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a b s t r a c t

In the development of water flooding reservoirs, enhancing oil recovery often requires implementing 
measures tailored to the reservoir's specific characteristics. A critical step in this process is evaluating 
the remaining oil potential, which directly influences the effectiveness of recovery strategies. However, 
evaluating the remaining oil potential in large reservoirs is challenging due to reservoir heterogeneity 
and complex well patterns. Existing evaluation methods are often cumbersome and lack intuitiveness. 
To address these issues, this study proposes a novel method for evaluating remaining oil potential by 
utilizing reservoir dynamic connectivity and remaining oil abundance. This method draws upon the 
advantages of the Eikonal equation in accurately describing the pressure wavefront and its propagation 
speed. By replacing traditional analytical methods with bivariate mapping, this approach effectively 
visualizes and correlates dynamic and static attributes. On this basis, the reservoir is classified into four 
regions: uneconomic/awaiting measures, low-efficiency waterflooding, major potential, and primary 
production. The potential of each region is intuitively analyzed and evaluated, offering clear insights into 
development status, untapped potential, and optimal strategies for reservoirs within each region. The 
application of this method to the M oilfield in the Bohai Sea yielded promising results across three 
distinct scenarios aimed at enhancing recovery: horizontal well water control, injection–production 
system optimization, and infill horizontal well deployment. These successful outcomes highlight the 
applicability of this method to complex, large-scale reservoirs and highlight its potential as a valuable 
tool for guiding recovery strategies in other challenging reservoir environments.
© 2025 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-NC-ND license (http://creativecommons.org/licenses/by-nc-

nd/4.0/).

1. Introduction

Prolonged development in water flooding reservoirs often ex-
acerbates complexities such as reservoir heterogeneity, non-
optimal well patterns, and inefficient injection strategies, result-
ing in uneven water distribution across the reservoir. This often 
leads to ineffective circulation of injected water in dominant 
zones, severely hindering the recovery of low-permeability and 
poorly controlled zones. To improve development efficiency and 
enhance economic effectiveness, it is essential to adjust injection 
strategies, flow fields, and well patterns to sustain oilfield pro-
duction. However, due to significant variations in remaining oil

abundance and reservoir connectivity across different regions, it is 
critical to select development measures or strategies tailored to 
these differences. To comprehensively and scientifically evaluate 
the remaining oil potential, it is essential to develop an assessment 
method that effectively captures both the degree of remaining oil 
enrichment and fluid flow capacity. Such an approach can more 
effectively guide the implementation of measures, thus enhancing 
oilfield development effectiveness.
In recent years, extensive research has been conducted on 

methods for evaluating the remaining oil potential, primarily 
including pattern recognition methods, numerical simulation 
methods, and artificial intelligence methods.
Pattern recognition methods primarily rely on key parameters 

from geological and geophysical data. They analyze macroscopic 
patterns in sedimentation (Dam et al., 2023; Zhu et al., 2021; 
Zubkov, 2017), tectonics (Lu et al., 2022; Zhao et al., 2020), flow 

units (Lopez Jimenez and Aguilera, 2015; Liu et al., 2022; Lu et al., 
2020), and other aspects to qualitatively describe the enrichment
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patterns of oil at different locations within the reservoir. The 
method primarily adopts a geological and geophysical perspective, 
providing a broader-scale description, with inherent subjectivity 
and uncertainty (Alpak et al., 2010). It is commonly employed 
during the exploration phase or early stage of development when 
limited production data are available, posing challenges in guiding 
the detailed development of complex large-scale reservoirs in later 
stages.
Numerical simulation is a method for modeling the movement 

of underground fluids through mathematical equations. Based on 
history matching, it predicts the distribution pattern of remaining 
oil (Augustine et al., 2021; Hoffman and Reichhardt, 2020; 
Sikanyika et al., 2022; Wang et al., 2020) and reveals the flow 

field (Batycky and Thiele, 2016; Chen et al., 2020; Datta-Gupta and 
King, 2007; Zhang et al., 2021). This method is the most commonly 
used tool for potential analysis and evaluation during the late-
stage development of large oilfields. However, the analysis of 
remaining oil potential often depends on static parameters, such 
as oil saturation, which fail to capture dynamic factors like reser-
voir connectivity. As a result, these parameters alone are 
frequently insufficient to accurately inform the implementation of 
effective development measures. In many cases, further data 
processing and analysis are still required for more in-depth 
investigation.
The artificial intelligence method is a newly emerging approach 

for evaluating the remaining oil potential in recent years. It is 
based on large volumes of production test data and utilizes various 
intelligent algorithms such as cluster analysis (Siena et al., 2016; 
Zhang et al., 2022), neural networks (Ramos and Akanji, 2017; 
Tabatabaei et al., 2023; Zhang et al., 2019), random forests 
(Mahdaviara et al., 2022; Zhang et al., 2019), to predict the 
remaining oil potential in different regions. The application of this 
method requires a substantial data sample, with variables such as 
the training process, sample quality, and model selection signifi-
cantly influencing the accuracy of the assessment (Cheraghi et al., 
2021). Although this method often demonstrates strong perfor-
mance in theoretical models, its limitations in accuracy and 
applicability have impeded its widespread adoption in real-world 
oil fields.
Each of the methods discussed has its own limitations. While 

some studies have attempted to combine them, they still lack 
intuitive presentation and accurate guidance. To tackle these is-
sues, this study proposes a new method for evaluating the 
remaining oil potential based on reservoir dynamic connectivity 
and remaining oil abundance. By considering both key dynamic 
and static parameters, a bivariate mapping approach is employed 
to construct a chart for tapping remaining oil potential. This 
approach facilitates a visual analysis and evaluation of reservoir 
remaining oil potential within a three-dimensional numerical 
simulation model.

2. Methodology

To more accurately evaluate the oil potential of different re-
gions at various reservoir stages, this study conducts a secondary 
analysis of numerical simulation results, based on the evaluation 
of reservoir dynamic connectivity and remaining oil abundance. 
The specific workflow is illustrated in Fig. 1.
First, this study proposes a method for evaluating reservoir 

dynamic connectivity by taking advantage of the accuracy in using 
the Eikonal equation to describe the pressure wavefront. The fast 
marching method (FMM) is then utilized for numerical difference 
calculations to match the grid structure of numerical simulation. 
Using a single-layer reservoir model as an example, the method's

applicability and accuracy were validated across various reservoir 
properties, well patterns, and development stages.
Second, the remaining oil abundance coefficient (ROA) and the 

dynamic connectivity coefficient (DC) were calculated and inte-
grated through bivariate mapping to establish a reservoir potential 
assessment chart. The potential analysis results of a three-
dimensional reservoir under bivariate conditions are intuitively 
presented by depicting the differences and variations using color. 
Based on the bivariate mapping, the reservoir is divided into four 
regions: uneconomic/awaiting measure, low-efficiency water-
flooding, major potential, and primary production. This classifi-
cation clearly delineates the development potential of different 
regions and provides direction for subsequent exploration and 
development. The method was utilized to conduct a comprehen-
sive simulation analysis on a multi-layer model of the 3D EGG 
reservoir. This demonstrates the method's precise evaluation 
capability for determining remaining oil potential at various stages 
of water flooding and its ability to guide potential tapping in 
different regions.
Finally, this method was applied to the high water-cut devel-

opment stage of the M oilfield in the Bohai Sea, demonstrating its 
applicability in complex large reservoirs through three different 
examples of potential tapping: water control for horizontal well, 
injection–production system adjustment, and infill horizontal 
well.

3. Method for calculating dynamic connectivity of reservoirs

3.1. Description of pressure wave propagation based on the Eikonal 
equations

Descriptions of wave propagation have been extensively 
applied in various fields such as optics, engineering mechanics, 
and geophysics. In reservoir engineering, pressure propagation 
within porous media is analogous to wave propagation (Datta-
Gupta et al., 2011), where production wells and injection wells

Fig. 1. The research workflow in this study.
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function as sources and sinks for pressure propagation. The 
instantaneous pressure response in heterogeneous reservoirs can 
be expressed as follows:

φ(x)ct 
∂P(x; t) 

∂t
= ∇⋅ 

(
K(x)

μ
∇P(x; t) 

) 

(1)

where φ is the rock porosity, dimensionless; K is the permeability, 
mD; μ is the fluid viscosity, Pa⋅s; c t is the rock compressibility, 
Pa − 1 ; P is the pressure, Pa.
Eq. (2) is derived using the Fourier transform.

φ(x)c t (− iω)~P(x;ω) = 
K(x) 

μ
∇ 2~P(x; ω) + ∇ 

K(x) 
μ

⋅ ̃∇P(x; ω) (2)

where i is the imaginary unit, dimensionless; ω is the frequency in 
the Fourier transform, rad/s; ~P is the pressure in the frequency
domain, Pa.
Using the power term representation of the

̅̅̅̅̅̅̅̅̅ 
− iω 

√ 
reciprocal, 

the asymptotic solution to Eq. (2) is derived as follows:

~P(x; ω) = e −
̅̅̅̅̅̅̅
− iω 

√ 
τ(x) 

∑∞ 

k=0

A k (x)
( ̅̅̅̅̅̅̅̅̅

− iω
√ ) k (3)

where A k is the amplitude of the k-th-order pressure wave, Pa; τ is 
the propagation time of the pressure wave (also known as the
flight time), s 0.5. 
When k = 0, the expression for the high-frequency solution is 

derived, which can also be understood physically as the propaga-
tion of the pressure wavefront in the reservoir (Vasco et al., 2000).

~P(x; ω) = A 0 (x)e 
−

̅̅̅̅̅̅̅
− iω

√ 
τ(x) (4)

By substituting Eq. (4) into Eq. (2), the governing equation for 
the propagation of the pressure wavefront in non-homogeneous 
porous media is derived as follows:

F(x)|∇τ(x)| = 1 (5)

where F(x) represents the interface velocity function, m⋅s − 0.5 . It is 
expressed as follows:

F(x) =
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3.2. Fast marching method

The fast marching method (FMM) is an efficient approach for 
solving the Eikonal equation on a finite difference grid (Sethian 
and Popovici, 1999). It replaces the differential operator with a 
specialized quotient to accurately track the wavefront of pressure 
propagation. The FMM algorithm is a single-pass method with low 

computational complexity and high efficiency, making it particu-
larly well-suited for large-scale reservoir simulation. For an N × N 
grid model, the number of calculations is less than NlogN, which is 
significantly faster than traditional finite difference algorithms 
and 2 to 3 orders of magnitude faster than streamline simulation. 
In three-dimensional case, the equations solved using the FMM 

are as follows:

max 
(τ − τ x
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;0 

) 2 
+ max 
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τ x = min 
( 

τ i− 1;j;k ; τ i+1;j;k 
)

(9)

τ y = min 
( 

τ i;j− 1;k ; τ i;j+1;k 
)

(10)

τ z = min 
( 

τ i;j;k− 1 ; τ i;j;k+1 
)

(11)

Taking Fig. 2 as an example, the main computational steps for 
solving the Eikonal equation using the FMM are outlined as 
follows:

(a) Define the initial grid and mark it as the frozen grid.
(b) Identify the adjacent grids of the frozen grid and calculate 

the flight time (τ) required for propagation from the frozen 
grid to these adjacent grids.

(c) Select the adjacent grid with the shortest flight time (τ) and 
mark it as the next frozen grid.

(d) Expand the set of frozen grids by including the newly frozen 
grid. For all grids currently in the frozen grid set, calculate 
the flight time (τ) to their adjacent grids, and update the set 
of frozen grids accordingly.

(e) Repeat steps (b) to (d) until all grids are marked as frozen.

Because FMM avoids finite difference calculations, it signifi-
cantly reduces the computational time required by traditional 
numerical simulation methods. Therefore, it can be applied to 
grids containing tens of millions or even billions of cells. This 
capability makes it highly effective for the detailed characteriza-
tion of reservoir dynamic connectivity in large-scale reservoirs.

3.3. Calculation of reservoir dynamic connectivity

For an actual reservoir, production wells and injection wells 
serve as source and sink terms, generating pressure disturbances 
that affect the fluid flow within the reservoir. In this study, the 
propagation time of the pressure wavefront from an injection well 
to the i-th grid is denoted as τ Ii , while the propagation time from
the i-th grid to a production well is denoted as τ iP . The sum of these 
times is referred to the inter-well flight time τ IiP at the i-th grid, as 
illustrated in Fig. 3. 
Due to reservoir heterogeneity, flight times between wells vary 

significantly across different reservoir regions. Furthermore, as the 
reservoir development progresses, the fluid distribution within 
the reservoir and well pattern adjustments can directly influence 
inter-well flight times in various regions. Reservoir dynamic con-
nectivity at different development stages can be assessed by the 
inter-well flight time, which represents the speed of pressure 
wavefront propagation.

3.4. Case 1: 2D mechanistic model

The precise characterization of pressure propagation using the 
Eikonal equation, coupled with the efficient computational 
approach of FMM has led to a high level of applicability in the 
reservoir dynamic connectivity. 
The SPE10 model was chosen as the foundational dataset for 

this study. This dataset, widely utilized in numerical simulation 
research, is publicly available on the SPE website (http://www.spe.
org/web/csp). To comprehensively evaluate the feasibility and
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adaptability of the proposed method under various conditions, 
permeability data from the 21st layer of the SPE10 benchmark 
model were utilized. The original data was scaled and augmented 
with random noise to construct a 2D mechanistic model, with its 
permeability distribution and histogram depicted in Fig. 4. The 
permeability of the model ranged from 5 to 400 mD, with an 
average of 53 mD.

3.4.1. Heterogeneity consideration
In heterogeneous reservoirs, pressure wavefronts propagate 

preferentially through high-permeability regions due to the faster 
interface velocity (F). As shown in Fig. 5(b), variations in inter-well 
flight time are represented by different colors. The color gradient 
from red to yellow to blue corresponds to a reduction in inter-well 
flight time, indicating stronger connectivity in these regions. In

Fig. 2. Schematic of the FMM calculation process.

Fig. 3. Schematic of inter-well flight time calculation.

Fig. 4. Permeability distribution and histogram of reservoir model.
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this heterogeneous model, the low-permeability region in the top-
left corner is shown with a more reddish hue, indicating signifi-
cantly poorer dynamic connectivity in that region. The higher 
average permeability of the heterogeneous model (53 mD), 
compared to the homogeneous model (35 mD), is associated with 
a reduction in the average inter-well flight time (from 6568 to 6136 
s 0.5 ), reflecting an improvement in the overall connectivity of the 
reservoir.

3.4.2. Fault consideration
In real reservoir models, faults often need to be considered for 

their impact on connectivity. For 2D or 3D models, faults are 
modeled by assigning zero permeability to grid cells adjacent to 
the fault. This prevents pressure waves from penetrating the fault, 
thereby influencing flight time on both sides. A vertical fault was 
introduced below the reservoir in the mechanistic model, as 
shown in Fig. 5(c). The calculation results indicate that the fault 
blocks the propagation of the pressure wavefront, significantly 
increasing the inter-well flight time in the lower-right corner. This 
greatly affects the connectivity of reservoirs in this region and also 
alters the connectivity between injection and production wells, 
which aligns with conventional understanding. Additionally, the 
fault affects the overall connectivity of the reservoir, increasing the
average inter-well flight time to 7000 s 0.5 .

3.4.3. Well type consideration
Due to reservoir heterogeneity, horizontal wells are widely 

employed in the development of narrow and thin reservoirs, as 
well as in similar scenarios. For such wells, which simulate 
perforation operations in numerical models, the FMM represents 
them as a multi-source sink problem for computational purposes. 
The simulation results are shown in Fig. 6(a). Compared to vertical 
wells, horizontal wells have a broader area of influence, which

significantly improves overall reservoir connectivity, reducing the
average inter-well flight time from 6136 to 4594 s 0.5. 

3.4.4. Well pattern consideration
In large reservoir numerical simulation, it is necessary to 

consider multi-source and sink problems caused by well inter-
ference due to the presence of numerous wells. The Eikonal 
equation is well-suited to simulate the propagation of the pressure 
wavefront under conditions of multi-well interference. Taking the 
example of a five-spot well pattern (Fig. 6(b)), the increased 
number of wells and the greater degree of well control signifi-
cantly reduce the inter-well flight time in various regions of the 
reservoir, resulting in a substantial improvement in reservoir 
connectivity. However, due to differences in permeability, the 
connectivity in the upper-left region remains lower than that in 
the lower-right region. Meanwhile, as the number of wells in-
creases from 4 to 9 (Fig. 6(c) and (d)), the inter-well flight time 
decreases from 3964 to 2311 s 0.5 , indicating further improvement 
in reservoir connectivity.

3.4.5. Development stage consideration
During the late stages of water flooding development, the 

overall fluid distribution in the reservoir undergoes significant 
changes compared to the early stages. Heterogeneity causes the 
gradual formation of dominant flow channels in high-permeability 
areas, resulting in ineffective water injection circulation. Addi-
tionally, fluid mobility in different parts of the reservoir varies 
with changes in relative permeability and differences in oil and 
water saturation. Taking the mechanism model of water flooding 
development for 0.5, 1, 2, and 4 years as examples, the oil satu-
ration distribution is shown in Fig. 7. The results indicate that as 
water flooding progresses, oil displacement efficiency in high-
permeability reservoirs steadily improves. Simultaneously, the

Fig. 5. Dynamic connectivity of reservoirs with different properties.

Fig. 6. Dynamic connectivity of reservoir with different well types and well patterns.
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connectivity of dominant flow channels in the reservoir improves 
due to the increased interface propagation speed. As development 
continues, the average inter-well flight time of the reservoir de-
creases from 5774 to 4085 s 0.5 (Fig. 8), reflecting the process in 
which higher-mobility water gradually displaces the oil, and a 
corresponding improvement in the overall connectivity of the 
reservoir.

4. Remaining oil potential evaluation method

4.1. Calculation of evaluation parameters

Due to variations in structural characteristics, reservoir prop-
erties, and fluid properties across different types of reservoirs, it is 
not feasible to directly measure the size of the remaining oil po-
tential using parameters such as flight time or oil volume. There-
fore, this study proposes an evaluation method based on relative 
values, utilizing the dynamic connectivity coefficient (DC) and 
remaining oil abundance coefficient (ROA), to enhance the devel-
opment and evaluation of various types of reservoirs.

DC i =

⎧ 
⎨ 

⎩

τ p − τ i
τ p

τ i < τ p

0 τ i ≥ τ p
(12) 

ROA i =

⎧
⎪⎨

⎪⎩ 

φ i S oi
φ e S oe

φ i S oi < φ e S oe

1 φ i S oi ≥ φ e S oe

(13) 

where DC is dynamic connectivity coefficient; ROA is the remain-
ing oil abundance coefficient; τ i is the inter-well flight time at i-th 
grid; τ p is the value of the p-th percentile inter-well flight time for 
the reservoir, different values can be selected for various types of

reservoirs; S oi is the oil saturation at i-th grid, dimensionless; S oe is 
the initial average oil saturation of the reservoir, dimensionless; φ i 
is the porosity at i-th grid; φ e is the initial average porosity of the 
reservoir.
The ROA and DC are dimensionless coefficients designed to 

quantify variations in dynamic connectivity and remaining oil 
abundance in specific grid regions relative to the entire reservoir.

4.1.1. Remaining oil abundance coefficient (ROA) 
The ROA is calculated as the ratio of the remaining oil in a 

specific grid to the average initial oil reserves of the reservoir. It is 
widely utilized as an index for analyzing remaining oil potential. It 
quantifies the degree of remaining oil utilization across different 
reservoir regions, with values ranging from 0 to 1. Higher ROA 
values reflect lower reservoir utilization in a specific region and 
indicate a greater abundance of remaining oil. In practice, ROAᵢ 
values may exceed 1 in high-porosity grids, especially during the 
early stages of production. To ensure consistency and compara-
bility across regions, ROAᵢ is capped at 1 in this study. Specifically, 
when the product of porosity and oil saturation (φᵢS o i) exceeds the 
average value (φ e S oe ), ROAᵢ is limited to 1. As production progresses 
and local oil saturation decreases, ROAᵢ values in these grids
naturally decline. This capping mechanism effectively prevents 
grids with abnormally high porosity from disproportionately 
influencing the evaluation results, thereby enhancing the stability 
and reliability of the proposed method.

4.1.2. Dynamic connectivity coefficient (DC) 
The DC is calculated as the ratio of the inter-well flight time in a 

specific grid to the p-th percentile inter-well flight time of the 
entire reservoir. It represents the relative fluid flow capacity of a 
specific region compared to the overall reservoir. DC values range 
from 0 to 1. Higher values indicate stronger fluid flow capacity, 
identifying the region as a dominant flow zone. Conversely, lower

Fig. 7. Oil saturation distribution in different development stages.

Fig. 8. Dynamic connectivity of reservoir in different development stages.
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DC values suggest weaker flow capacity, often corresponding to 
unswept regions or areas with limited well control. The inter-well 
flight time is influenced by various factors, including reservoir 
type, structural characteristics, and fluid properties.

4.1.3. p-value selection and justification
Ideally, the DC values should be uniformly distributed between

0 and 1 to accurately reflect the overall heterogeneity of reservoir 
connectivity. However, due to the nature of flight time calcula-
tions, certain grid blocks, particularly those located in low-
permeability regions, stagnant flow regions, or fault-shadowed 
areas, tend to exhibit abnormally high inter-well flight times. 
This skews the DC distribution and may overestimate connectivity 
in non-dominant flow regions, thereby reducing the contrast be-
tween areas with different flow capacities.
To minimize the influence of extreme values on evaluation 

results, this study introduces the p-th percentile inter-well flight 
time (τ p ) as a normalization reference, replacing the conventional 
arithmetic average. This approach preserves the overall connec-
tivity trend while effectively reducing distortion caused by out-
liers, thereby enhancing the robustness of the DC distribution. 
The selection of the p-value should be tailored to the connec-

tivity characteristics of different reservoir types. In conventional 
reservoirs with relatively good connectivity and uniformly 
distributed preferential flow paths, only a small number of grid 
blocks present unusually high flight times (Fig. 9). In such cases, a 
higher p-value, typically in the range of 80–90, is appropriate filter 
out extreme values and to ensure a smoother and more repre-
sentative DC distribution.
In contrast, low-permeability or highly faulted reservoirs often 

exhibit significant heterogeneity in connectivity. A considerable 
proportion of the grid blocks, sometimes exceeding 30%, may 
show high flight times due to low-permeability barriers or 
structural discontinuities (Fig. 10). Using a high p-value in such 
cases would include these extreme values in the normalization 
baseline τ p . Consequently, the τᵢ values of the majority of grid 
blocks within the main reservoir body become much smaller than
τ p , causing the resulting DC values to cluster near unity. This 
compresses the contrast between regions with varying connec-
tivity, obscures dynamic connectivity differences within the main 
reservoir body, and ultimately distorts the evaluation outcomes.

Therefore, a lower p-value, such as between 50 and 60, is thus 
more suitable for these reservoirs, as it better captures actual 
connectivity differences and improve the representativeness of 
the evaluation.
It is important to emphasize that the p-value must be selected 

flexibly according to the specific distribution of inter-well flight 
times in each reservoir. This adaptability ensures that the pro-
posed method remains applicable and reliable across a wide range 
of reservoir conditions.

4.2. Bivariate mapping method

In the process of bivariate analysis, researchers need to address 
how to visually present the relationship and distribution between 
the two variables in a more intuitive manner. When variables are 
plotted individually, their relationships are often difficult to detect. 
Additionally, conventional direct classification often over-
simplifies the data, leading to a loss of original details and making 
subsequent detailed analysis more challenging. To overcome these 
limitations, this study employed bivariate mapping for more 
refined analysis.
Bivariate mapping is a visualization technique that uses color 

coding to simultaneously reveal the size, correlation, differ-
ences, and other characteristics of two variables within a spatial
area. This method is widely used in geography (Luc�a et al., 2011),
environmental science (Tehrany et al., 2014), public health 
(Khan and Mohanty, 2018), and other related disciplines. In this 
study, MATLAB was utilized to generate a 2D color map for the 
bivariate mapping of the DC and ROA parameters. The specific 
process is shown in Fig. 11. The resulting colormap effectively 
enhances the visualization and correlation of two variables, of-
fering a novel analytical approach for future studies on 
remaining oil potential.

4.3. Evaluation chart of remaining oil potential

After obtaining the bivariate 2D color map, different reservoirs 
can be classified and analyzed in greater detail. In this study, res-
ervoirs are divided into four potential evaluation regions based on 
the relationship between DC and ROA (Fig. 12):

Fig. 9. Effect of permeability on inter-well flight time in a conventional reservoir.
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4.3.1. Class I—uneconomic/awaiting measure region
The DC and ROA in this region are relatively low, typically 

indicating the presence of low-permeability zones at the edge of 
the reservoir. These regions exhibit poor utilization and low 

development potential. It typically requires an economic evalu-
ation of development benefits, followed by measures such as 
acidification and fracturing to enhance development 
effectiveness.

4.3.2. Class II—low-efficiency waterflooding region
The DC in this region is relatively high, while the ROA is low. 

This typically occurs in preferential flow channels between wells, 
where the reservoir has been subjected to ineffective flushing 
over an extended period of time. These areas exhibit high fluid 
mobility but low development potential. Furthermore, this type 
of region often hinders the utilization of other low-connectivity 
zones. Therefore, it is necessary to optimize injection strategy 
in this area, reduce ineffective water injection circulation, and 
enhance the overall sweep efficiency and utilization rate of the 
reservoir.

4.3.3. Class III—major potential region
The DC in this region is relatively low, while the ROA is high, 

indicating an incomplete well pattern and a lower degree of well 
control in the region. These areas have high development potential 
and function as key adjustment zones in the later stages of 
reservoir development. Various measures, including injection–- 
production strategy improvements, infill wells, and horizontal 
well water control, can be implemented to enhance reservoir 
connectivity and improve the oil recovery rate of the entire 
reservoir.

4.3.4. Class IV—primary production region
Both DC and ROA are relatively high in this region, indicating 

that the reservoir is highly productive under the current well 
pattern and is the main contributor to oil production.
The boundaries for regional divisions are flexible due to the 

diversity of reservoir types and variations across different devel-
opment stages. For ROA, the division boundaries are primarily 
determined by the reservoir's development stage. During the early 
development stage, when the overall ROA is relatively high, the

Fig. 10. Effect of permeability on inter-well flight time in a low-permeability reservoir.

Fig. 11. Schematic of bivariable mapping.
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boundary is recommended within the range of 0.5–0.7. In contrast, 
during the later development stage, as ROA values decrease under 
high water-cut conditions, the boundary is advised to be adjusted 
to a range of 0.3–0.5.
For DC, the division boundaries are mainly influenced by type of 

reservoirs. In conventional medium-to-high permeability reser-
voirs with good connectivity, the DC boundary is recommended 
within the range of 0.5–0.7. However, in reservoirs characterized 
by extensive faulting or low permeability with poor connectivity, 
the boundary is advised to be adjusted to a range of 0.3–0.5.

4.4. 3D EGG reservoir model

This case study utilizes the EGG reservoir model as the foun-
dational data source. The EGG reservoir model is a 3D channelized 
benchmark consisting of 60 ×60 × 7 grid cells, containing 18,553

active grid blocks. The dataset is publicly accessible at https://data. 
4tu.nl/articles/dataset/The_Egg_Model_-_data_files/12707642. 
The model consists of high-permeability dominant flow channels 
and medium-permeability regions, with permeability values 
ranging from 81 to 7000 mD and an average of 1137 mD (Fig. 13). 
The initial formation pressure is 30 MPa, the initial oil satura-

tion is 0.8, and the oil's viscosity and density are 20 mPa⋅s and 
0.85 g/cm 3 , respectively. The reservoir includes 8 production wells 
and 4 injection wells. Each production well has a daily liquid 
production rate of 40 m 3 /d, while each injection well has a water 
injection rate of 80 m 3 /d. The time step is set to 30 d, with a total 
production period of 1500 d.
The quantitative variations of DC and ROA with production time 

were calculated using Eqs. (12) and (13), as shown in Figs. 14–17. 
Subsequently, the bivariate mapping technique was employed for 
color visualization, effectively demonstrating the reservoir po-
tential evaluation process and classification results in the EGG 
model (Fig. 21).
After considering the compressibility of rocks and fluids, the oil 

production at different grids is expressed by Eq. (14). Based on the 
numerical simulation results, post-processing analysis enables the 
determination of the number of different reservoir grids and the 
contribution of each unit grid to production, as shown in Figs. 18 
and 19.

Fig. 12. Evaluation chart of remaining oil potential.

Fig. 13. Permeability distribution and histogram of EGG model.

Fig. 14. DC histogram under different production times.
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(14)

where Qk
o is the oil production rate at time step k; B o is the oil 

volume factor; Δx i is the length of the i-th grid; Δy i is the width of
the i-th grid; h i is the height of the i-th gird; Skoi is the oil saturation
of the i-th grid at step k; C r is the rock compressibility; C o is the oil
compressibility; pki is the pressure of the i-th grid at step k.
Since the EGG reservoir model is a mechanistic model, it does 

not account for fault shadow zones or low permeability zones. 
Therefore, the proportion of Class I was extremely small in this 
mechanistic model, and thus specific analysis of these grids is not 
conducted. The results indicate the following:

(1) In the early production (0–300 d), the short production period 
and low cumulative injection volume resulted in a relatively 
uniform distribution of oil and water within the reservoir. At 
this stage, the overall dynamic connectivity of the reservoir 
was primarily influenced by the heterogeneous permeability 
distribution. As water injection progressed, the injected water 
preferentially flowed through the dominant high-
permeability channels, gradually altering the connectivity 
within the reservoir. By the 300th day, the proportion of grids 
in low-to-moderate connectivity zones (0 < DC < 0.4) had

Fig. 15. ROA histogram under different production times.

Fig. 16. Average DC under different production times.

Fig. 17. Average ROA under different production times.

Fig. 18. The number of grids under different production times.

Fig. 19. Contribution of unit grid yield under different production times.
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dropped from 50.3% to 20.9%, while grids with moderate-to-
high connectivity (0.4 < DC < 0.8) increased from 44.3% to 
67.9%. This marked the initial formation of dominant seepage 
pathways. Concurrently, the average ROA value decreased 
from 1.00 to 0.84, reflecting the gradual displacement of crude 
oil by injected water. Over time, this preferential flow 

enhanced the connectivity of Class III regions, transforming 
them into Class IV regions, which emerged as the primary 
contributors to production. During this period, the limited 
recovery degree kept the proportion of Class II regions rela-
tively small and was largely confined to the near-well regions 
around the water injection wells.

(2) During the mid-term of production (300–900 d), as water 
flooding progressed, the difference in oil–water distribution 
became increasingly apparent compared to the initial state. 
The injected water primarily concentrated in the dominant 
high-permeability channel reservoirs, where the differences 
in oil and water mobility intensified the uneven fluid dis-
tribution. This process further enhanced the dynamic con-
nectivity of high-permeability areas and strengthened the 
dominant seepage channels. Over this period, the propor-
tion of grids in high-connectivity regions (0.8 < DC < 1.0) 
increased significantly from 11.2% to 29.0%, indicating sub-
stantial progress in the development of dominant flow 

paths. Meanwhile, the proportion of grids in high remaining 
oil regions (0.8 < ROA < 1.0) decreased markedly from 67.6% 
to 27.6%, suggesting that most of the reservoir had been 
effectively utilized. The average ROA value dropped signifi-
cantly, from 0.84 to 0.62, reflecting the extensive displace-
ment of crude oil by injected water. At this stage, as water 
flooding extended its reach, the Class III regions located at 
the edge of the river channels were progressively utilized 
and transformed into the main producing Class IV regions, 
becoming the main contributors to production.

(3) As the reservoir entered the late development stage, char-
acterized by high water cut (900–1500 d), fluid mobility in 
the high-permeability zones increased further, reinforcing 
dominant seepage channels. Concurrently, the flow direc-
tion of injection water between injection and production 
wells gradually stabilized. During this period, the proportion 
of grids in high-connectivity regions (0.8 < DC < 1.0) further 
increased from 29.0% to 52.5%, highlighting the continued

strengthening and stabilization of dominant seepage chan-
nels, along with an increase in the proportion of ineffective 
water circulation. The average ROA value dropped, from 

0.6141 to 0.5100, while the proportion of grids in unutilized 
regions (0.8 < ROA < 1.0) decreased from 27.1% to just 16.2%. 
At this stage, as the water saturation in the main producing 
region (Class IV) continued to increase, the grid proportion 
in this category decreased, with some areas transitioned 
into Class II regions. Simultaneously, due to the solidifica-
tion of the flow field, the proportion of Class III region grid 
numbers gradually stabilized, predominantly in low well-
control areas and low connectivity non-advantageous flow 

areas.

4.5. Comparison and advantages with traditional methods

As shown in Fig. 20, the traditional evaluation process for 
remaining oil potential and streamline comparison is demon-
strated. Traditional methods for assessing remaining oil potential 
typically rely on static indicators. While they allow for quantitative 
comparisons, the metrics used are limited and mostly focus on the 
analysis of remaining oil saturation. On the other hand, the 
traditional streamline comparison method accounts for fluid flow 

characteristics, but it is based on a qualitative comparison of 
streamline patterns, which makes it difficult to define the differ-
ences across regions quantitatively.
To address these limitations, this study emphasizes improving 

the comprehensiveness and quantitative nature of relative com-
parisons in the potential evaluation process. By comparing with 
Fig. 21, the proposed method shows significant improvements in 
the following areas:

1) More comprehensive comparison indicators: The method 
considers both dynamic and static regions, overcoming the 
limitations of traditional methods that rely solely on remaining 
oil saturation assessments, and compensating for the lack of 
fluid mobility analysis.

2) More quantitative evaluation approach: By constructing a 
quantitative evaluation chart, the method builds upon relative 
comparisons and incorporates fluid mobility analysis. This ad-
dresses the limitation of traditional streamline analysis, which

Fig. 20. Traditional potential evaluation method.
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only offers qualitative comparisons, thereby enhancing the 
operability of potential evaluations and making the potential 
differences across regions clearer and more comparable.

3) More intuitive comparison process: By employing bivariate 
mapping, the method displays two dimensions of information 
on a single image, significantly improving the visual clarity of 
the analysis.

4) More defined follow-up measures: Targeted development 
measures and potential directions have been formulated for 
different regions, enhancing the guidance and practicality of 
the evaluation.

These advantages demonstrate that the proposed method of-
fers greater applicability and value in the process of reservoir 
potential evaluation, particularly in dynamic assessments of 
complex reservoirs and development decision-making.

5. Application in the M reservoir

The Nm I-3 Formation of the M Oilfield in the Bohai Sea is an 
unconsolidated sandstone reservoir with high porosity (33%) and 
high permeability (3374 mD) characteristics (Fig. 22). This block 
currently has over a hundred producing wells with a water cut 
exceeding 96.8% and a recovery factor reaching 36.7%. It has 
entered the high water-cut stage of development, with the dis-
tribution of oil saturation as shown in Fig. 23.

Given the long development history and frequent adjustments 
of the reservoir, tapping the remaining oil presents significant 
challenges. The primary issue lies in the most effective methods 
for identifying the remaining oil-enriched regions to stabilize oil 
production. The proposed method was applied to the target block 
to evaluate the remaining oil potential and guide subsequent 
exploitation efforts.

Fig. 21. Potential evaluation method in this paper.

Fig. 22. Permeability distribution and histogram of EGG model.

Fig. 23. Distribution of remaining oil in Nm I-3 Formation, M Oilfield.
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The suitability and application of the proposed method are 
demonstrated through three examples of remaining oil recovery.

5.1. Example 1: water control for horizontal well

The calculation results for the P1H cross-section (Fig. 24) 
indicate that the ROA is relatively high in the near root zone of the 
horizontal well (Class III), reflecting notable oil enrichment.

However, the elevated DC in the toe segment (Class II) resulted in 
inefficient water circulation, significantly impairing connectivity 
in the root zone.
To address the poor dynamic connectivity along the horizontal 

wellbore, which led to accumulation of remaining oil, a water 
control strategy was implemented. This involved sealing the 
perforation section in the toe segment to improve the dynamic 
connectivity of the main potential region (Class III) in the proximal 
root region.
Following measure implementation of this measure, the pro-

duction dynamics (Fig. 25) show that the water cut of the P1H well 
was reduced from 97.7% to 94.6%, the liquid rate decreased from 

975 to 659 m 3 /d, and the oil rate increased by 15 m 3 /d.

5.2. Example 2: injection–production system adjustment in well 
group

The calculation results from the P2H well group (Fig. 26) indi-
cate that, because of reservoir heterogeneity and the dominant 
water flow channels, the DC varied greatly within the internal well 
group. In the I4→P2H direction, the ROA was low (0–0.3), while the 
DC was high (0.7–1.0). Conversely, in the direction of I1→P2H, 
I2→P2H, and I3→P3H directions, the DC was relatively weak 
(0.3–0.7), while the ROA was relatively high (0.3–0.7). To enhance 
the production, the injection rate in weakly connected zone 
(I1→P2H, I2→P2H, I3→P3H) was increased.
Following the implementation of this measure, the production 

dynamics (Fig. 27) show a reduction in the water cut of the P2H 
well from 95.7% to 94.2%, and an increase in the oil rate from 25 to 
32 m 3 /d, reflecting a 33% increase.

5.3. Example 3: infill horizontal well

The calculation results (Fig. 28) for the P4H well group indicate 
that the dynamic connectivity within the group was similar to the 
P2H well group, exhibiting uneven utilization. However, unlike 
P2H well group, the I8→P4H direction was the primary injection 
path, while the DC in the I5→P4H, I6→P4H, and I7→P4H directions 
was lower (< 0.3). The greater variability in dynamic connectivity 
within the well group lead to injection-production imbalances 
that could not be resolved through injection strategy adjustments. 
To address this issue, a new horizontal well was infilled in the 
poorly controlled area of the well group.

Fig. 24. Potential evaluation of P1H well cross-section.

Fig. 25. Production curve of P1H well.

Fig. 26. Potential evaluation of P2H well.
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After the P4H well was put into operation, the production dy-
namics (Fig. 29) show that its initial oil rate reached 60 m 3 /d, and 
after the water cut was stabilized, the oil rate was nearly 30 m 3 /d. 
This result provided valuable insights and validated the imple-
menting small well-spacing infill drilling in this block.

6. Conclusions

(1) A novel method for evaluating reservoir dynamic connec-
tivity is proposed, leveraging the Eikonal equation's capa-
bility to accurately describe the pressure wavefront. This

method effectively characterizes the dynamic connectivity 
of reservoirs with varying properties, well patterns, and 
development stages. It is especially suitable for analyzing 
the connectivity of large reservoirs with multiple wells.

(2) Based on the bivariate mapping approach, a novel full-life 
remaining oil potential evaluation method is developed, 
incorporating the dynamic connectivity coefficient (DC) and 
the remaining oil abundance coefficient (ROA). By using 
color encoding techniques, this methodology provides a 
visually intuitive way to analyze and assess reservoir po-
tential across various regions under bivariate conditions. It 
significantly enhances the visualization of both dynamic and 
static reservoir characteristics and their interrelationships. 
Consequently, it offers clear insights into the development 
status, remaining oil potential, and optimal strategies for 
reservoirs of different classifications.

(3) The method was applied in the M oilfield, yielding prom-
ising results in three distinct scenarios aimed at enhancing 
recovery: horizontal well water control, injection–pro-
duction system optimization, and infill horizontal well 
deployment. These successful outcomes demonstrate the 
method's suitability for complex, large-scale reservoirs. 
Additionally, the insights gained from these applications 
offer valuable guidance for implementing strategies in other 
oil and gas fields.

(4) Furthermore, the approach introduced in this study is fully 
integrated with entirely on established numerical simula-
tion network data structures. Its seamless integration with 
existing numerical simulation models eliminates the need 
for complex data conversions and redundant computations.
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