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a b s t r a c t

Offshore development tends to aim for high production with fewer wells, which leads to large well 
spacing and wide range of low-pressure gradient. Compared with onshore, the low-velocity nonlinear 
flow, matrix stress sensitivity, and CO2 miscibility have significant impacts on the injection optimization 
design. However, existing studies rarely examine the impact of these characteristics on injection pa
rameters, including injection fluid selection, injection rate and timing. Therefore, we first establish a 3D 
embedded discrete fracture model for compositional simulation. Multiple mechanisms, including low- 
velocity nonlinear flow, matrix and fracture stress sensitivity are considered comprehensively. After 
evaluating the sweep area, injection capacity, and production performance of different injection fluid 
(H2O, CO2, N2), a fluid selection strategy was proposed. The cumulative oil production under a certain 
water cut/gas-oil ratio is taken as the objective function. Then the injection rate and timing are studied. 
Results show that, when the injection rate of CO2 and H2O is high, the fluid breakthrough comes early. 
When the injection rate is low, the reservoir pressure is poorly maintained, resulting strong matrix 
stress sensitivity, and low CO2 miscibility efficiency. Therefore, there is an optimal CO2 and H2O injection 
rate. In comparison with the traditional Darcy flow, the optimal H2O injection rate is higher. The 
maximum difference reaches 11.1% with matrix permeability of 5 × 10− 3 μm2. As the matrix perme
ability increases, optimal CO2 injection timing is gradually advanced. While the optimal H2O injection 
timing is gradually delayed. The proposed 3D-EDFM compositional simulator can serve as an effective 
and reliable method for injection-production optimization.
© 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

Offshore low-permeability oil and gas resources are abundant 
(Sun et al., 2024). The oil and gas-bearing strata are concentrated 
in the Paleogene and Archean strata of the Cenozoic Era in China. 
They are widely distributed in the Bohai Sea, the East China Sea 

and the South China Sea (mpared with onshore, offshore low- 
permeability development started late. With the rise in oil prices 
and new discoveries in exploration, development began in 2004. 
In recent years, the strategy of ensuring national energy security 
places high demands on the exploration and development of 
offshore oil and gas resources. As the main force for increasing 
reserves and production, it is imperative to promote the effective 
development of offshore low-permeability oil and gas fields  (Xu 
et al., 2025a). However, unlike onshore oil fields, offshore oil and 
gas development requires large investment, high risk, and high 
single-well production requirements due to the marine operating 
environment. Offshore economic development requires high pro
duction with fewer wells (Zhao et al., 2025). This is in 
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contradiction with the low production of many wells on land. 
Therefore, it is difficult to directly learn from onshore experience 
(Hu et al., 2018).

The proven geological reserves of crude oil in offshore low- 
permeability sandstone reservoirs are nearly 600 million tons 
(Fig. 1(a)). Since the natural energy of block reservoirs is limited, 
water/gas injection development is needed to supplement energy 
(Zhang et al., 2021). At present, the permeability of the reservoirs 
that have been developed is mainly distributed in the range of 
20–50 mD, accounting for more than 60%. The development 
method is mainly water drive. With the upgrading of offshore 
fracturing equipment, the development limit of offshore low- 
permeability oil reservoirs will be expanded. The crude oil pro
duction of new blocks is expected to increase significantly in the 
future (Fig. 1(b)) preparations for gas injection development 
should be made in advance (Yang et al., 2024). Therefore, it is ur
gent to study injection fluid  selection and injection rate/time 
optimization for fractured vertical well flooding  in offshore low 
permeability reservoir.

With the help of intelligent algorithms, there are many optimi
zation technology studies on injection-production design in low 
permeability oil reservoirs. On the one hand, optimization algo
rithms are reliable tools for efficiently and automatically finding the 
optimal solution (Yang et al., 2025). Azamipour et al. (2018) improved 
genetic algorithm coupling with polytope search. Then it is used in 
injection and production schedule. The cyclic water injection (CWI) 
technique requires adjustment of injection volume, injection fre
quency, well shut-in time, production pressure at different stages for 
multiple wells. To efficiently optimize these operational parameters 
simultaneously. Sun et al. (2019) coupled a new hybrid optimization 
algorithm with a reservoir simulator to optimize CWI strategies for 
field applications. Utilizing PSO intelligent optimization algorithm, 
Ding et al. (2022) comprehensively studied CO2 enhanced oil re
covery and storage in low permeability oil reservoir. Including 
comparison between continuous gas injection, cyclic gas injection 
(CGI), and water alternating gas (WAG). Multi-objective optimiza
tion, tax credit of CO2 stored on optimization results.

On the other hand, to improve the production prediction effi
ciency, some alternative reservoir simulation models have been 
proposed and further improved (Wang et al., 2021). Such as inter- 
well connectivity model (Zhou et al., 2021), machine learning- 
based surrogate model (Almasov and Onur, 2023) and so on. 
Lerlertpakdee et al. (2014) proposed a flow-network model to 
speed up reservoir-response predictions. Considering the non- 
Darcy flow  in matrix and the stress-sensitive effect, Yan et al. 
(2024) proposed a new physics-based data-driven surrogate 
model, i.e. dual-porosity flow-network model. Compared with the 

full-order model, the production optimization speed of proposed 
model is increased by more than five times. Machine learning al
gorithms are reliable tools for building proxy models and reducing 
simulation costs. Owing to the high cost of combination simula
tion of WAG injection and fishbone structure producing well, Enab 
and Ertekin (2021) developed an artificial  neural network-based 
toolbox to evaluate and optimize the operation. Due to the lack 
of complete production curves and large-scale time series data, 
machine learning methods may not fully leverage their advan
tages. Gao et al. (2023) proposed a XGBoost-PSO model to opti
mize injection and production parameters of CO2-EOR design. 
Meng et al. (2024) proposed a new workflow for forming a high- 
fidelity  proxy model dedicated to CO2-EOR in low permeability 
reservoirs. The above two types of methods can reduce the design 
cost of oilfield development scheme and increase production. The 
optimal solution can be finally given. However, it cannot reveal the 
relationship between injection and production parameters and 
objective function.

There are still many studies focusing on the analysis of the 
influence laws based on physical simulation. The first issue is the 
selection of injection fluid and mode. Unclear understanding of the 
mechanism of water-sensitive damage will lead to difficulties  in 
selecting the injection water. Thus, Wang et al. (2019) conducted 
oil displacement experiment with different water salinities. Then, 
a productivity equation considering low-velocity nonlinear flow 
and stress sensitivity was established to evaluate the impact of 
reservoir property changes. Water quality restricts effective 
implementation of water injection in low permeability reservoirs. 
Through core experiments, Xiong et al. (2018) quantify the damage 
to reservoirs caused by particle size and concentration of sus
pended solids in injected water. To effectively avoid damage to 
water-sensitive formations, CO2 flooding  is an effective way that 
can also increase recovery and store CO2 (Wang et al., 2025b). 
However, its performance is often damaged by the gas channeling 
due to reservoir heterogeneity (Zhang et al., 2024). Through core 
flooding experiments, Li et al. (2018) evaluated four CO2 injection 
schemes in low permeability cores. They found that the smaller 
injection rate contributes to the delay of CO2 breakthrough and 
reaches a higher oil recovery. Emami-Meybodi et al. (2024)
reviewed the cyclic gas injection modeling and experiments in 
low-permeability oil reservoirs. They reported that water alter gas 
injection can delay the gas channeling and achieve balanced 
development. The aforementioned studies experimentally evalu
ated the selection of injection fluids.

To provide more guidance on injection rate/timing for oilfield 
development, some indoor experiments were carried out. For 
WAG injection and the intermittent gas (IG) injection, Wang et al. 
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Fig. 1. (a) Proven geological reserves of crude oil in offshore low-permeability sandstone reservoirs. (b) Prediction of production profile for offshore low-permeability reservoirs.
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(2022) studied the comparison and the injection parameters in 
ultra-low permeability reservoir. They reported that the economic 
IG flooding round is 7. The optimized IG flooding period after gas 
breakthrough is 6 h. Wang et al. (2018) obtained the key factors 
affecting the imbibition effect of low permeability core through 
experiments. Then they established an imbibition's rate expres
sion for reservoir simulation. For extra-low permeability (1–10 
mD) cores, Xiao et al. (2017) found that cyclic CO2 injection 
displacement in the micro pores has the highest efficiency, fol
lowed by CO2 miscible flooding, WAG flooding and immiscible CO2 
flooding.  Qualitative understanding can guide the choice of 
development methods. However, the quantitative optimized pa
rameters are obtained in laboratory. It is difficult to apply directly 
to actual oilfield.

To guide the actual oilfield development, the optimal injection 
pressure is usually analyzed based on field data. Controlling water 
injection pressure to prevent water breakthrough and floods along 
natural fractures is an effective measure for improving the 
waterflooding development effect. Lyu et al. (2018) proposed an 
approach for determining the water injection pressure based on 
the opening pressure of natural fractures in fractured low- 
permeability reservoirs. Under the condition of synchronous in
jection and production of horizontal wells, Wang et al. (2020) also 
determined the limit of water injection pressure to avoid large- 
scale opening of natural fractures.

Another effective way to guide the actual oilfield development 
is numerical reservoir simulation. Different geologic characteris
tics and different physical fluid  properties decide different cycle 
number and WAG ratios, Liu et al. (2016) investigated the gas 
alternative water (WAG) for CO2 flooding optimization in Jilin oil 
fields, China. The optimal parameters are 7 slugs, a total injection 
volume PV of 0.3845, and a gas-water slug ratio of about 0.5742. 
Tian et al. (2020) studied gas injection in low permeability reser
voirs of Changqing oilfield.  They reported that C3H8 huff-n-puff 
achieves the best performance, followed by the produced gas 
and CH4. To improve the swept volume of injected gas, oil 
displacement efficiency, and oil recovery, gas-assisted gravity 
drainage (GAGD) technology has great potential. Wang et al. 
(2024) analyzed CO2 injection schedule for two multi-fractured 
horizontal wells. Li et al. (2024) studied the oil displacement 
mechanism in the combination mode of vertical well and hori
zontal well. They revealed the difference of EOR mechanism be
tween asynchronous and inter-fracture. The above-mentioned 
various energy supplementation methods are usually targeted at 
specific reservoirs. It is difficult to guide parameter design under 
different reservoir properties. Therefore, Zhao et al. (2015) estab
lished recommended chart for advanced water injection intensity 
in ultra-low permeable-tight oil. They also reported that the 
timing of advanced water injection should follow the completion 
of the horizontal wells. However, few studies have examined the 
impact of low permeability reservoir characteristics on optimiza
tion design.

During the injection of CO2 and water, many researchers have 
used geochemical reaction methods to study dissolution and rock- 
water interactions (Behera et al., 2024). Alhosani and Daraboina 
(2021) developed an integrated multiphase simulator by 
coupling thermodynamics, hydrodynamics, heat transfer, and 
asphaltene modules, validating it with field  data to predict 
asphaltene deposition and analyze multi-phase flow impacts. Jin 
et al. (2016) modeled geochemical reactions during CO2 injection 
in saline aquifers, assessing formation damage risk from mineral 
dissolution/precipitation and its effect on injectivity. Khurshid and 
Afgan (2021) investigated water composition's impact on forma
tion damage and energy recovery in geothermal reservoirs via 
geochemical simulations, focusing on scale precipitation and 

geomechanical effects of porosity/permeability changes. Asaadian 
et al. (2022) explored acid-induced sludge formation's impact on 
rock wettability and permeability. Khurshid et al. (2022) devel
oped a 1D radial numerical model coupling fluid flow, asphaltene 
deposition, and acid-asphaltene reactions to investigate sludge 
formation's effect on worm holing during carbonate acidizing.

In summary, fracture injection optimization assisted by intel
ligent optimization algorithm is difficult to reveal the influence of 
engineering parameters on production dynamics. Existing studies 
on finding  inflection  points based on sensitivity analysis are 
mostly aimed at a specific target reservoir and are difficult to guide 
new reservoir blocks. Existing research has not yet studied the 
impact of complex flow  mechanisms on optimization results. 
Existing embedded discrete fracture model (EDFM) that consider 
low-velocity nonlinear flow and stress sensitivity are usually based 
on black oil model, which are difficult to use to analyze the effects 
of gas injection parameters.

In this paper, we first  established a compositional reservoir 
simulation method based on 3D-EDFM. Multiple characteristics of 
offshore low permeability oil reservoir are taken into account. 
Then we conducted the injection fluid selection. In the optimiza
tion process, the injection rate and timing under CO2 and H2O 
flooding  conditions are investigated sequentially with staggered 
well pattern. To effectively guide new reservoir blocks, the influ
ence of different matrix permeability on the optimization results 
was investigated. Furthermore, the effect of the low-velocity 
nonlinear flow on the optimal parameters was studied.

2. Methods

In this paper, the basic 3D-EDFM is adopted from the MRST. It is an 
open-source framework for rapid prototyping and evaluation of 
reservoir simulation problems. The low-velocity nonlinear flow, 
matrix and fracture stress sensitivity equations are adopted from our 
previous work. Then the corresponding matrix and fracture grid 
nonlinear transmissibility is proposed to solve the multi-component, 
multi-mechanism flow equations. The cumulative oil production at a 
certain water cut/gas oil ratio is applied as the objective function.

2.1. Fluid flow in low permeability oil reservoir

The multi-phase multi-component fluid flow in the matrix and 
hydraulic fractures satisfies  the mass conservation (Jiang et al., 
2025) and diffusion equation (Rui et al., 2025). As shown in Eq. (1). 
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Fig. 2. Schematic diagram of low-velocity nonlinear flow.
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The diffusion is described by Fick's law. 
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In low-permeability oil reservoir, microscale pore throats are 
widely distributed. The interaction between fluids  and solids is 
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Fig. 3. Fracture characterization methods comparison: (a) actual complex fracture, (b) dual-continuum model, (c) local grid refinement (LGR), (d) discrete fracture model (DFM), 
(d) embedded discrete fracture model.

Table 1 
Comparison of different method.

Model Dual-continuum 
model

Local grid 
refinement

Discrete 
racture model

Embedded discrete 
fracture model

Accuracy × ✓ ✓ ✓
Flexibility × × ✓ ✓
Gridding ✓ ✓ × ✓
Computational efficiency ✓ × × ✓

Note: ✓ represents good, available or supported, while × denotes poor, not available or not supported.
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Fig. 4. (a) Physical model of the fractured reservoir, (b) EDFM mesh.
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strong and cannot be ignored. Some microtube experiments also 
show that the boundary layer thickness is inversely proportional 
to the pressure gradient. This leads to the phenomenon of low- 
velocity nonlinear flow in matrix (Wang et al., 2025a). The sche
matic diagram of the typical low-velocity nonlinear flow  curve 
used in this work is depicted in Fig. 2 (Song et al., 2019). The fluid 
in the OA segment does not flow. The fluid in the AD segment flows 
slowly, and the subsequent segment is a straight line. The value of 
point A is regarded as true threshold pressure gradient (TPG). Point 

Table 2 
The properties of each pseudo-component.

Pseudo-component Tc, ◦R Pc, psi mw, g/mol Acentric factor Vc, m3/mol Parachor

CO2 547.56 1069.86 44.01 0.225 9.4 × 10− 5 78
N2 227.16 492.31 28.01 0.04 8.95 × 10− 5 41
C1 343.08 667.19 16.04 0.008 9.9 × 10− 5 77
C2-C5 494.53 536.40 52.02 0.1723 2.29 × 10− 4 171.07
C6-C10 789.62 368.57 103.01 0.2839 3.94 × 10− 4 297.42
C11+ 1332.52 257.91 267.15 0.6716 8.87 × 10− 4 661.45

Table 3 
Binary interaction parameters for oil components.

Component CO2 N2 C1 C2–C5 C6–C10 C11+

CO2 0 0.02 0.103 0.1299 0.15 0.15
N2 0.02 0 0.031 0.082 0.12 0.12
C1 0.103 0.031 0 0.0174 0.0462 0.111
C2–C5 0.1299 0.082 0.0174 0 0.0073 0.0444
C6–C10 0.15 0.12 0.0462 0.073 0 0.0162
C11+ 0.15 0.12 0.111 0.0444 0.0162 0
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B is the intersection of the reverse extension of the straight-line 
segment and the x-axis. The value of point B is regarded as the 
pseudo TPG.

The low-velocity nonlinear flow equation is adopted from our 
previous work (Xu et al., 2025b). 

vκ;m =0 ∇pκ;m <G

vκ;m = −
kκ;m
μκ

(
∇pκ;m − G

)(
1 − δrD − δiDe− cφ(|∇p|− G)

)4
∇pκ;m ≥G

(3) 

The matrix stress sensitivity adopts traditional exponential 
empirical formula as Eq. (4). 

km = kmi × eγ(pm − pmi) (4) 

Fluid flow in hydraulic fracture follows Darcy flow. 

vκ;hf = −
kκ;hf

μκ
∇pκ;hf (5) 

To consider fracture stress sensitivity characteristics, the con
ductivity attenuation model is used from our previous work (Xu 
et al., 2025b). 

Fc = Fci

(
ηie

− C(σh− p) + ηr

)
(6) 

In addition, some other constraints are listed as follows. 

So + Sg + Sw = 1
∑Nc

i=1
xi = 1

∑Nc

i=1
yi = 1

∑Nc

i=1
zi = 1

(7) 

The oil and gas properties are calculated based on the 
vapor–liquid equilibrium (VLE) calculation. VLE calculation in
cludes phase stability test and flash  calculation. The traditional 
Peaceman-type well model is adopted to control well schedule.

2.2. Meshing and model solving based on EDFM

Fig. 3 shows different method for dealing with complex frac
tures. The advantages and disadvantages are listed in Table 1. 
Compared to dual-continuum, local grid refinement  and discrete 

Fig. 12. (a) is the staggered well pattern. (b) (c) are the cumulative oil production and reservoir pressure comparison between different injection fluid.

Table 4 
Cumulative oil production comparison between different injection fluid.

Injection fluid Cumulative oil production, × 104 m3

CO2 35.16
N2 0.02
CH4 0.15
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fracture models, EDFM can provide similar accuracy to DFM by 
explicitly embedding each fracture as a lower-dimensional object 
within a simple matrix grid. It avoids the meshing burden of LGR or 
DFM and flow error in dual continuous media. The workload of 
mesh generation is significantly reduced to the level of basic 
structured meshes. This non-embedded approach grants unlimited 
flexibility in orientation and network complexity. Thus, EDFM is 
very suitable for fracture parameter optimization in heterogeneous 
reservoirs. EDFM keeps computational cost near the dual- 
continuum level while preserving high-resolution fracture physics. 
The other three methods cannot simultaneously achieve a balance 
between accuracy, flexibility, and mesh generation efficiency.

The EDFM meshing method is applied here (Feng et al., 2020). 
As shown in Fig. 4, fractures are added to the reservoir in a non- 
invasive way. This technique treats both the matrix and fracture 
grids as cells. When a fracture penetrates some matrix cells, the 

fracture is divided into segments (fracture cells) by the matrix cell 
boundaries. Then the non-neighboring connections (NNCs) are 
defined to permit fluid transport between physically linked cells 
(Xu et al., 2022). Fig. 4 describes three types of NNCs, i.e. 
fracture–matrix connection, fracture–fracture connection in a 
same fracture, and fracture–fracture connection between different 
intersecting fractures. The total transmissibility can be calculated 
from half transmissibility as Eq. (8) (Lie et al., 2012; Bao et al., 
2017). 

Ti;j =
2TiTj

Ti + Tj
(8) 

where half transmissibility Ti is related with cell permeability ki, 
contact area Ai, and vertical distance from center point to contact 
surface di. As shown in Eq (9). 
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Ti =
kiAi

di
(9) 

To consider low velocity nonlinear flow and stress sensitivity in 
matrix, the half-transmissibility of matrix cell is modified as Eq. 
(10). 

Tmí = 0 ∇pm < G

Tmí = Tmi ×
(

1 − δrD − δiDe− cφ(|∇pm|− G)
)4

× eγ(pm − pm0) ∇pm ≥ G

(10) 

To consider fracture stress sensitivity, the half-transmissibility 
of fracture cell is revised as Eq. (11). 

Tf í = Tfi ×
(

ηie
− C(σh − p) + ηr

)
(11) 

The discretization of the multi-phase multi-component flow 
equation adopts finite volume method. In each time step, the Ja
cobian matrix is assembled by automatic differentiation. Then, the 

nonlinear equations are iteratively solved using the Newton iter
ation method. More details can be found in our previous work (Ren 
et al., 2018; Xu et al., 2021).

2.3. Model validation and mesh sensitivity analysis

A compositional model is built using our 3D-EDFM and 
commercial compositional simulator (CMG-GEM), respectively. 
The physical model is shown in Fig. 5(a). The reservoir size is 
600 m × 600 m × 45.7 m. A single hydraulically fractured well in 
the middle of two sealing barriers, which are basically two 
vertical fractures with very low fracture conductivity values. The 
matrix porosity is 0.16. The matrix permeability is 
0.1 ×10− 3 μm2. Fracture aperture is 3 mm. Fracture permeability 
is 50 μm2. The half-length is 107 m. The sealing barriers 
permeability is 1 × 10− 9 μm2. A three-component mixture of 
methane (C1), ethane (C2), and propane (C3) at mole fractions of 
0.991, 0.0088, and 0.0002, respectively, is adopted. The binary 

Fig. 15. (a) is the reservoir pressure coefficient. (b) is the dynamic curve of gas oil ratio. (c) (d) are the dynamic curve and value of cumulative oil production.

Table 5 
Cumulative oil production comparison between different CO2 injection rate.

Injection rate, × 104 m3/d 0.4 0.6 0.83 1 1.3 1.5 1.6 1.7 1.8
Cumulative oil production, × 104 m3 2.50 2.86 2.99 3.07 3.14 3.171 3.17 3.168 3.15
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interaction matrix includes mat (1, 2) = 0.005, mat (1, 3) = 0.01, 
mat (2, 3) = 0.005. Initial reservoir pressure is 39.3 MPa. Well 
bottom hole pressure is set as 9.7 MPa. After one month pro
duction. The pressure fields  are drawn in Fig. 5(b) and (c). The 
sealing barrier has a significant  impact on pressure field. Fig. 6
compares the gas production rate and cumulative gas produc
tion between EDFM and CMG-GEM. The gas production perfor
mance of our 3D-EDFM matches well with commercial reservoir 
simulator.

Furthermore, the mesh sensitivity analysis is conducted based 
on the validation case. The matrix grid size is changed to evaluate 
the pressure field and production performance. As shown in Fig. 7, 
when the mesh size is 30 m, the pressure field  exhibited some 
oscillations. As the mesh size decreases, the pressure field  be
comes more stable. Fig. 8(a) compares the gas production rate of 
different mesh size. A larger grid size primarily affects the initial 
daily gas production. As shown in Fig. 8(b) and (c), as the mesh size 
increases, the cumulative gas production gradually decreases and 
tends to stabilize. The calculation error gradually decreases, but 
the computational cost gradually increases. Therefore, the rec
ommended mesh size is 10 m.

2.4. Field application of the 3D EDFM

The 3D EDFM is first applied to history matching and prediction 
of a fractured vertical well, BZC1. Reservoir model size within the 
control area of a single well is set as 200 m × 200 m. Reservoir 
thickness is 40 m. Both the horizontal and vertical grid size are 
4 m. The upper and lower layers limit the fracture height to 40 m. 
As shown in Fig. 9(a), the hydraulic fracture tips are considered to 
be elliptical. At present, guar fracturing fluid  is usually used in 

offshore fracturing. Due to high viscosity of the fracturing fluid, the 
proppants settle slowly and have a long suspension time. After the 
fracture is closed, the height of the sand bank formed at the bot
tom of the fracture is small. Thus, the initial fracture conductivity 
distribution is shown in Fig. 9(b). The sand bank at the bottom of 
the fracture has the highest conductivity. In the suspended prop
pant part, the initial fracture conductivity gradually decreases 
from the wellbore to the fracture tip.

There are 6 pseudo-components in the BZC1 model. As shown 
in Table 2, the properties of each pseudo-component including 
critical temperature (Tc), critical pressure (Pc), molar weight (mw), 
acentric factor, critical volume (Vc), and Parachor coefficient. Initial 
mole fraction is sequentially set as 0.01183, 0.00161, 0.11541, 
0.26438, 0.38089, 0.22588. The binary interaction parameters 
between each pseudo-component are listed in Table 3. In this way, 
the fluid  properties are calculated using the Peng-Robinson EOS 
and flash calculations.

Fig. 10 depicts different field  comparison of production and 
CO2/N2 injection stages. In the production stage, due to the frac
ture conductivity distribution, both the pressure (Fig. 10(a)) and oil 
saturation (Fig. 10(b)) near the wellbore are lower than those 
around the fracture tip. In the gas huff-n-puff stage, due to the 
dissolution and diffusion of CO2, CO2 can flow farther than N2. 
Therefore, after CO2 injection, the pressure around hydraulic 
fracture is lower than that N2 injection (Fig. 10(c) and (e)). For the 
oil saturation comparison, N2 will push oil away from fracture. 
Thus, the oil saturation is lower around hydraulic fracture. While 
CO2 is more soluble and has a diffusive effect. The oil saturation 
after CO2 injection is higher than that after N2 injection.

As shown in Fig. 11, BZC1 well is first  history matched with 
actual field  production data within 285 days. Then CO2 and N2 
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huff-n-puff are conducted. The actual well bottom hole pressure 
(BHP) is applied as described in Fig. 11(a). The oil daily production 
and the cumulative oil production performance are depicted in 
Fig. 11(b) and (c), respectively. Our simulator matched well with 
the actual field data. It demonstrated good results in field appli
cation. Furthermore, from the perspective of production dynamics, 
single well depletion production has a rapid decline in production. 
Therefore, energy needs to be supplemented in the later stage.

In the gas huff-n-puff stage. Both CO2 and N2 can significantly 
increase oil recovery. In the first huff-puff cycle, N2 increases cu
mulative oil production by 3.46% compared to CO2. Because N2 
replenishes more reservoir energy (pressure) than CO2. In subse
quent huff-n-puff cycles, the dissolution and diffusion effects 
make CO2 have a wider impact area. The production increase effect 
of N2 huff-n-puff is mainly in the first two cycles. While the pro
duction increase effect of the third cycle of CO2 huff-n-puff is still 
significant.  CO2 increases total cumulative oil production by 
22.58% compared to N2.

2.5. Optimization of injection fluid, rate and timing

Offshore reservoir operation costs are high. The economic 
benefits of daily oil production at high water cut/gas oil ratio may 

be difficult to sustain daily costs. Therefore, the objective function J 
is used cumulative oil production at a certain water cut/gas oil 
ratio. As shown in Eq. (12). 

J(u)=Np at
{

fw = C
Rs = C

(12) 

The optimization variables u include injection fluid,  rate and 
timing (i.e. start time of injection). The injection fluid  includes 
water, CO2 and N2. Injection rate optimization is to solve the prob
lem of whether the reservoir pressure can be reasonably main
tained. If the injection rate is high, the water/gas breakthrough will 
occur earlier, which will lead to a decrease in cumulative oil pro
duction. If the injection rate is low, the energy supply to the oil well 
will be insufficient, which will also lead to a decrease in cumulative 
oil production. Injection timing is to solve the problem of how high 
the reservoir pressure should be maintained. If the reservoir pres
sure is high, the injection capacity of the injection well will be 
limited, thereby limiting the oil well supply pressure difference. If 
the reservoir pressure is low, the matrix stress sensitivity is strong, 
which makes it difficult to supply energy to the oil well. Especially 
for CO2 injection, miscibility plays a major role in development. If 
the reservoir pressure is low, the CO2 miscibility is low, which will 
reduce the displacement efficiency.
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To ensure that the optimization problem is close to the actual 
field  situation (Liu et al., 2018), the upper and lower limit con
straints are utilized. As listed in Eq. (13): 

s:t: xmin
i ≤ui ≤ xmax

i

(
ui = qinj; tinj

)
(13) 

3. Results and discussion

3.1. Injection fluid selection

The staggered well pattern is the most recommended well 
pattern. It is used as the basic model here (Fig. 12(a)). Model pa
rameters are adopted from the history matching case in Section 
2.4. The initial reservoir pressure is 38 MPa. The injection rate 
under underground conditions is 20 m3/d. The production well 
BHP is 30 MPa. As shown in Fig. 12(b), CO2 flooding increases the 
cumulative oil production by 35.7% compared to H2O flooding and 
by 54.0% compared to N2 flooding (Table 4). After ~600 days pro
duction, the N2 displacement front reaches the production well 
and gas channeling occurs. After that, N2 flooding  is unlikely to 
further increase oil production. Because H2O has a greater vis
cosity than N2, the fingering phenomenon is weaker and the 
sweep efficiency is larger. Therefore, the development effect of CO2 
is better than N2. While for CO2, it has a good dissolution and 
diffusion mechanism. Thus, CO2 has a significant  effect of 
increasing energy and reducing viscosity. As shown in Fig. 12(c), 

before gas breakthrough, the reservoir pressure changes in the 
same way, due to the same injected fluid volume. After that, the 
reservoir pressure of N2 flooding  drops fastest, followed by CO2 
and H2O. From the perspective of development effect and main
taining reservoir pressure, we recommend CO2 and water as in
jection fluid.

In actual offshore water and gas injection operations, it is 
usually necessary to consider the injection capacity and injection 
water quality. Fig. 13(a) shows the comparison of pseudo TPG 
measured under different displacement fluids. The displacement 
methods including single-phase oil flow, gas displacement of oil 
and water displacement of oil. As the matrix permeability de
creases, especially when it is less than 4.2 × 10− 3 μm2, the pseudo 
TPG of different displacement fluids  will gradually increase. The 
pseudo-TPG variation trend of water displacing or single-phase oil 
flow  is approximate. Furthermore, the pseudo TPG of water- 
displacing or single-phase oil flow  is significantly  higher than 
that of gas-displacing. Fig. 13(b) draws the relationship between 
matrix permeability and average pore throat radius in target 
reservoir. As the average pore throat radius increases, the matrix 
permeability increases significantly  first  and then increases 
slowly. According to the target reservoir injection water quality 
indicators, the median diameter of suspended particles is < 1 μm. 
According to the 1/3 principle, if the median diameter of the 
suspended particles is 1 μm, the radius of the pore throat without 
blockage is 1.5 μm. For our target reservoir, the corresponding 
matrix permeability is 4.3 × 10− 3 μm2 (Fig. 12(b)). To sum up, for 
reservoirs with a permeability below 5 × 10− 3 μm2, if the miscible 
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pressure is met, CO2 flooding is recommended. For reservoirs with 
a permeability above 5 × 10− 3 μm2, water injection is recom
mended in the early stage, and CO2 flooding  can be switched to 
further improve the oil recovery.

3.2. Injection rate optimization

3.2.1. Injection rate optimization of CO2 flooding
Injection rate determines whether the reservoir pressure can 

be reasonably maintained. CO2 miscibility is the main factor 
affecting CO2 flooding development (Sæle et al., 2022). The stag
gered well pattern model is used. The matrix permeability is set as 
3 × 10− 3 μm2. As shown in Fig. 14(a) and b, if the CO2 injection rate 
is 0.4 × 104 m3/d, the reservoir pressure coefficient around injec
tion well is ~1.07. While when the CO2 injection rate increase to 
1.5 × 104 m3/d, the reservoir pressure coefficient around injection 
well will increase to ~1.2. High pressure brings high miscibility. 
The high miscibility brings the high displacement efficiency. As 
shown in Fig. 14(c) and (d), after 1.2 years flooding,  the oil satu
ration at an injection rate of 1.5 ×104 m3/d is lower than that at an 
injection rate of 0.4 × 104 m3/d. However, the injection rate is not 
the higher the better. The high injection rate will lead to severe gas 
fingering. As shown in Fig. 14(e) and (f), after 2.4 years injection, 
the oil saturation distribution shows that the displacement is more 
uniform when the injection rate is 0.4 × 104 m3/d than when the 
injection rate is 1.5 × 104 m3/d. Therefore, the sweep efficiency is 
relatively larger at low injection rate.

To quantitatively evaluate the optimal CO2 injection rate, the 
dynamic curves of reservoir pressure, gas oil ratio (GOR), and cu
mulative oil production are compared in Fig. 15. Before gas 
breakthrough, high injection rate increases reservoir pressure and 
improves CO2 miscibility (Fig. 15(a)). However, it will lead to 

earlier gas production in production wells and faster GOR increase. 
When the injection rate is 1 ×104 m3/d, the gas breakthrough time 
is 3.57 years. When the injection rate is increased to 1.7 × 104 m3/ 
d, the gas breakthrough time is advanced by 31.7%. Meanwhile, the 
slope of the gas-oil ratio rising curve increased by ~65%. Higher 
GOR will not be able to meet the high cost of offshore daily 
operation. Therefore, the objective function uses the cumulative 
oil production when the gas-oil ratio is 8000 m3/m3. The dynamic 
curve and the final  value of cumulative oil production are 
described in Fig. 15(c) and (d), respectively. The cumulative oil 
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production first increases and then slowly decreases (Table 5). The 
optimal CO2 injection rate is 1.5 × 104 m3/d.

3.2.2. Injection rate optimization of H2O flooding
The physical model is also shown as Fig. 12(a). The matrix 

permeability of 15 × 10− 3 μm2 is selected as a typical example. 
Fig. 16(a) and (b) compared the pressure field under different in
jection rate after 300 days development. The high-pressure area of 
35 m3/d is larger than that of 15 m3/d. The corresponding pressure 
gradient field is depicted in Fig. 16(c) and (d). For the injection rate 
of 15 m3/d, the high-pressure gradient area formed at the injection 
front has not yet reached the production well after 300 days 
flooding. While for the injection rate of 35 m3/d, the high-pressure 
gradient area is concentrated around the production well. The 
production well is well affected.

To quantitatively evaluate the optimal H2O injection rate, the 
dynamic curves of reservoir pressure, water cut, and cumulative 
oil production are compared in Fig. 17. To quantitatively evaluate 
the effectiveness of the pressure system, the ratio of the area 
where the pressure gradient is greater than the true TPG is defined. 
The larger the ratio, the better the effect of water injection 
displacement. Fig. 17(a) shows that as time goes by, the ratio 
gradually increases to 1. It means that the entire injection- 
production unit achieved effective displacement. Furthermore, as 
the water injection rate increases, the effective displacement 
pressure system is established earlier. When the injection rate is 

30 m3/d, the full establishment time is 59% earlier than that of 
10 m3/d. However, the larger the injection rate, the earlier the 
water breakthrough, and the more serious the ineffective water 
circulation will be. As shown in Fig. 17(b), the water breakthrough 
time for 20 m3/d injection rate is 1950 days. While the water 
breakthrough time of 30 m3/d is 1100 days, which is 43.6% earlier. 
The water cut of 80% is set as the stop condition. Then the dynamic 
curve and final  value of cumulative oil production is draw in 
Fig. 17(c) and (d), respectively. As the injection rate increases, the 
production well will be effective earlier. The cumulative oil pro
duction will increase faster. However, the critical water cut (80%) 
will also be reached earlier. Therefore, as the injection rate in
creases, the cumulative oil production increases significantly first, 
and then decreases slowly.

We compared the effect of nonlinear flow  on injection rate 
optimization. Fig. 18(a) and (b) compared the pressure field  be
tween darcy flow and low-velocity nonlinear flow under 20 m3/ 
d injection rate after 300 days production. Compared with the Darcy 
flow, when considering low-velocity nonlinear flow, the fluid flows 
more slowly under the same pressure difference. Due to the con
stant injection rate, the pressure field around injection well is higher 
with low-velocity nonlinear flow  (Fig. 18(b)). Fig. 18(c) and (d) 
compared the pressure gradient field.  In Darcy flow, the high- 
pressure gradient area at the water flooding front advances faster.

The injection rate is selected near the optimal value, i.e. from 
16 m3/d to 26 m3/d, with an interval of 2 m3/d. As shown in 
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Fig. 19(a) and (d), with the same injection rate, when low-velocity 
nonlinear flow is considered, the water breakthrough time is 
delayed by about 30 days. Because the water flows more slowly. 
Since the oil flow velocity is also low, the cumulative oil produc
tion is reduced by 100–600 m3. The optimal injection rate for the 
Darcy flow is 18 m3/d. While the optimal injection rate for the low- 
velocity nonlinear flow is 20 m3/d, representing an 11.1% increase.

To guide new reservoir blocks, the optimization for different 
matrix permeability model is conducted. The optimal curve is 
depicted in Fig. 20. As the matrix permeability decreases, the 
optimal injection rate gradually decreases. The optimal injection 
rate considering low-velocity nonlinear flow  is higher than that 
with the Darcy flow. The lower the matrix permeability, the more 
significant  the low-velocity nonlinear flow  phenomenon is, and 
the greater the difference in the optimal injection rate is.

3.3. Injection timing optimization

3.3.1. Injection timing optimization of CO2 flooding
Injection timing determines reservoir pressure. For CO2 flood

ing, miscibility plays a more significant  role than matrix stress 
sensitivity. If the reservoir pressure is low, the CO2 miscibility is 
low, which will reduce the displacement efficiency. The basic 
model is adopted from section 3.2.1. The initial reservoir pressure 
is set 25 MPa. While the minimum miscibility pressure (MMP) is 

35 MPa. Since the initial reservoir pressure is lower than the 
miscible pressure, we inject CO2 in advance to make the reservoir 
pressure reach different levels. The pressure coefficient  (λ) in
cludes 1.8, 1.5, 1.4, 1.2, 1.0. The entire five-point  well group is 
established. Fig. 21 depicts the oil saturation and total CO2 mole 
fraction distribution field with different pressure coefficient after 
13.5 years production. As the injection timing is advanced, the 
reservoir pressure coefficient  (λ) gradually increases. As a result, 
the miscibility of CO2 and crude oil is higher, the residual oil 
saturation around the injection well is lower in Fig. 21(c). The area 
with low residual oil saturation is larger. Meanwhile, the total CO2 
mole fraction is higher (Fig. 21(f)).

Furthermore, we quantitatively evaluate the development ef
fect. Fig. 22(a) shows the cumulative oil production over time. 
Before gas breakthrough, due to the same injection rate, the 
growth rate of cumulative oil production is almost the same. 
However, the gas breakthrough occurs earlier with lower λ. The 
breakthrough time with λ = 1 is 12 years, while the breakthrough 
time with λ = 1.8 is 14 years. After gas breakthrough, the growth 
rate of cumulative oil production significant  decline. Fig. 22(b) 
depicts the reservoir pressure coefficient  curves. Due to the 
dissolution and miscibility of CO2, although the injection and 
production are balanced, the pressure coefficient  gradually de
creases. After gas breakthrough, the pressure drops faster. Pressure 
coefficient is relative to the initial reservoir pressure. Development 

Fig. 22. Comparison of development effects under different reservoir pressure. Cumulative oil production versus time (a) and multiple of MMP (c). (b) The reservoir pressure 
coefficient. (d) The recommended multiple of MMP.
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effect is strongly related to MMP. Therefore, λ = 1.8, 1.5, 1.4, 1.2, 1.0 
equals to 1.3. 1.1, 1.0, 0.9, 0.8 multiple of the MMP. The cumulative 
oil production versus the multiple of MMP is drawn in Fig. 18(c) 
With the increase of the multiple of MMP, the cumulative oil 
production first increases significantly and then decreases slowly. 
As the pressure increases, the oil displacement efficiency is high. 
However, if the pressure increases further, gas channeling will 
reduce the production. The optimal value of the multiple of MMP is 
1.1. The optimal values under different matrix permeability are 
investigated (Fig. 22(d)). As the matrix permeability increases, the 
optimal value gradually increases and then slows down.

3.3.2. Injection timing optimization of H2O flooding
In waterflooding case, the reference reservoir pressure is set as 

32 MPa. Matrix permeability is 5 × 10− 3 μm2. We investigate the 
displacement performance under different reservoir pressures. 
Fig. 23 compares the pressure gradient and pressure field  under 
different λ. For λ = 0.83 (Fig. 23(a)–(c)). After 200 days displace
ment, the pressure and pressure gradient around the injection well 
are high and expand towards the production well in a fan shape. 
When the pressure gradient is greater than the true TPG, the oil 
could be effectively displaced. The effective displacement area is 
defined as the area where the pressure gradient is greater than the 
true TPG. Due to low reservoir pressure, the effect of matrix stress 
sensitivity is strong. The effective displacement area is only half of 
the total area. It is difficult to establish an effective displacement 
pressure system. While for λ = 1.52 (Fig. 23(b), (d)), the effect of 

matrix stress sensitivity is weak. The pressure front has reached 
the production well. The effective displacement area occupies the 
entire reservoir unit. It is easier and earlier to establish an effective 
displacement pressure system.

Fig. 24 quantitatively evaluate the production performance. As 
shown in Fig. 24(a), after the effective displacement pressure 
system is established, the cumulative oil production increases 
approximately linearly. While for different pressure coefficient, 
the establishment time of the effective displacement pressure 
system is different. The proportion of the effective displacement 
area is defined as the effective displacement area to the total area. 
Fig. 24(c) quantitatively evaluate the proportion of the effective 
displacement area. When the λ is 1.52, the time required to 
establish an effective displacement pressure system is 200 days. 
While for λ = 0.83, the time is 600 days. Therefore, the effect of 
matrix stress sensitivity significantly  influences  the early pro
duction. For the production after ~3000 days, as the λ increases 
from 0.83 to 1.52, the cumulative oil production first rises and then 
decreases (Fig. 24(b)). Due to the high λ, the effective displacement 
pressure system is established early, leading to an early water 
breakthrough time and severe ineffective water circulation. In this 
case, the λ corresponding to the optimal H2O injection timing is 
1.25. Furthermore, we have also investigated the recommended 
injection timing (λ) under different reservoir permeability. As 
shown in Fig. 24(d), as matrix permeability increases, the pressure 
coefficient corresponding to the recommended optimal water in
jection timing gradually decreases.
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4. Conclusions

We built a compositional reservoir simulation method based on 
3D-EDFM with multiple mechanisms. Then optimal design criterion 
and curve for injection fluid, rate, and timing are obtained. The role of 
low-velocity nonlinear flow, matrix stress sensitivity and CO2 
miscibility on injection rate or timing design cannot be neglected. It is 
recommended to adopt water injection for matrix permeability 
greater than 5 × 10− 3 μm2, and CO2 injection for those with a matrix 
permeability lower than 5 ×10− 3 μm2. As injection rate increase, the 
cumulative oil production first increases and then slowly decreases. 
There exist optimal CO2 and H2O injection rates. In comparison with 
the traditional Darcy flow, the optimal H2O injection rate is higher. 
The maximum difference of optimal injection rate reaches 11.1% with 
matrix permeability of 5 × 10− 3 μm2. As the matrix permeability 
increases, the reservoir pressure (corresponding to optimal CO2 in
jection timing) gradually increases. While the pressure coefficient 
corresponding to the optimal H2O injection timing gradually de
creases. Our proposed 3D-EDFM compositional simulator can serve 
as an effective and reliable tool for injection-production optimization.

CRediT authorship contribution statement

Shi-Qian Xu: Writing – original draft, Investigation, Concep
tualization. Qi-Jun Zeng: Investigation, Formal analysis. Jian- 

Chun Guo: Supervision, Conceptualization. Rong-Hao Cui: 
Writing – review & editing, Conceptualization. Cong Lu: Supervi
sion, Funding acquisition. Wen-Jian Zhou: Software, Formal 
analysis. Qin-Ru Xue: Formal analysis.

Declaration of competing interest

The authors declare that they have no known competing 
financial  interests or personal relationships that could have 
appeared to influence the work reported in this paper.

Acknowledgments

This work was partly supported by the National Natural Science 
Foundation of China (52304045); Natural Science Foundation of 
Sichuan Province (Youth Science Fund Category B) 
(2026NSFSC1333).

Nomenclature

ϕ Porosity
ρ The molar density of phase j, mol/m3

ρo The molar density of oil, mol/m3

ρg The molar density of gas, mol/m3

ρw The molar density of water, mol/m3
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Fig. 24. Comparison of development effects under different reservoir pressure. Cumulative oil production versus time (a) and λ (b). (c) The proportion of effective displacement 
area. (d) The recommended injection timing.
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Sj The fluid saturation of phase j
ωij The proportion of component i in the phase j
Dij Binary diffusion coefficient between component i and j 

in the mixture
t The simulation time, s.
vj Flow velocity of phase j, m/s
qi The sink/source term per unit reservoir volume of each 

component, mol/(m3⋅s)
qinj The injection rate, m3/d
P The fluid pressure, Pa
G The true TPG, Pa/m.
k Matrix permeability, μm2

μ The fluid viscosity, mPa⋅s
δrD Dimensionless residual boundary layer thickness
δiD Dimensionless initial boundary layer thickness
cφ A coefficient of the nonlinear flow
km The dynamic absolute matrix permeability, μm2

kmi The initial absolute matrix permeability, μm2

γ The coefficient of matrix stress sensitivity
pm The dynamic fluid pressure in matrix pore, MPa
pmi The initial fluid pressure in matrix pore, MPa
kκ,hf Fracture permeability of the fluid κ, μm2

Fc The dynamic fracture conductivity, μm2⋅cm
Fci The initial fracture conductivity, μm2⋅cm
ηi The dimensionless attenuation amplitude
ηr The dimensionless residual fracture conductivity
C A coefficient of the fracture conductivity attenuation
xi The molar fraction of composition i in oil phase
yi The molar fraction of composition i gas phase
zi The overall molar fraction of composition i
Ti Half transmissibility of cell i
ki Permeability of cell i
Ai Contact area of cell i
di Vertical distance from center point to contact surface of 

cell i
u The vector containing optimization variables
Np The cumulative oil production
fw The water cut
Rs The gas oil ratio
C A constant value
q The injection rate
tinj The injection timing

Subscript
κ Oil or water
m Matrix
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