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Abstract: The rapid and accurate forecasting of two-phase flow in porous media is a critical challenge
in oil field development, exerting a substantial impact on optimization and decision-making processes.
Although the Convolutional Long Short-Term Memory (ConvLSTM) network effectively captures
spatiotemporal dynamics, its generalization in predicting complex engineering problems remains
limited. Similarly, although the Fourier Neural Operator (FNO) demonstrates adeptness at learning
operators for solving partial differential equations (PDEs), it struggles with three-dimensional, long-
term prediction. In response to these limitations, we introduce an innovative hybrid model, the
Convolutional Long Short-Term Memory-Fourier Neural Operator (CL-FNO), specifically designed
for the long-term prediction of three-dimensional two-phase flows. This model integrates a 3D
convolutional encoder–decoder structure to extract and generate hierarchical spatial features of the
flow fields. It incorporates physical constraints to enhance the model’s forecasts with robustness
through the infusion of prior knowledge. Additionally, a temporal function, constructed using gated
memory-forgetting mechanisms, augments the model’s capacity to analyze time series data. The
efficacy and practicality of the CL-FNO model are validated using a synthetic three-dimensional case
study and application to an actual reservoir model.

Keywords: deep learning; physics-informed; spatiotemporal forecast; two-phase flow; heterogeneous

1. Introduction

Machine learning, encompassing deep learning, has experienced rapid development
in various fields such as computer vision and natural language processing by leveraging
the power of large-scale datasets [1,2]. The recent emergence of the large language model
(LLM), which can generate realistic dialogues, is triggering another surge in artificial
intelligence technologies. The application of machine learning involves the utilization of
data for feature extraction and analysis where the neural network (NN) serves as a crucial
method for learning from data and constructing efficient predictive surrogate models [3].

In reservoir engineering, numerical simulation employs the finite volume method
to obtain approximate solutions for PDEs and to forecast the future dynamics of the
reservoir. However, numerical methods entail repeated iterative calculations, which incur
high computational costs. To address this problem, NNs, as highly potent universal
approximators, have been employed to accelerate the forecast process. For example, it is
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employed to enhance the efficiency of certain steps in the numerical solving procedure in
the non-direct approach [4].

There are also methods directly employing neural networks to approximate or solve
PDEs. Zha et al. [5] classified PDE-related NNs into three categories: Category 1 is the data-
driven method, in which the laws of PDEs are learned using data obtained from numerical
simulations, with the model lacking physical significance; Category 2 is the physics-driven
method, where NNs are directly trained based on physical laws or equations. They are
distinguished by their prominent feature of data-free learning; and Category 3 pertains to
methods of physical constraints, wherein physical criteria are embedded within the NN
and the resulting NN possesses interpretable physical significance.

For Category 1, Zhu and Zabaras [6] were the first to employ a fully convolutional
network (FCN) for flow field prediction of oil reservoirs. They constructed an NN to map
the permeability field to the pressure field and the oil saturation field. Ma et al. [7] employed
a bidirectional long short-term memory neural network for horizontal stress prediction,
effectively capturing the relationship between logging parameters and in situ stress. Tang
et al. [8] introduced the ConvLSTM for the prediction of the flow field in a riverine phase
reservoir, with the combination of spatial and temporal information prompting favorable
results in long-term prediction. Tang et al. [9] also extended the ConvLSTM to 3D flow
field prediction with the introduction of the 3D convolution operation. The main shortages
of the purely data-driven method are the requirement of massive amounts of data and
insufficient model generalization. An adequate solution is the consideration of physical
knowledge to increase interpretability. In Category 2, Raissi et al. [10] proposed the
currently widely utilized Physics-Informed Neural Network (PINN). At the onset of the
training, the governing equations, initial conditions, and boundary conditions are defined,
and the network learns the solution by employing the PDE residual in the loss function. This
approach has been demonstrated with applicability to both direct and inverse problems. In
Category 3, Li et al. [11] introduced the FNO, a method designed for neural networks based
on Green’s function, and the Fast Fourier Transform (FFT) for analytics. After training, the
network acquires intrinsic physical significance. This approach significantly accelerates the
training speed of NNs and enhances the generalization ability.

In actual reservoir simulations, it is imperative to contemplate more intricate scenar-
ios, and methods related to physical significance have been further refined with specific
engineering backgrounds. Zhu and Zabaras [6] proposed an unsupervised NN based
on physical constraint to achieve efficient prediction and uncertainty quantification of
high-dimensional reservoir models. Wang and Zhang [12] proposed a theoretically guided
NN for the inverse problem of oil–water two-phase flow in a porous medium. The in-
tegration of NNs with the physical background can enhance the efficiency of real-time
decision-making [13–15]. However, current physical-informed methods still fall short in
long-term two-phase flow prediction of actual 3D reservoirs.

In this paper, we propose the CL-FNO, which integrates the Fourier neural opera-
tor and the convolutional long short-term memory within a U-shaped encoder–decoder
configuration. The FNO module enhances the model’s generalization capabilities by in-
corporating physical principles, while the ConvLSTM module equips the network with
the ability to handle spatiotemporal data. Moreover, the U-shaped architecture effectively
unifies multilevel blocks in the network, enabling simultaneous consideration of spatial
and temporal information. The new architecture provides an effective way for establishing
a practical reservoir prediction surrogate model with complex engineering backgrounds.
In Section 2, we delineate the characteristics of some prevalent PDE-learning methods and
introduce details of the CL-FNO architecture. In Section 3, the train and test results of the
CL-FNO are presented and discussed.
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2. Methodology
2.1. Governing Equations of Two-Phase Flow in a Heterogeneous Porous Medium

The expression of the mass conservation equation of the oil and water two-phase flow
system is as follows:

−∇·
(
ρjvj

)
− ql

j =
∂

∂t

(
ϕρjSj

)
, j = o, w (1)

where j denotes different phases, including oil and water, o is the oil phase and w is the
water phase; ρj is the density; vj is the Darcy velocity; ql

j is the source/sink term (the
superscript l denotes the cell of the injection/production well); Sj is the saturation, and t is
time. The Darcy velocity equation is as follows:

vj = −
→
Kkrj

(
Sj
)

µj

(
∇p − ρjg∇z

)
, j = o, w (2)

where krj is the relative permeability;
→
K denotes the absolute permeability; µj is the viscosity;

g is the gravity acceleration; and z is the depth, m. In the 3D case, the effect on gravity is
considered using the following Equation (3):

pl
i+1 = pl

i + ρg∆zi,j+1 (3)

where i denotes the i-th longitudinal layer. Introducing Equations (2) and (3) into (1) makes
the sum of oil and water phase saturations in each cell 1. The pressure difference between
the two phases is defined as the capillary pressure, and the initial and boundary conditions,
which can be discretized using FVM, are added and the numerical solution can then be
obtained using the iterative method.

2.2. Reference Methods

This section provides a detailed exposition of existing PDE-related methods for flow
field prediction, primarily encompassing FCN, data-driven ConvLSTM, and PINN FNO
with physical significance.

FCN simplifies the solution of PDEs as an end-to-end mapping that can be regarded
as a finite-dimensional operator. In practical applications, the neural network is treated as
a universal image regression model processing mapping from flow field to flow field. The
distinct characteristics of FCN are the utilization of convolution layers without any fully
connected layer and the incorporation of dense connections originating from DenseNet [16].
Each convolution layer is cascaded to all preceding layers to facilitate feature reuse and to
reduce the gradient vanishing, as depicted in Equation (4).

xl = H[(x0, x1, . . . , xl−1)] (4)

where xl is the input of the l-th layer and H denotes the nonlinear transformation. Zhang
et al. [13] applied FCN to the learning of the oil–water two-phase flow, achieving sat-
isfactory results from a high-quality database. However, the over-simplification of the
underlying physical principles reduces the generalization of FCN when it is faced with
unfamiliar situations.

By considering the role of time, long short-term memory (LSTM) employs a recurrent
network architecture that can capture long-term dependency using gate structures [17]. Its
general form is represented as follows:

it = σ(Wxi ◦ xt + Whi ◦ ht−1 + Wci ◦ ct−1 + bi) (5)

ft = σ(Wxf ◦ xt + Whf ◦ ht−1 + Wcf ◦ ct−1 + bf) (6)

ct = ft ◦ ct−1 + it ◦ tanh(Wxc ◦ xt + Whc ◦ ht−1 + bc) (7)
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where it is the input gate; Wxi, Whi, and Wci are weight matrixes of input data xt, hidden
state ht−1 at time t − 1 and cell state ct-1 at time t-1, and bi is the bias of the input gate; ft
is the forget gate; Wxf, Whf, Wcf are weight matrixes of input data, hidden state, and cell
state; bf is the bias of the input gate; ct and ct−1 are the cell state at time t and t – 1; Wxc
and Whc are weight matrixes of input data and hidden state; bc is the bias of the cell state;
σ is the Sigmoid activation function; and tanh is the Tanh activation function. The input
gate is employed to regulate the memory quantity stored in the cell state, ct, at the current
time step. The forget gate, ft, governs the extent of forgetting historical information in
the hidden unit, ct. LSTM has been proven to exhibit persistent, adaptive memory and
forgetting ability to prevent the issue of vanishing gradients or exploding gradients [18].
However, the basic LSTM is difficult to deal with in the spatio-temporal scenario.

ConvLSTM employs convolutional operations for spatial information extraction to
reduce the redundant computation of fully connected layers, enabling the handling of
spatial information. The general form of ConvLSTM is represented as follows:

it = σ(Wxi ◦ xt + Whi ◦ ht−1 + Wci ◦ ct−1 + bi) (8)

ft = σ(Wxf ◦ xt + Whf ◦ ht−1 + Wcf ◦ ct−1 + bf) (9)

ct = ft ◦ ct−1 + it ◦ tanh(Wxc ◦ xt + Whc ◦ ht−1 + bc) (10)

where ∗ is the convolution operator and ◦ is the Hadamard product. Except for the
dimensionality of the data, the meanings of the symbolic letters are the same as explained
in the previous LSTM formulas. ConvLSTM has been proven to have good accuracy in the
flow field prediction of actual 3D reservoirs [19]. However, due to the lack of consideration
of the specific details of the prior physics problem, ConvLSTM still has shortcomings in the
training process, solution accuracy, and generalization ability.

PINNs incorporate the residual of PDEs, along with initial and boundary conditions,
into the loss function for training, thereby achieving data-free learning [10]. The definition
of the loss function is shown by Equations (11) and (12). When solving different PDE-
related problems, there are various forms of targeted improvements for the PINN-based
methods [20–22].

Loss = λ1MSEdata + λ2MSEPDE + λ3MSEIC + λ4MSEBC (11)

MSEdata =
1
N

N

∑
i=1

∣∣∣ûi − ui
∣∣∣2 (12)

where MSEdata is the L2 loss of prediction value and the true value, ui is the true value of
the i-th grid, ûi is the NN prediction value of the i-th grid, N is the number of mesh grids,
MSEPDE is the L2 loss of PDEs residual, MSEIC is the L2 loss of initial condition, MSEBC is
the L2 loss of boundary condition, and λ1, λ2, λ3, λ4 are hyperparameters used to balance
different loss values. PINNs are capable of data-free training; however, with the increasing
complexity of the physical background, the difficulty of training neural networks increases
rapidly. In reservoir engineering, the PINN method is also used to predict the underground
two-phase flow [12], but the speed is too slow to apply to actual issues.

The FNO stands out as a potent methodology for approximating a sequence of PDEs.
Within this framework, the solution operator, denoted as G, acts as a functional mapping,
whereby G(a) = u; here, a represents the input function and u is the corresponding solution
function. The FNO introduces a neural network-based approximation of this operator,
designated as G†. Consequently, the original mapping process is effectively substituted
by G†(a) = u, where G† directly estimates the operator G. The learned neural network
is theoretically a mapping from infinite dimensions to infinite dimensions. The mapping
process of the FNO is presented in Equations (13)–(15):

v0(x) = P(a(x)) (13)
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vt+1(x) = σ(Wvt(x) + (K(a;ϕ)vt)(x)) (14)

u(x) = QvT(x) + q (15)

(K(ϕ)vt)(x) = F−1(Rϕ·(Fvt))(x) (16)

where x is the coordinate or the sampling position; a is the input function; P is the encoder
layers; vt is the output of different layers, t = 0, 1, 2, . . . T − 1, where v0 is the encoded
a and the others are the output of Fourier layers; T is the total number of Fourier layers;
W is the mapping of vt; K is the kernel function that is used to approximate the integral
operator; ϕ is the parameter of the kernel function; Q is the decoding layer; and q is the bias.
To improve computational efficiency and take full advantage of the power of the neural
network, the kernel function is further simplified to Equation (16) [11].

The FVM and PINN methods usually find the solution u ∈ U of the equation directly. The
finite-dimension data-driven method is essentially a process of mapping limited quantities of
input parameters a ∈ A =

(
D;Rda

)
to the solutions u ∈ U =

(
D;Rdu

)
,G : A× Θ → U .,

although it cannot solve the same kind of PDE problem when the parameter coefficient
a ∈ A changes. Therefore, the computational costs of both are usually high. FNO adds
physical constraints to neural networks, which greatly improves the generalization ability
of the model. In FNO research, there is a prediction method that processes the prediction
of the neural network into a time series using a sliding time window.

However, for the complex 3D, two-phase, and long-term prediction in an actual
heterogeneous reservoir with multiple injection and production wells, the FNO still has
shortcomings, including training difficulty and prediction accuracy. This may be due
to insufficient utilization of pre-existing spatial structures and temporal sequence in-
formation. Therefore, in the following section, our model will be established based on
these considerations.

2.3. Convolutional Long Short-Term Memory-Fourier Neural Operator

The original FNO is used for the 2D single-phase flow problem [11]. When extending
the architecture-based 3D two-phase problems, the accuracy of the model will decrease due
to the inherent regularization effect (or feature loss) during model extraction, particularly
the loss of 3D information. We combine the 3D convolution operator and the FNO in
parallel, as shown in Figure 1, and Equation (14) is modified to Equation (17):

vt+1(x) = σ(Wvt(x) + Conv3D(vt(x)) + (K(a; ϕ)vt)(x)) (17)

where Conv3D is the 3D convolutional operator corresponding to a 3D convolutional
block in the NN. Compared with 2D convolution, 3D convolution can extract additional
information on channel dimension, corresponding to the engineering problem of the
3D reservoir model, so that the 3D convolution can better learn the longitudinal flow
characteristics between layers.

Water 2024, 16, x FOR PEER REVIEW 6 of 15 
 

 

 

Figure 1. The block detail of the encoding process in CL-FNO. 

In previous research, when processing time series data with FNO, the network had 

no memory-forgetting functions, which led to error accumulation in long-term prediction 

caused by inherent sample bias. To solve this problem, we address the long-term depend-

encies within the data structure by embedding ConvLSTM modules. The details of Con-

vLSTM are presented in Figure 2. In particular, we replace the convolution block of the 

original ConvLSTM with 3D convolution [23], as shown in Figure 2a. Training on time 

series data follows a technique similar to the one proposed by Li et al. [11]. A notable 

distinction is that each input batch in our method contains data from a single time step, 

rather than multiple time steps from a series. This approach deviates from the original 

FNO and presents challenges for efficient training; nevertheless, by incorporating a tem-

poral function, we successfully address this issue. The predictions are generated incre-

mentally, step by step. The losses from all steps are then averaged and employed to train 

the network, as illustrated in Figure 2b. 

 
(a) 

 
(b) 

Figure 1. The block detail of the encoding process in CL-FNO.



Water 2024, 16, 1411 6 of 15

In previous research, when processing time series data with FNO, the network had
no memory-forgetting functions, which led to error accumulation in long-term predic-
tion caused by inherent sample bias. To solve this problem, we address the long-term
dependencies within the data structure by embedding ConvLSTM modules. The details
of ConvLSTM are presented in Figure 2. In particular, we replace the convolution block
of the original ConvLSTM with 3D convolution [23], as shown in Figure 2a. Training on
time series data follows a technique similar to the one proposed by Li et al. [11]. A notable
distinction is that each input batch in our method contains data from a single time step,
rather than multiple time steps from a series. This approach deviates from the original FNO
and presents challenges for efficient training; nevertheless, by incorporating a temporal
function, we successfully address this issue. The predictions are generated incrementally,
step by step. The losses from all steps are then averaged and employed to train the network,
as illustrated in Figure 2b.
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Figure 2. The block detail (a) and decoding sequence (b) of ConvLSTM in CL-FNO.

The proposed CL-FNO is presented in Figure 3. The network is mainly composed of
the encoding part (including four encoding layers that gradually increase the receptive
field of the convolution block), the intermediate part (including four additional physical
constraint layers and a memory layer), and the decoding part (including four deconvolution
layers that gradually merge hierarchical details). The overall U-shaped structure employs
the same skip connection with the U-net between the same level to compensate for feature
loss during multiple down samplings. The detailed network information and the data
size at/after different levels are shown in Table 1. It should be noted that n in the input
40 × 40 × 20 × n is the number of variables; the number 20 in the last dimension of
“intermediate layer 2” is the accumulated result of recurrent decoding part in multiple
time steps.
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Table 1. Parameter settings for CL-FNO for synthetic case.

Portion Details Data Size

Input data - 40 × 40 × 20 × n
Encoding layer 1 3D Conv and 3D Fourier/Sum/ReLU 40 × 40 × 20 × 16
Encoding layer 2 3D Conv and 3D Fourier/Sum/ReLU 20 × 20 × 10 × 32
Encoding layer 3 3D Conv and 3D Fourier/Sum/ReLU 10 × 10 × 5 × 32
Encoding layer 4 3D Conv and 3D Fourier/Sum/ReLU 10 × 10 × 5 × 64
Intermediate layer 1 3D Fourier × 4 10 × 10 × 5 × 64
Intermediate layer 2 ConvLSTM layer 10 × 10 × 5 × 64 × 20
Decoding layer 4 Upsampling/Deconvolution/ReLU 10 × 10 × 5 × 64 × 20
Decoding layer 3 Upsampling/Deconvolution/ReLU 10 × 10 × 5 × 32 × 20
Decoding layer 2 Upsampling/Deconvolution/ReLU 20 × 20 × 10 × 32 × 20
Decoding layer 1 Upsampling/Deconvolution/ReLU 40 × 40 × 20 × 32 × 20
Output data - 40 × 40 × 20 × 1 × 20

3. Case Study
3.1. Synthetic Case

We used a synthetic model to test the effect of CL-FNO on model training and future
dynamic predictions. The input of the model is the permeability field, and the output is the
pressure and saturation field. The referenced parameter settings are derived from a cut-off
portion of an actual reservoir. The synthetic model size is 40 × 40 × 20, with 20 layers in
the longitudinal direction. The grid size is 20 m × 20 m × 20 m. Two injection wells (J1, J2)
and four production wells (P1, P2, P3, P4) are set in the block. J1, P1, and P2 perforate the
upper ten layers, and the other wells perforate the bottom ten layers, as shown in Figure 4.
Well control follows the original setting with a target injection and production rate. A total
of 2000 3D permeability fields are synthetically generated using a sequential Gaussian
method [24]. ECLIPSE software (version 2011.1) was used to generate data for 60 days per
time step and 20 time steps per permeability field. Finally, 1600 samples were randomly
selected as the training set and the remaining 400 samples were used as the test set.
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Figure 4. Permeability field example and the well location in the synthetic model.

The size of the input matrix is
(

N, Varx, Vary, Varz, n
)
. N is the batch size; Varx, Vary,

and Varz are the resolutions of the 3D data; n are variables number equal to 7, corresponding
to rock permeability, 3D location number, initial conditions, and relative permeability,
represented as {K, x, y, z, qcond, kro, krw}. However, in practice, we found that the training
efficiency was too low and the input of relative permeability did not have much effect
on improving accuracy. Therefore, we modified the input to {K, x, y, z, qcond}. The size of
the output matrix is

(
N, Varx, Vary, Varz, T

)
. T corresponds to the accumulated multiple

time steps. In our experiment, we employed distinct decoding networks for pressure and
saturation, and the overarching training and output process utilized a hard parameter-
sharing multitask learning process, thus T is twice the number of model time steps. For
all test samples, we calculated the relative root mean square error (RMSE) between the
predicted solution of FNO and the solution of the numerical simulation.

RMSE =

√
1
n

n

∑
i
|ŷi − yi |22 (18)

where ŷi is the prediction value, yi is the true value, and n is the number of observations. To
better see the overall error of the output flow fields, we calculated the overall mean relative
error (MRE):

δS =
1

ntest nMnt

ntest

∑
i=1

nM

∑
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nt
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(
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t
i,m
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t
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(19)

δp =
1

ntest nMnt

ntest

∑
i=1

nM

∑
m=1

nt

∑
t=1

p̂t
i,m − pt

i,m

pt
i, max − pt

i, min
(20)

where δS is the relative error of the saturation field; δp is the relative error of the pressure
field; ntest is the total number of test samples; nM is the total number of grids; nt is the
number of time steps;

(
Ŝw

)t
i,m is the prediction saturation; (Sw)

t
i,m is the true saturation;

p̂t
i,m is the prediction pressure; pt

i,m is the true pressure; pt
i, max is the maximum pressure;

and pt
i, min is the minimum pressure.

Based on the PyTorch framework, Adam is used for training, the initial learning rate
is set to 0.001, the weight decay is 0.0005, the batch size is set to 20, the L2 loss function
is calculated for backpropagation, and other parameters are kept at default Settings. The
training is performed on NVIDIA K80 GPU (24G). Specifically, in the Fourier block, the
number of low-frequency modes, s, is set to 12. The above settings are the recommended
choices obtained through multiple experiments during our study and will also be used
in the next application case. Other details of training processes are the same as those
of previous works [14]. The network structure of 3D ConvLSTM is the same as that
described in previous research [19], in which the convolution size is adaptively adjusted
to maintain the input and output sizes in this paper, while the time series data structure,
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hyperparameter settings, and training process are the same as those of the CL-FNO in
this paper. An automated program was prepared to complete the training of NNs for
100 epochs.

In Figure 5, it can be seen that the loss of CL-FNO reduces quickly, corresponding to
higher accuracy. At 100 epochs, the loss of ConvLSTM still decreases, but at a very slow
speed, which indicates an actual slower training speed. ConvLSTM is considered a SOTA
module for spatiotemporal information prediction widely used in various spatiotemporal
information processing, but it still lacks consideration of the physical background. With the
addition of physical constraints, CL-FNO has a clear first principles background instead of
a black box, which significantly improves the performance of the model.
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Figures 6 and 7 are the surrogate model prediction results corresponding to the
permeability in Figure 4. In Figure 6, it can be seen intuitively that the pressure distribution
in steps 1, 13, and 20 (corresponding to 60, 780, and 1200 days) predicted by the surrogate
model is in good agreement with the actual pressure distribution as a whole, especially the
longitudinal pressure distribution. This shows that our CL-FNO has good performance
for the long-term prediction of the 3D flow field. However, there is still a certain degree
of error between the predicted and actual results of saturation in Figure 7, especially in
the longitudinal direction, and this error tends to accumulate as prediction time increases.
To further analyze the pressure prediction accuracy, Figure 8 shows the pressure fitting
results of five observation points, where the x-axis is the actual value and the y-axis is the
predicted value. It can be seen that the observation points are at or close to the line y = x,
which indicates that the predicted value fits the actual value well. As can be seen in Table 2,
the RMSE of the pressure and saturation are close for all samples, but the relative error of
pressure field prediction is significantly lower than the saturation field error. In this regard,
we make the following analysis: CL-FNO can predict the 3D saturation and pressure field,
especially the long-term prediction of pressure, and still maintain good accuracy, which is
the effect caused by the addition of physical constraints and cyclic gating functions at the
same time. However, the larger relative error of saturation prediction may be due to the
different “emphasis of error” of pressure and saturation, as the RMSEs of both reached a
similar level, but there is still a gap between the field map and the MRE accuracy of the two.
Therefore, saturation and pressure learning may not be suitable for backpropagation of the
same set of loss functions, and they should probably be learned separately or coupled in a
better way in a set of NN architectures.
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Table 2. Reservoir saturation and pressure prediction errors.

Parameter RMSE δ/%

P 0.0642 0.95
Sw 0.0651 5.21
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3.2. Actual Reservoir Case

To validate the usability of the model in the actual oil field, the 3D CL-FNO model is
applied to a real reservoir block case. The reservoir model is designed based on an actual
water-flooding oil field, and the reservoir model has 60,048 (138 × 49 × 9) grid blocks with
44,550 active units. Figure 9 shows the actual logging permeability and well network. The
northern edge of the reservoir has a large boundary fault and an internal fault with an angle
of approximately 20◦ to the fault. The field has 20 producing wells and 10 injection wells,
each with three injection sections. The reference permeability distribution and injection
and production well locations are shown in Figure 9. The production well was controlled
by the bottom hole pressure and injection wells were controlled by flow rate. The wells
were shut down when the water cut exceeded 90%.
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It is worth noting that the actual oil field was developed over a long period, and there
is a large amount of historical data, including historical simulation data, which can be used
in the training. This provides valuable direction for the reutilization of historical oil field
data. Finally, we supplement part of the data with numerical simulation, which is used for
training our model. The training flow of the actual case is the same as that of the synthetic
case. In particular, the resolution of the input data is adaptively adjusted. The detailed
neural network architecture used for the real case is shown in Table 3.
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Table 3. Parameter settings for CL-FNO for actual reservoir case.

Portion Details Data Size

Input data - 138 × 49 ×9 × n
Encoding layer 1 3D Conv and 3D Fourier/Sum/ReLU 138 × 49 ×9× 16
Encoding layer 2 3D Conv and 3D Fourier/Sum/ReLU 69 × 25 × 5 × 32
Encoding layer 3 3D Conv and 3D Fourier/Sum/ReLU 40 × 13 × 3 × 32
Encoding layer 4 3D Conv and 3D Fourier/Sum/ReLU 40 × 13 × 3 × 64
Intermediate layer 1 3D Fourier × 4 40 × 13 × 3 × 64
Intermediate layer 2 ConvLSTM layer 40 × 13 × 3 × 64 × 20
Decoding layer 4 Upsampling/Deconvolution/ReLU 40 × 13 × 3 × 64 × 20
Decoding layer 3 Upsampling/Deconvolution/ReLU 40 × 13 × 3 × 32 × 20
Decoding layer 2 Upsampling/Deconvolution/ReLU 69 × 25 × 5 × 32 × 20
Decoding layer 1 Upsampling/Deconvolution/ReLU 138 × 49 × 9 × 32 × 20
Output data - 138 × 49 × 9 × 1 × 20

The pressure and saturation field distributions corresponding to the permeability
field in Figure 9 are shown in Figures 10 and 11. In Figure 10, the pressure prediction still
intuitively agrees with the true value at time step 13; however, there is an observable error
between them at time step 20. The pressure field can be accurately predicted over long
time steps; however, after a longer time, there is a degree of divergence in the error. In
Figure 11, the change in saturation is not very obvious; however, it can be observed that
from the 13th time step, the prediction error begins to appear as a more obvious diffusion.
Using 20% of the 800 training samples, we obtain the overall prediction error in Table 4;
the RMSE and δ of saturation are larger, and its learning difficulty is greater than that of
the pressure field. In particular, the δ of the pressure is also larger than that in the artificial
model, indicating that the learning difficulty of the actual model is greater. In general,
our improved 3D-FNO effectively realizes the pressure prediction of the actual complex
3D heterogeneous two-phase flow model. The overall error is controlled to within 10%,
and the prediction error of the pressure field is controlled to within 5%, maintaining good
accuracy during long-term prediction. The physically constrained machine learning model
has great potential to assist with faster and more efficient reservoir dynamic prediction.
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Table 4. 3D saturation field distribution of the actual reservoir model.

Parameter RMSE δ/%

P 0.0747 2.46
Sw 0.1151 7.23

4. Conclusions

The fast and accurate prediction of oil–water two-phase flow in subsurface reservoirs
is a crucial tool for enhancing the efficiency of engineering development. In this paper,
a convolutional long short-term memory-Fourier neural operator (CL-FNO) model is
proposed for 3D predictive model building, and the architecture is established by coupling
the physical constraint with the spatio-temporal forecast. The performance of the model is
validated using a synthetic model and an actual reservoir model:

1. A novel CL-FNO is designed based on the U-shaped architecture, combining the
physical constraints Fourier neural operator, the temporal processing convolutional
long short-term memory, and the spatial 3D convolution block.

2. A surrogate model is trained based on a synthetic numerical model and the CL-FNO
is validated, exhibiting satisfactory long-term forecasting performance.

3. Based on an actual reservoir, a practical surrogate model is trained and the CL-FNO is
demonstrated to possess the potential for addressing practical engineering requirements.

The CL-FNO realizes the prediction of the flow fields dynamic of the 3D oil–water
two-phase flow in the heterogeneous reservoir, although there is still a problem in error
divergence during longer-term prediction. In the future, we will conduct research on
more advanced machine learning methods to further improve the accuracy and generaliza-
tion ability.
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