optimization (PSO) [19] fewer parameters to initial values

(Continued)
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Table 1 (continued)

Algorithms Advantages Disadvantages
Ant Colony Optimization Suitable for path optimization problems,  Slow convergence, low search
(ACO) [20] such as the Traveling Salesman Problem efficiency in the early stages
(TSP)
Tabu Search (TS) [21] Effectively avoids local optima, search ~ Relies on memory and strategy,
history improves efficiency high computational cost
Artificial Bee Colony Suitable for multimodal optimization =~ Performance depends on swarm
(ABC) [22] problems, requires fewer parameters, easy  size, prone to local optima
to implement
Differential Evolution Suitable for continuous optimization Performs well in continuous
(DE) [23,24] problems, simpler parameter adjustment spaces but less effective for
discrete problems
Grey Wolf Optimizer Easy to implement, low computational =~ Premature convergence, prone
(GWO) [25] cost, fast convergence to local optima
Bat Algorithm (BA) [26] Combines local and global search Requires multiple parameter
capabilities, suitable for multi-objective adjustments, limited
optimization adaptability to different
problems
Firefly Algorithm Suitable for multimodal optimization =~ High computational complexity,
(FA) [27] problems, strong global search ability prone to local optima

To solve these problems, this work is based on the practical engineering needs of gas storage oper-
ation. First, considering factors such as geological characteristics, compressor performance, and extreme
peak-shaving capacity, a multi-factor collaborative optimization model is constructed with the maximum
gas production rate as the objective function. Then, by introducing the Genetic Algorithm (GA) and
numerical simulation techniques, the model’s solving efficiency and global optimization capability are
enhanced. Finally, the model is applied to the T gas storage facility to obtain the optimal operating
parameter combination, providing scientific guidance and technical support for the safe and efficient gas
storage operation.

2 Optimization Model Design
2.1 Objective Function

While ensuring reservoir stability, the optimization aims to maximize gas withdrawal capacity to fully
leverage the storage facility’s peak-shaving capability.

f =maxQ? @)

where, f is objective function, 10* m®. Q? is Cumulative gas output, 10* m’.

2.2 Constraint Conditions
2.2.1 Injection Rate

During the gas injection phase of underground gas storage, an excessively high injection rate can com-
promise geological integrity, disrupt the pressure field equilibrium in the reservoir, and affect caprock sealing.
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Additionally, it increases the operational costs of compressors and pipelines. Conversely, an excessively low
injection rate results in low operational efficiency, preventing the gas storage facility from fully utilizing its
peak-shaving capability. Therefore, without considering cushion gas, the injection rate must not only meet
the storage capacity requirements, but also remain below the maximum injection capacity of a single well
and the working gas volume of the compressor, as expressed by:

Qu<lYq” 2)
j=1
4 < Gimax 3)

where, Q,, is Working gas volume, 10* m?, q;.” is maximum daily gas injection volume of well j, 10* m*/d, n is

number of gas production wells, [ is number of gas injection days, ¢'". _is maximum daily gas injection rate
per well, 10* m?/d.

2.2.2 Production Rate

The gas production rate also affects the operational safety and efficiency of underground gas storage. A
high production rate can cause a sharp increase in reservoir pressure gradient, leading to excessive effective
stress, which directly impacts subsequent gas injection capacity. Additionally, it may result in the failure of
seasonal peak shaving. On the other hand, an excessively low production rate fails to meet daily peak shaving
demands, leading to significant resource waste. Therefore, studies have shown that setting the single-well
production rate within 40% to 60% of the absolute open flow under the original formation pressure is a more
reasonable approach, as expressed by:

0.64, > q; > 0.44, (4)

g, is absolute open flow per well, 10* m*/d, q’; is maximum daily gas production per well, 10* m’/d.

However, constraining the gas production rate solely based on absolute open flow results in a relatively
broad range and does not guarantee that the gas storage will meet extreme peak shaving demands. This is
often a key factor contributing to the slow convergence of the optimization model. Therefore, to address this
issue, the binomial productivity equation and the material balance equation for a closed gas reservoir are
introduced to further refine the constraints on gas production rate, ensuring alignment with the extreme
peak shaving requirements:

{ A (1-CAP) = 2 (1- %)

(5)
Gp2qaTh +q T,

where, G is geological reserves, 10* m. C, is the rock compressibility coefficient, MPa™!. AP = P; — Py- P
is extreme peak regulation last-day formation pressure, MPa. P; is initial formation pressure (upper limit
pressure), MPa. Zp and Z; are deviation factor. q4 is daily peak shaving production rate, 10* m*/d. g;
is extreme peak shaving production rate, 10* m*/d. T is regular peak shaving days before extreme peak
shaving, d. T; is extreme peak shaving days, d.

Eq. (5) can be derived as follows:

P Z,
Gl1- 2 a-can 2> T+ aim ©)
ZR P;
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Pr is calculated using the binomial productivity equation, and extreme peak shaving constraint
conditions can be established:

G[1- 2 (1-CAP) £] 2 quTy + i Ty
Pr = \/(Aql +Bq%) + P2,

where, Pys is minimum bottom-hole flowing pressure (lower limit pressure), MPa. A and B are the

7)

coefficients of the Darcy flow term and the non-Darcy flow term in the binomial productivity equa-
tion, respectively.

2.2.3 Upper Pressure Limit

The upper pressure limit of an underground gas storage determines its storage capacity. Theoretically,
a higher upper pressure results in a larger storage capacity. However, in practical engineering applications,
operational safety must always be the top priority. The operation safety of gas storage primarily depends on
the reservoir’s geological conditions and wellbore integrity, including caprock sealing capacity, fault stability,
and wellbore integrity. Therefore, in order to ensure the operation safe of gas storage, the maximum upper
pressure must not exceed the ultimate pressure tolerance of the caprock, faults, and wellbore.

2.2.4 Lower Pressure Limit

When the upper limit pressure is determined, the lower pressure limit becomes the key factor in
determining the working gas volume of the gas storage. Theoretically, the lower the pressure limit, the greater
the working gas volume the gas storage can provide. However, in practical operations, the lower pressure
limit is primarily constrained by surface transmission pressure and must be set higher than the reservoir
pressure corresponding to the minimum wellhead pressure.

2.2.5 Number of Operating Wells

During gas storage operation, the number of wells must be greater than the minimum required for gas
storage capacity and less than the total number of operational wells.

3 Solution Method

Genetic Algorithm (GA) is an optimization algorithm based on natural selection and genetic mecha-
nisms. It is one of the most commonly used optimization algorithms today. Compared to other optimization
algorithms, GA employs a population-based search approach, enabling effective exploration of the entire
search space and avoiding local optima, thus exhibiting strong global search capability [28-30]. The
fundamental principle of GA is to optimize problem solutions by simulating natural selection, crossover
(mating), and mutation in biological evolution [31]. Its core principles are as follows:

Population Initialization: Many potential solutions are randomly generated to form a population, where
each potential solution is referred to as an individual.

Fitness Evaluation: Each individual is evaluated using a fitness function to measure its quality. This score
reflects the individual’s ability to solve the problem, representing its “fitness”

Selection: Based on the fitness function results, individuals with higher fitness are selected for reproduc-
tion. Individuals with better fitness have a greater chance of being chosen to participate in the next generation.
Common selection methods include roulette wheel selection, rank selection, and elitist selection.
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Crossover: Selected individuals undergo crossover operations, where they are paired and exchange part
of their genetic information to produce new offspring (Fig. 1). This process mimics biological reproduction
and helps combine advantageous traits from different individuals. Common crossover methods include
single-point crossover, multi-point crossover, and uniform crossover.

Mutation: With a small probability, certain genes of individuals are randomly altered (Fig.2) to
introduce new genetic diversity and prevent premature convergence to local optima. Mutation techniques
mainly include basic mutation and adaptive mutation.
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Figure 1: Cross operation Figure 2: Mutation operation

When solving the gas storage operation parameter optimization model in this study, the objective
function value cannot be directly obtained. Therefore, numerical simulation technology is introduced into
the GA-based solution process. By setting the maximum gas withdrawal capacity as the objective, the optimal
operating parameters that satisfy the constraints are gradually determined (Fig. 3).
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The specific steps are as follows:

(1) Parameter Initialization: Set GA-related parameters such as the maximum number of iterations,
population size, mutation probability, and crossover probability.

(2) Population Initialization: Randomly generate a specified number of operational parameter combi-
nations based on the constraint conditions.

(3) Numerical Simulation: Use numerical simulation techniques to evaluate the operational perfor-
mance of each parameter set.

(4) Fitness Calculation: The total gas production of each parameter is calculated based on the numerical
simulation results.

(5) Termination Condition Check: If the iteration count exceeds the set limit, the process terminates,
and the optimal operational parameter combination is output. Otherwise, proceed to step 6.

(6) Population Update: Under the existing population and constraint conditions, a new population is
generated through selection, crossover, and mutation operations. Then, return to step 3.

4 Case Study Application
4.1 Basic Information of Gas Storage Reservoir

The T gas storage was converted from a depleted oil and gas reservoir. The formation lithology consists
of dark gray and brownish-gray limestone, bioclastic limestone interbedded with argillaceous limestone,
and siliceous layers. The drilled thickness ranges from 94 to 115 m, with minimal variation, making it
relatively stable.

The primary caprock is marlstone, which is also stable in its lateral distribution. The reservoir space
is mainly composed of fractures, followed by dissolution caves and vugs, with minimal other pore spaces,
forming a typical cavern-fracture-type reservoir. The average permeability of the reservoir is 4.11 mD, and
the average porosity is 2.7%. The planar distribution trend of the average porosity of the reservoir is shown
in Fig. 4. Its sealing integrity is influenced by fault structures and the overlying caprock conditions, The direct
caprock is mainly marl, which is distributed statically on the plane, with a total thickness of 100~200 m.

During gas injection, the T gas storage is designed to use compressors for pressure boosting, while gas
withdrawal relies on the elastic energy of the formation pressure. The maximum injection capacity is required
to be 1.3 times the average daily injection rate, while the maximum withdrawal capacity must reach 1.8 times
the average daily withdrawal rate. The gas injection period lasts 200 days, the withdrawal period is 120 days,
and the balancing period is 45 days. Additionally, the peak shaving capacity must ensure at least seven days
of stable production.
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Figure 4: Prediction map of the mean porosity of reservoir

4.2 Set Parameter Range
4.2.1 Injection Rate

Based on the planned working gas volume and injection days for T gas storage, the minimum injection
rate is calculated to be 6.084 x 10° m*/d. The facility is designed to operate with a maximum of three
compressors, each with a working capacity of 5.0 x 10° m*/d. Therefore, the maximum injection rate is
determined to be 15.0 x 10° m’/d, while the average daily injection rate is 11.54 x 10° m*/d.

4.2.2 Production Rate

In the initial phase, productivity tests were conducted on wells T4 and T12 of the gas reservoir. The test
results showed that the absolute open flow of T4 well was 14.01 x 10* m?/d, while that of T12 well reached
85.9 x 10* m?/d. However, due to the short test duration of T12 well, its results could not accurately reflect
the productivity characteristics of the reservoir under actual conditions.

Later, to further evaluate the productivity of the gas storage, T4 well underwent an unblocking acidizing
treatment, followed by another productivity test. The new test results showed an AOF of 145.5 x 10* m*/d
at a formation pressure of 31.097 MPa. Based on this data, calculations determined that the theoretical
absolute open flow of T4 well under the original formation pressure was 253.6 x 10* m*/d (Table 2). Therefore,
using the absolute open flow of T4 well under original formation pressure as a reference, the single-well gas
production rate for the T gas storage was set within the range of 101.44 x 10* m*/d to 152.16 x 10* m’/d.
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Table 2: Open flow statistics of wells T4 and T12

Completion test one point method Productivity test
Well Formation Bottom hole Test Open flow Remark For mation A B Open flow Remark
pressure flow production  10' m*/d pressure 10* m*/d
(MPa) pressure rate (MPa)

T4 53.654 45.859 6.38 14.01 No acidizing 311 0.318 0.0435 253.6 No acidizing
operation operation

T12 27.767 21.625 62.22 85.6 No acidizing
operation

4.2.3 Upper Pressure Limit

Through in-situ stress testing, the fracture pressure of the T gas storage was determined to be 58 MPa,
with a fracture initiation pressure of 42 MPa and a fracture closure pressure of 40.5 MPa. Additionally,
scanning electron microscopy (SEM) was conducted on the direct caprock of the Fei-1 section, along with
pore size experiments and thin-section observations. The microscopic analysis revealed that the rock is
dense, with a relatively high clay mineral content in the upper layers. The Fei-1 section primarily exhibits
micropores and microfractures, but the connectivity between different types of pores is poor. To prevent
the reopening of pre-existing microfractures in the Fei-1 section during gas injection, the fracture initiation
pressure of 42 MPa was chosen as the upper pressure limit of the gas storage facility.

Furthermore, to determine the minimum upper pressure limit, different well counts and pressure ranges
were considered. For a given gas withdrawal cycle, the working pressure range required to reach the planned
working gas volume (7.3 x 10* m?) was calculated. The results indicated that, with 10 injection/withdrawal
wells, an upper pressure of 32 MPa was sufficient to reach the planned working gas volume. With 6
injection/withdrawal wells, an operating range of 37 MPa was required to meet the planned gas volume. With
4 injection/withdrawal wells, an upper pressure exceeding 40 MPa was needed to approach the target gas
volume (Fig. 5). Thus, 32 MPa was selected as the minimum design upper pressure limit.

——8 Wells

=8 Wells
4 Welle
=10 Wells|

Working gas volune/1 0%y

Upper gas reservon pressure/MPa

Figure 5: Statistical diagram of working gas volume in different pressure zones
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4.2.4 Lower Pressure Limit

According to the analysis of the peak shaving capacity of the pipeline network where the T gas
reservoir is located, the minimum wellhead pressure must reach 7 MPa to meet the pipeline network’s peak
shaving requirements. However, a 10 km connection pipeline needs to be constructed between the new
injection/withdrawal gas source access point and the gas gathering station, which will result in a certain
pressure loss. Therefore, the minimum wellhead pressure for the T gas storage injection/withdrawal wells is
set at 7.5 MPa. By coupling wellbore gas flow and the productivity equation, calculations determined that
the minimum reasonable gas withdrawal rate corresponds to a reservoir pressure of 10 MPa, which is then
designated as the lower design pressure limit.

4.2.5 Number of Operating Wells
The T gas storage is designed to operate with a total of 6 to 10 wells.

4.3 Modeling
4.3.13D Geological Modeling

The 3D geological modeling of the T gas storage facility is based on well log interpretation parameters,
constrained by seismic interpretation data and geological trend maps. The modeling process follows a com-
bination of deterministic and stochastic modeling principles to ultimately provide a 3D spatial distribution
model of the structure, stratigraphy, fractures, and physical properties of the gas reservoir. The modeling
follows a step-by-step approach from point to surface to volume, with the specific process outlined as follows:

Structural modeling: First, based on the latest 3D seismic interpretation results, the characteristics of
fault elements were analyzed and verified using actual well data. A deterministic modeling approach was
adopted to establish a reliable fault model, consisting of a total of 36 faults (Fig. 6).

Figure 6: Fault model

Subsequently, the same deterministic modeling method was used to construct the structural framework
model of the T gas storage facility, which is controlled by layer data, fault data, and well data. Based on
interpreted layer data, quality control was conducted on structural lines, faults, and well stratification. The
structural framework modeling was carried out with a grid resolution of 50 m x 50 m x 1 m for target layers
and 50 m x 50 m x 10 m for non-target layers. Vertically, a total of five base surfaces were constructed (Fig. 7).

Fracture Model: The seismic interpretation ant body was processed for fracture extraction, and its
aperture and permeability were calculated (Figs. 8 and 9). Finally, the fracture segment parameters were
mapped onto the 3D model to obtain fracture permeability and porosity.
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Figure 7: Three-dimensional geological model of the whole layer region
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Figure 8: Seismic ant body interpretation Figure 9: The extracted fracture segments

Property modeling: The porosity model is established based on porosity data from well logging
interpretation, with seismic-predicted porosity as a trend constraint, using the sequential Gaussian sim-
ulation algorithm (Figs. 10 and 11). The permeability model is primarily based on permeability data from

column-wise modeling and is constrained by well test data to construct the permeability model (Figs. 12
and 13).

Figure 10: Porosity distribution Figure 11: Porosity statistics
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Figure 12: Permeability distribution Figure 13: Permeability statistics

Reserve calculation: The model calculation result is 18.02 x 10° m?, which is generally consistent with
the latest reserve report of the T gas storage facility.

4.3.2 Numerical Simulation Model

On the basis of the 3D geological model, a numerical simulation model was established through steps
such as grid coarsening.

Geological model coarsening: Since the 3D geological model contains 23.45 million grid cells, it was
difficult to compute using the reservoir simulation software. Therefore, the geological model was coarsened,
converting the coordinate system to a Cartesian system with a three-dimensional orthogonal corner-point
grid structure. The average grid spacing was set to Ax =100 m, Ay =100 m, and the vertical division consisted
of 15 layers, resulting in a total grid system of 71 x 127 x 49 = 441,833 cells.

Gas reservoir basic parameter setting: According to the development geological characteristics, fluid
distribution patterns, and seepage mechanisms of the T gas storage facility, the simulation model was built
using a three-dimensional single-phase (gas) black oil model, with high-pressure natural gas properties
calculated using the system’s default parameters. The physical property scalar data of gas storage are shown
in Table 3, and the phase permeability curve is shown in Fig. 14.

Table 3: Physical properties scalar data

Parameter Numerical value
Gas relative density 0.631
Initial pressure (MPa) 53.65

Temperature (°C) 7753
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Figure 14: Phase permeability curve

Historical fitting: The T gas storage facility has only two production wells, namely T4 and T12. T4 was
put into production on 8 May 1987, and by September 2018, before the injection test, it had a production
casing pressure of 1.05 MPa and an oil pressure of 0.61 MPa. The daily gas production was 2.8 x 10* m?, daily
water production was 0.7 m?, with a cumulative gas production of 10.68 x 10* m®> and a cumulative water
production of 5402 m’. T12 was put into production on 8 November, 2004, and by September 2018, before
the injection test, it had a production casing pressure of 0.65 MPa and an oil pressure of 1.32 MPa. The daily
gas production was 0.8 x 10* m’, with a cumulative gas production of 6.21 x 10® m®> and a cumulative water
production of 3033 m*. On 7 September 2018, T12 began its pilot injection test, which was stopped on 31 May
2021, with a cumulative gas injection volume of 1.2708 x 10® m®. Therefore, based on the established fluid
model, combined with the well structure data and productivity test data, the VFP table of 4-inch and a half
tubing well and an injection well is established (Figs. 15 and 16).

Then, the production and injection histories of Wells T4 and T12 are fitted by adjusting the model
parameters (Figs. 17-22).
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Figure 21: Initialize the pressure distribution field dia- Figure 22: Historically fitted pressure distribution field
gram diagram

Model calculation: After the historical fitting is completed, the model is initialized to complete the
establishment of the numerical simulation model. The model parameters after initialization are shown
in Fig. 23.
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Figure 23: Model initialization results: (a) Porosity distribution; (b) Fracture permeability distribution in direction i;
(c) Fracture permeability distribution in direction j; (d) Fracture permeability distribution in direction k
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4.3.3 Genetic Algorithm

The genetic algorithm is implemented using Python, where the selection operation adopts the roulette
wheel selection method, and the crossover operation employs the simulated binary crossover. The conver-
gence criterion is that the variation amplitude of the objective function is less than 10* m* or reaches the
maximum number of iterations. The algorithm is configured with a population size of 20, a maximum of
50 iterations, a mutation probability of 0.01, and a crossover probability of 0.8. It's worth noting that the
parameters are determined by combining previous studies and trial-and-error methods. The extreme peak
shaving time is set for the Chinese Spring Festival (mid-February).

4.4 Results Analysis

Based on the determined injection and production rates, upper and lower pressure limits, and the range
of operating well numbers for the T gas storage (Table 4), the operating parameters were simulated and
optimized using a combination of a genetic algorithm and a numerical simulation model. After 30 iterations,
the optimal operating parameters were successfully obtained (Table 4). The detailed optimization process
and results are shown in Figs. 24 and 25.

The optimization results indicate that when the upper pressure limit is 41.51 MPa, the lower pressure
limit is 11.7 MPa, the injection rate is 980.98 x 10* m*/d, the gas production rate is 958.23 x 10* m*/d, and the
number of operating wells is 8, the working gas volume reaches a maximum of 11.605 x 108 m?, approximately
94% of the theoretical peak value. As shown in Fig. 2, the model converged after only six iterations,
significantly improving the solution speed. Moreover, this scheme ensures a prolonged stable production
period during both the injection and withdrawal phases, enabling stable gas storage operation while meeting
extreme peak-shaving requirements and aligning with the design standards of the T gas storage.

Meanwhile, to further verify the accuracy of the optimization results of the new method, the traditional
single-factor stepwise optimization method was applied to optimize the T gas storage. Based on the actual
site conditions and design requirements of the T gas storage, four different schemes were designed (Table 5).
The results are presented in Fig. 26 and Table 6.

According to the simulation results, Scheme 4 has the largest working gas volume, followed by Schemes
2 and 3, while Scheme 1 has the smallest. Although Scheme 4 provides the highest working gas volume, its
upper pressure limit exceeds the fracture pressure of the T gas storage facility, making it unsuitable for safe
operation. Schemes 2 and 3 have similar working gas volumes, but Scheme 3 features a higher lower pressure
limit and fewer operating wells, significantly reducing surface investment costs. Therefore, Scheme 3 is the
optimal choice among the four. Compared to Scheme 3, the new method not only significantly increases the
working gas volume of the T gas storage facility based on the simulation results, but also greatly improves
peak-shaving capacity. It means that the optimization results are more reliable than that of the traditional.

Table 4: Optimization parameter range and optimization results

Parameter Range  Result

Injection rate (10* m*/d) ~ 609~1154 980.98
Production rate (10* m*/d)  609~1522  958.23
Upper pressure (MPa) 32~42 41.51
Lower pressure (MPa) 10 11.7
Number of wells 6~10 8
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Figure 25: Numerical simulation results of optimal parameters: (a) Injection and production rate; (b) Formation

pressure

Table 5: Operation scheme

Parameter Schemel Scheme2 Scheme3 Scheme 4
Design lower pressure limit (MPa) 12 10 12 10
Design upper pressure limit (MPa) 32 40 40 42
Wells 9 9 7 9
Injection rate (10* m®/d) 550 750 750 850
Injection days (d) 200 200 200 200
Production rate (10* m?/d) 600 850 850 1100

Production days (d) 120 120 120 120
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Figure 26: Simulation results of injection and production rate and formation pressure: (a) Scheme 1; (b) Scheme 2; (c)
Scheme 3; (d) Scheme 4

Table 6: Simulation result

Parameter Schemel Scheme2 Scheme3 Scheme4
Lower pressure limit (MPa) 12 12.944 13.311 11
Upper pressure limit (MPa) 321 40.15 40.13 42.177
Storage capacity (excluding cushion gas) (10° m*/d)  8.239 11.842 10.981 12.499
Working capacity (10° m*/d) 7.476 10.591 10.556 12.08

5 Discussion

Although the new method effectively accelerates model convergence and improves gas storage oper-
ational safety and peak-shaving performance, actual gas storage operations involve various uncertainties.
Future research should further integrate real-world operational data and explore additional factors affecting
gas production optimization in underground gas storage.

6 Conclusion

(1) To address the challenge of multi-parameter coupling optimization under extreme peak shaving
conditions in gas storage, this work innovatively integrates the binomial productivity equation and the
material balance equation for closed gas reservoirs, and establishes a multi-factor collaborative optimization
model constrained by dynamic gas production rates to meet extreme peak shaving requirements.

(2) By introducing the Genetic Algorithm (GA), the study effectively resolves the stability issues
associated with solving high-dimensional nonlinear constrained optimization models, and enhances the
optimization process’s reliability.

(3) This method identifies a more precise range of constraints by considering geological characteristics,

compressor performance, and extreme peak shaving capacity, accelerating the convergence speed of the
optimization method.

(4) When the T gas storage facility operates under the optimized parameter combination (upper
pressure limit of 41.51 MPa, lower pressure limit of 11.7 MPa, maximum injection rate of 980.98 x 10* m*/d,
maximum gas production rate of 958.23 x 10* m?/d, and 8 active injection/production wells), the working
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gas volume reaches its maximum, achieving 94% of the theoretical peak value while fully satisfying extreme
peak shaving requirements.
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