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Abstract

The fracturing and driving oil technology used in shale oil provides a new approach for
the development of offshore low-permeability reservoirs. However, the main control role
of technical parameters is unclear, resulting in unsatisfactory accuracy and effectiveness of
the enhanced oil recovery plan. For this reason, this study is based on the production and
process data of five wells in the WZ oilfield. Fuzzy analytic hierarchical process analysis
method (FAHP) was used to evaluate the parameter weights. Combined with numerical
simulation technology, the evaluation results were verified by geological-engineering
integration. The results show that in offshore low-permeability oilfields, the reservoir
pressure coefficient has the greatest influence on the fracturing and oil repelling effect.
The comprehensive weight reaches 0.450 compared to not adopting hydraulic fracturing
oil displacement technology. This improves the recovery rate by 10.19% in 5 years. The
surfactant concentration and the residual oil saturation of the reservoir rank are second,
with a comprehensive weight of 0.219. Finally is the effective thickness of the reservoir,
with a comprehensive weight of 0.113. In this study, the key parameters of fracturing and
oil repelling in offshore low-permeability reservoirs are clarified. It provides theoretical
basis and practical support for improving the success rate of well selection, layer selection
and recovery capacity.

Keywords: low-permeability reservoirs; fracturing and driving oil; enhance oil recovery;
control parameter; fuzzy analytic hierarchy process

1. Introduction
Offshore low-permeability reservoirs with development potential have permeabilities

ranging from 5 to 50 mD. This type of reservoir has complex pore connectivity, low water
flooding recovery rate, and difficulty in extracting crude oil [1,2]. It is restricted by the
offshore production well network. Relying solely on hydraulic fracturing technology
cannot solve the problem of rapid short-term decline in production [3]. The same problem
exists in the process of shale oil extraction. Integrated fracturing and driving oil technology
has been proposed. It is considered an important way to achieve economies of scale in the
development of low-permeability and ultra-low-permeability oil resources [4–6]. It has been
proved through experiments that the use of surfactants as oil repellents is effective. It can
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effectively reduce the reservoir seepage resistance, improving reservoir water absorption
capacity and oil recovery efficiency [5]. The surfactant fracturing fluid system does not
contain polymer macromolecules. Good oil displacement effect can effectively reduce the
consumption of water resources [7,8].

Pressure drive technology changes the permeability of reservoirs by forming cracks.
However, it is difficult to determine the fracture properties of low-permeability reservoirs.
It will cause significant differences in the permeability of oil reservoirs through pressure
flooding transformation [9]. The impact of reservoir heterogeneity on oil production has
been clarified by constructing heterogeneous permeability parameters of the reservoir [10]
based on discrete fracture model and black oil numerical model. A study on the influence
of different water injection and discharge volumes on the fracture extension pattern was
carried out [11] according to the theory of seepage and the law of crack extension. A
pressure driven model was established. Real-time coupling of fracture propagation process
and reservoir seepage process has been achieved [12]. Targeted research has been conducted
on the critical pressure of crack propagation using pressure flooding technology. By
combining visualization methods, the evolution law of pressure-driven fractures was
studied [13].

Offshore fracking for oil recovery is based on a single well to achieve injection and
extraction, firstly using fracturing fluid to create multiple fractures in the formation. This
improves the crude oil flow capacity. Then, the oil repellent enters the formation driven by
the fracturing fluid. The crude oil is separated in larger fractures and pores using altered
rock wettability. It enters microcracks and small pores through the percolation of capillary
force, displacing the crude oil. Finally, oil is extracted from the formation through suction
or formation backflow. At the same time, the fracturing fluid continues to play the role of
seepage-absorption and drainage after completing the fracturing work. This ensures that
the fracturing energy is maximized [14,15]. Therefore, the effect of increasing production
directly affects the ability of fracturing fluid and oil displacement agent to return from the
formation. The return ability of fracturing fluid and oil displacement agent is poor, and the
working time needs to be extended, resulting in poor production increase and inability to
achieve sustained improvement in oil production efficiency. A large amount of practice has
proven that fracturing and oil displacement process parameters are important factors in
improving oil recovery efficiency [14].

Optimization of fracturing and oil recovery parameters is also crucial for the produc-
tion of low-permeability reservoirs in offshore areas. The parameters for fracturing and oil
displacement in low-permeability reservoirs are not clear. The fracturing oil displacement
process is complex, and there is a nonlinear relationship between parameters, resulting
in poor recovery efficiency. Parameters involve both quantitative indicators (such as oil
increase and cost) and qualitative indicators (such as safety). With the development of
artificial intelligence technology, the agents can use additional global state information
to guide training in a centralized way and make their own decisions only based on de-
centralized local policies [16]. In recent years, big data analytics based on algorithms has
achieved significant progress in the field of petroleum engineering. AI-driven modeling
integrates multi-source data, addressing the issues of low efficiency and strong subjectivity
in traditional reservoir modeling [17,18]. Artificial intelligence models (such as ANN and
SVM) are used for production forecasting, equipment fault diagnosis, and dynamic pro-
duction adjustment, achieving cost reduction and efficiency improvement [19,20]. Machine
learning methods optimize drilling parameters through real-time data analysis, predict
drilling risks, and enhance drilling safety and efficiency [21]. By combining IoT and real-
time data, Monte Carlo simulation and Bayesian networks are applied in risk analysis to
achieve dynamic adjustment of exploration strategies and uncertainty analysis, improving
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exploration success rates [22,23]. Meanwhile, artificial intelligence technology is widely
applied in petroleum data management, enhancing data security, real-time decision making,
and automation levels [24]. FAHP, as a mature multi-criteria decision-making method,
has unique advantages in parameter weight allocation and uncertainty handling. It can
build a more robust and interpretable intelligent decision-making system. The mainstream
artificial intelligence methods in current petroleum engineering are concentrated in fields
such as machine learning and deep learning. FAHP, as an auxiliary decision-making tool,
has complementary value in complex multi-criteria decision-making scenarios. Especially
when dealing with unstructured and fuzzy data, it can enhance the interpretability and
reliability of artificial intelligence systems. FAHP has significant advantages in such issues.
FAHP is able to weigh and compare these different types and dimensions of indicators
within the same framework. By using expert scoring to process it uniformly, a compre-
hensive evaluation result is ultimately obtained. It can provide a transparent, structured,
and repeatable decision-making process. All judgment criteria and weight allocations are
recorded. The final recommended parameter combination is more convincing.

This study is based on the process and production data of five fracturing and driving
oil wells in WZ oilfield. Fuzzy analytic hierarchical process analysis method (FAHP) was
adopted. By calculating the weights of parameters, the evaluation of key parameters is
completed. Combined with the numerical simulation method, the results were verified
by geological-engineering integration. This study provides a rapid evaluation method
for the complex parameters of offshore fracturing and oil driving technology. It improves
the efficiency and success probability of selecting wells and layers for fracturing and
driving oil.

2. Methods
2.1. Fuzzy Analytic Hierarchy Process

Fuzzy Analytic Hierarchy Process is a decision-making tool that combines fuzzy
mathematics and hierarchical analysis. It is suitable for scenarios where there is uncertain
information or fuzzy evaluation criteria. It helps decision makers to make more reasonable
choices in complex environments by transforming qualitative problems into quantitative
analyses. FAHP takes into account the ambiguity of human beings in expressing their
judgement in comparing results. This study refers to the case of fuzzy mathematics in
complex engineering [25].

1. Establishment of hierarchical structure and fuzzy judgement matrix. Decompose
the problem into several levels. Layer 1 is the general objective layer. The middle layer can
be divided into the objective layer (criterion layer), sector layer (sub-criterion layer), etc.,
according to the nature of the problem. The bottom layer is the programme layer.

According to the classification of each layer, we compare and construct a fuzzy judg-
ment matrix, X, which is shown in Equation (1).

X =
(

xij

)
n×n

=


x11 x12 . . . x1n

x21 x22 . . . x2n
...

...
...

xn1 xn2 . . . xnn

 (1)

xij =
(

lij, mij, nij

)
, lij, mij, nij represents the lower limit, median, upper limit of the

fuzzy number in the fuzzy hierarchical analysis method, respectively, which needs to satisfy
xij + xji = 1, mij + mji = 1, nij + nji = 1; matrix order n is the number of elements of the
current target layer.
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2. Calculate the weighting factors. Find the weight factor on the same level from the
higher level to the lower level. Suppose the factors on the current level are A1, A2, . . ., An.
The associated upper level factor is C. Then all the factors A1, A2, . . ., An for the upper
level factor C are compared. The relative importance of aij is obtained. The definition and
explanation are shown in Table 1.

Table 1. Relative importance aij numerical significance.

Relative Importance Definition

0.1 Objective i is more important than objective j in absolute terms
0.2 Goal i is significantly more important than goal j
0.3 Goal i is more important than goal j
0.4 Goal i is slightly more important than goal j
0.5 Goal i is equally important as goal j
0.6 Target j is slightly more important than target i
0.7 Target j is more important than target i
0.8 Goal j is significantly more important than goal i
0.9 Target j is more absolutely important than target i in comparison

Calculate the weight coefficients. Calculate the fuzzy judgement matrix A =
(

aij

)
n×n

and probability matrix K =
(

kij

)
n×n

based on Equations (2)–(4) [26].

aij =

{
1 − sij

2(lij+mij+nij)
, i ̸= j;

1, i = j
(2)

sij = nij − lij (3)

kij =
lij + 4mij + nij

6
(4)

The judgement matrix R and its complementary fuzzy judgement matrix G =
(

gij

)
n×n

are calculated, respectively.
R =

(
rij
)

n×n = KA (5)

gij = 0.5 ×
(
1 + rij − rji

)
(6)

If the matrix G passes the consistency test, then proceed to the next step. If it does not
pass, then readjust G to achieve a satisfactory consistency. Calculate the synthesis matrix
G′ from Equations (7) and (8).

G′ =
(

g′ij
)

n×n
=

 k

∑
a=1

λag(a)
ij

, λa > 0 (7)

k

∑
a=1

λa = 1 (8)

λa denotes the weight coefficient of each expert. Let λa = 1/k. k denotes the number
of experts.
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λa belongs to the standardized vector W = (w1, w2, · · · , wn)
T; the weights w1, w2, · · · , wn

give the order of importance of the factors A1, A2, . . ., An with respect to the upper factor
C. The weight wi can be calculated by Equation (9).

wi =
1
n
− 2

2y
+

1
ny

n

∑
j=1

g′ij (9)

i = 1, 2, · · · , n; y ⩾ (n − 1)/2; this paper takes y = (n − 1)/2.
3. Consistency test. If the matrix G passes the consistency test, the fuzzy judgement

matrix X is also considered to meet the consistency. Consistency test steps with hierarchical
analysis method (AHP). Calculate the consistency ratio CR according to Equation (10),
when n = 2 and 3 in Equation (10); the stochastic consistency indexes RI are 0 and 0.58.
When CR < 0.1, it is considered that G has passed the consistency test.{

CR = CI / RI
CI = λmax−n

n−1
(10)

2.2. Reservoir Numerical Simulation

Based on geological and production data of WZ oilfield fracturing and driving oil, the
basic parameters of WZ oilfield model are shown in Table 2. Using the black oil model,
establish a numerical model of the reservoir (Figure 1). The black oil model is one of
the most commonly used and classic models in reservoir numerical simulation. It is a
mathematical model of fluid flow in a two-phase or three-phase porous medium. The
black oil model ignores the complex compositional changes within hydrocarbon systems.
Focus on studying the phase changes and flow between oil, gas, and water. During the
fracturing process, the linear flow dominated by fractures can be clearly captured by the
black oil model, simulating oil seepage into cracks in the matrix [27]. Carry out the analysis
of fracturing drive production capacity. Parameter settings are shown in Table 3. The
fracturing simulation was completed using the Kinetix fracturing module.

Table 2. Ideal model and fracturing oil drive process parameters.

Model Parameters Numerical Value

Formation pressure 32 MPa
Saturation pressure 24.43 MPa

Average depth of reservoir 2955 m
Volume coefficient of stratum crude oil 1.4135

Original dissolved gas–oil ratio 177 m3/m3

Viscosity of formation crude oil 8.3 mPa·s
Density of ground crude oil 0.86 g/cm3

Rock compression coefficient 8.6 × 10−4 MPa−1

Ground temperature gradient 3.86 ◦C/100 m
Stratigraphic Young’s modulus 57 GPa

Poisson’s ratio 0.28
Horizontal Stress Difference 18.2 MPa

Total amount of surface activator injected 12,000 m3

Injection rate of surface activator 400 m3/d
Total amount of fracturing fluid injected 500 m3

Fracturing fluid injection rate 96 m3/d
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Figure 1. Fracturing oil drive model (permeability model) for WZ oilfield. A3, A4, B1, B2, B8 are the
well locations for fracking and oil recovery in WZ oilfield.

Table 3. Fracturing fluid parameter settings.

Fracturing Fluid Displacement
(m3/min)

Volume
(m3)

Water
Consumption

(m3)

Sand Ratio
(kgPA)

Sand
Addition

(kg)

Pumping
Time
(min)

Pre-liquid 0.07 250 225 0 0 3571.43

Sand Carrying Liquid 0.07 250 225 0.4 100 3571.43

Total volume 500 425 Total quality 100

3. Results
3.1. Parameter Evaluation Results

Fuzzy Analytic Hierarchy Process is used to construct a three-level structural hierarchy
of “target layer-criteria layer-indicator layer” (Table 4), combined with the practice of
fracturing and oil removal in offshore low-permeability oilfields. The target layer is the
key parameter of fracturing and oil removal in offshore low-permeability oilfields; the
criterion layer includes the efficiency of fracturing, construction feasibility and economic
cost; the indicator layer includes all the parameters of the evaluation, including the pressure
coefficient (I1), the surfactant concentration (I2), the residual oil saturation (I3) and the
effective thickness (I4). A detailed description is provided in Table 4. It is important to
note that the oil drive efficiency (S1) contains all the parameters; the construction feasibility
(S2) corresponds to the pressure coefficient (I1), and the economic cost (S3) corresponds
to the surfactant concentration (I2). That is, the pressure coefficient (I1) and surfactant
concentration (I2) are repeated evaluation parameters.

Based on the fracturing and driving oil technology and production data of five wells,
compare elements at different levels by scoring with seven development engineers with
over 15 years of experience. Construct fuzzy judgement matrix. To balance the participation
of each engineer, the consensus development conference method was used in this study to
score each parameter, based on Table 1 “Definition of Relative Importance” in the reference
document (0.1 = absolutely important, 0.5 = equally important, 0.9 = absolutely minor).

The fuzzy judgement matrix XT-S for the target layer (T) criteria layer (S) was used
to obtain the importance judgements for S1 (efficiency of fracturing), S2 (construction
feasibility), and S3 (economic cost) (Table 5). The matrix element is

(
lij, mij, nij

)
. S1 is more

important than S2 (0.7, 0.8, 0.9), and S1 is more important than S3 (0.8, 0.9, 1.0). Match the
principle of prioritizing oil recovery efficiency in offshore oilfield development.
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Table 4. Hierarchical structure of fracturing and oil drive in offshore oilfield.

Layer Type Layer Name Included Elements and Description

Target layer (T) Key parameters of fracturing and oil removal
in offshore low-permeability oilfields

Overall objective, overseeing the guideline
and indicator layers.

Criteria layer (S)

Efficiency of Fracturing (S1)
Core criterion, reflecting the ability of the
parameter to enhance crude oil recovery,
corresponding to indicators I1, I2, I3, I4.

Construction feasibility (S2)

Constraints reflecting the impact of the
parameter on construction safety and
operational difficulties, corresponding to the
indicator I1 (fracture formation capacity)

Economic cost (S3)

Constraint criterion reflecting the impact of
the parameter on the construction cost,
corresponding to indicator I2 (surface
activator accounts for more than 30% of the
cost of the fracturing fluid)

Indicator layer (I)

Pressure coefficient (I1) Ratio of formation pressure to fracture
pressure during fracturing, range 0.5~1.0

Surfactant concentration (I2) Mass fraction of surface activator in
fracturing fluid, range 0.1~0.5%

Residual oil saturation (I3) Unused crude oil in the reservoir, range 50%
to 80%

Effective thickness (I4) Reservoir thickness with industrial capacity,
range 5~40 m

Table 5. Fuzzy judgement matrix of target layer (T) to criterion layer (S).

T S1 S2 S3

S1 (0.5, 0.5, 0.5) (0.7, 0.8, 0.9) (0.8, 0.9, 1.0)
S2 (0.1, 0.2, 0.3) (0.5, 0.5, 0.5) (0.6, 0.7, 0.8)
S3 (0.1, 0.2, 0.3) (0.2, 0.3, 0.4) (0.5, 0.5, 0.5)

Fuzzy judgement matrix XS1-I for the criteria layer S1—indicator layer (I1–I4). It can be
seen that the residual oil saturation I3 is the most critical under the driving efficiency. The
specific pressure coefficient I1 is equally important (0.4, 0.5, 0.6). Specific effective thickness
I4 is absolutely important (0.8, 0.9, 1.0) (Table 6). Surfactant concentration I2 is next to the
pressure coefficient and superior to effective thickness. S2 corresponds to I1, and the matrix
is of order 1; XS2-I = (0.5, 0.5, 0.5), and weights are taken directly as 1. S3 corresponds to I2,
and the matrix is of order 1; XS3-I = (0.5, 0.5, 0.5), and weights are taken directly as 1. S3

corresponds to I2, and the matrix is of order 1; XS3-I = (0.5, 0.5, 0.5), and weights are taken
directly as 1.

Table 6. Fuzzy judgement matrix of criterion layer (S1) to indicator layer (I).

S1 I1 I2 I3 I4

I1 (0.5, 0.5, 0.5) (0.6, 0.7, 0.8) (0.4, 0.5, 0.6) (0.7, 0.8, 0.9)
I2 (0.2, 0.3, 0.4) (0.5, 0.5, 0.5) (0.3, 0.4, 0.5) (0.6, 0.7, 0.8)
I3 (0.4, 0.5, 0.6) (0.5, 0.6, 0.7) (0.5, 0.5, 0.5) (0.8, 0.9, 1.0)
I4 (0.1, 0.2, 0.3) (0.2, 0.3, 0.4) (0.0, 0.1, 0.2) (0.5, 0.5, 0.5)
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Weight coefficient calculation and consistency test. We take XS1-I as an example.
According to Equations (2)–(4), obtain AS1-I and KS1-I (Table 7). The judgement matrices R
and G are calculated according to Equations (5) and (6). Obtain GS1-I (Table 8).

Table 7. XS1-I judgement matrix.

AS1-I I1 I2 I3 I4 KS1-I I1 I2 I3 I4

I1 1.000 0.952 0.933 0.976 I1 0.500 0.700 0.500 0.800
I2 0.048 1.000 0.905 0.952 I2 0.300 0.500 0.400 0.700
I3 0.067 0.095 1.000 0.992 I3 0.500 0.600 0.500 0.900
I4 0.024 0.048 0.008 1.000 I4 0.200 0.300 0.100 0.500

Table 8. GS1-I judgement matrix.

GS1-I I1 I2 I3 I4

I1 0.500 0.826 0.490 0.872
I2 0.174 0.500 0.385 0.826
I3 0.510 0.615 0.500 0.956
I4 0.128 0.174 0.044 0.500

According to Equations (7)–(9), the weights of the criterion and indicator layers are
obtained. Since the fracking oil drive parameters I1 and I2 correspond to two guideline
layers, we use the comprehensive weight as the final weight ranking of the parameters.
In this case, the comprehensive weight is the product of the criterion layer weight and
indicator layer weight. Each parameter is summed to the comprehensive weight to cover
all the indicators. And the parameters are ranked in terms of importance (Table 9). The
preferred ranking of all parameters is pressure coefficient (0.450) > surfactant concentration
(0.219) = residual oil saturation (0.219) > effective thickness (0.113).

Table 9. Comprehensive weight of fracturing oil drive parameters.

Criteria Layer Criterion
Layer Weight

Indicator
Layer

Indicator
Layer Weight

Comprehensive
Weight

S1 0.625

I1 0.28 0.175
I2 0.19 0.119
I3 0.35 0.219
I4 0.18 0.113

S2 0.275 I1 1.00 0.275

S3 0.1 I2 1.00 0.100

3.2. Numerical Simulation Results

The pressure coefficient has the highest comprehensive weight and is a key parameter
for measuring the driving force of crude oil production. This significantly reduces interfacial
tension and displaces the remaining oil [28]. Due to the issue of high prices, the reasonable
range of surfactant concentration is 0.1–0.5%. In this range, the higher the concentration,
the better the replacement effect [29]. In order to verify the calculation results, we took
WZ-3 well as an example to analyze the parameters by numerical simulation. The WZ-3
well started to produce oil from June 2015. By January 2021 production was stopped
due to insufficient production. The recovery rate is 17%. We used the same process and
parameters. The surfactant concentration is 0.3% [30]. Under different reservoir conditions,
the analysis of fracturing oil repellent effect was carried out.
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Under the same reservoir thickness, the higher the pressure coefficient, the larger
the fracture length formed (Figure 2). Reservoir permeability below 10 mD has a greater
effect on the fracture length. As the permeability increases, the crack length increases.
Reservoir permeability greater than 10 mD has an effect on the crack length. But the degree
of influence becomes lower. As the permeability increases, the crack length becomes larger
(Figure 3). This also shows that in reservoirs with permeability less than 10 mD, fracturing
to drive oil has a high potential to increase oil production.

 

Figure 2. Change of fracture with different permeability under different pressure coefficients.

 

Figure 3. Characteristics of pressure-driven fracture length under different pressure coefficients,
permeability and effective thickness conditions (red: effective thickness of formation is 5 m; blue:
effective thickness of formation is 40 m).
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But the larger the effective thickness of the reservoir, the shorter the fracture length
(Figure 3). This is due to the fact that the amount of replacement fluid for fracturing and
driving oil is certain. As the thickness of the reservoir increases, the cracks formed expand
vertically, reducing the lateral extension ability of cracks. Therefore, its ability to influence
oil and gas production is relatively low. It is consistent with the calculation results of the
influence weight.

There are significant differences in the effect of increasing production capacity under
different pressure coefficients. The higher the pressure coefficient, the higher the recovery
rate (Figure 4). But the increase in recovery rate gradually decreases. Under the condition
of pressure coefficient of 1, the highest production rate was achieved after 5 years of the
implementation of the fracturing and oil driving process. The recovery rate is 4.86% higher
than the reservoir with a pressure coefficient of 0.5, relative to no fracturing and driving oil
process. It takes 5 years to improve the recovery rate of 10.19%.

 
Figure 4. Simulation results of fracturing and driving oil under different pressure coefficients.

Under the same process, the pressure coefficient is 1, and the effective thickness of
the formation is 5 m. With the increase in oil saturation, the earlier the oil is produced,
the higher the final recovery rate (Figure 5). Five years after the implementation of the
fracturing and driving oil process, 80% oil saturation has a 2.17% higher recovery rate than
50% oil saturation (Figure 6).

 
Figure 5. Simulation results of fracturing and oil driving with different permeability ((a): 50% oil
saturation; (b): 60% oil saturation; (c): 70% oil saturation; (d): 80% oil saturation).
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Figure 6. Simulation results of fracturing and oil driving under different oil saturation conditions.

4. Discussion
In this study, the fuzzy hierarchy analysis method (FAHP) is combined with numerical

simulation. The relative importance of several key parameters of fracturing and oil driving
effect in offshore low-permeability reservoirs is ranked as follows: reservoir pressure coeffi-
cient, surfactant concentration, residual oil saturation, and effective reservoir thickness. The
results of this ranking clarified the differential control role of geological and engineering
parameters in the fracturing and driving process.

The reservoir pressure coefficient was identified as the most weighted factor. On the
one hand, low formation pressure can lead to insufficient energy, reducing capacity and
affecting efficiency [31,32]. On the other hand, according to the results of our numerical
simulation, a low pressure coefficient will increase the leakage of fracturing fluid. This leads
to a corresponding decrease in the basic parameters of the fracture obtained by fracturing.
In formations with higher permeability, the fracture formed by the fracturing fluid will be
larger. The greater the effective thickness, the longer the fracture length.

Residual oil saturation and reservoir effective thickness are used as geological parame-
ters. Our study quantifies their influence weights. Residual oil saturation is the material
basis of pressure drive technology. However, its effectiveness strongly depends on the
power and conditions provided by the pressure coefficient and surface activator. And the
effective thickness weight is relatively low. It means that in offshore low-permeability reser-
voirs, the vertical reservoir size is certainly important. However, whether the formation
fracture can effectively communicate the reservoir is more critical. This is consistent with
the understanding of previous studies. For low-permeability reservoirs, the fracture length
is the most important influencing factor [33]. Due to the lack of other wells in the WZ
oilfield that utilize fracturing and oil recovery technology, to verify the effectiveness of
this research method, we conducted an evaluation of the fracturing oil displacement effect
in the adjacent area of WZ oilfield (Table 10). We have selected five wells. The fracturing
and oil recovery parameters of each well are the same as the actual ones. We completed a
5-year production forecast. Consistent with the actual production effect, the average error
is 12.5%.

This study systematically applied FAHP + numerical simulation to evaluate fracturing
and oil recovery parameters in offshore low-permeability reservoirs, combining multi
criteria decision making with geological and engineering validation. Complete the evalua-
tion of key parameters. The results of this study have clear engineering guidance value.
The established key parameters and their weighting system can enrich the field decision
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making. The parameter weighting awareness helps to make a quick economic benefit pre-
assessment. For wells with small effective thicknesses but high pressure coefficients, they
may still have implementation value. Misjudgement based on a single reservoir parameter
is avoided. Although this study employs FAHP and numerical simulation, future work
could integrate machine learning algorithms to further capture non-linear relationships
between parameters and optimize fracturing designs in a data-driven manner. This study
also has some limitations. First, the study is based on data from five wells in the WZ
oilfield. The sample size is limited. The universality of its conclusions needs to be tested
and corrected in more offshore oilfields and application practices. Secondly, although the
FAHP method can effectively deal with complex decision-making problems, it relies to a
certain extent on the experience of experts. In the future, it can be combined with more
machine learning algorithms to use big data to further explore the nonlinear relationship
between parameters.

Table 10. Application effect of FAHP+numerical simulation method in new wells of WZ oilfield.

Well
Name

Pressure
Coeffcient

Surfactant
Concentration (%)

Residual Oil
Saturation (%)

Effective
Thickness (m)

Numerical
Simulation

of Increasing
Oil Volume

(104 m3)

Actual
Increasing

Oil Volume
(104 m3)

Data Error

C1 0.81 0.30% 0.51 12.7 6.6 5.87 11.06%
C2 0.73 0.30% 0.56 41.4 7.78 6.84 12.08%
C3 0.56 0.30% 0.57 23.4 4.24 3.72 12.26%
C4 0.75 0.30% 0.64 33.6 7.87 6.59 16.26%
C5 0.68 0.30% 0.61 25.7 8.14 7.26 10.81%

5. Conclusions
(1) In this study, the weighting order of the four parameters affecting the fracturing

and oil driving effect in offshore low-permeability reservoirs was clarified. That is, reservoir
pressure coefficient (comprehensive weight 0.450), surfactant concentration (comprehensive
weight 0.219), residual oil saturation (comprehensive weight 0.219), and reservoir effective
thickness (comprehensive weight 0.113). Under the condition of pressure coefficient of
1, the highest production rate was achieved after 5 years of the implementation of the
fracturing and oil driving process. The recovery rate is 4.86% higher than the reservoir
with a pressure coefficient of 0.5. The intrinsic energy of the formation is the decisive factor
in determining the effect of enhanced recovery. And the chemical drive efficiency is an
important factor that can be optimized.

(2) The fracturing and driving oil technology can effectively improve the recovery rate
of offshore low-permeability reservoirs. The research has developed a rapid evaluation
method of key parameters based on Fuzzy Analytic Hierarchy Process (FAHP) and nu-
merical simulation validation. It can provide quantitative decision-making basis for the
selection of wells and layers and optimization of construction parameters in offshore low-
permeability reservoirs. Within 5 years, the recovery rate of WZ oilfield can be increased
by 10.19%.It is of great significance for improving the success rate and economic benefits of
fracturing and oil driving technology in this type of reservoir.
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