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a b s t r a c t

Water saturation is one of the most critical yet often underappreciated petrophysical parameters in
reservoir characterization. A wide range of petrophysical and reservoir engineering computations that
lead to crucial field development decisions, including reserve estimation, waterflooding efficiency
calculation, and capillary pressure deduction, rely on its accurate determination. This study demon-
strates how machine learning techniques can forecast reservoirs’ fluid saturation and pressure distri-
bution. This study describes a deep learning–based proxy modeling technique for accurately predicting
reservoir pressure distribution and fluid (oil, water, and gas) saturation during water flooding in single-
layer heterogeneous reservoirs. This study used recurrent neural networks (RNNs) and convolutional
neural networks (CNNs) to build a proxy model. This work indicates that compared to simulation
outcomes, computer-based machine learning algorithms can accurately predict fluid (oil, water, and gas)
saturation and pressure distribution. The stated accuracy was evaluated numerically and graphically,
and error analysis between various machine learning approaches and simulated results was utilized.

© 2025 Chinese Petroleum Society. 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

Throughout the oilfield development process, reservoirs
frequently have a considerable volume of residual oil due to
reservoir heterogeneity and diverse production modes. As a result,
predicting the residual oil or water saturation distribution is crit-
ical for future oilfield development (Glushkov et al., 2021). The
ability to accurately estimate reservoir propertiesin a reservoir
makes it easier to tap the residual oil. There are two main con-
ventional approaches to analyzing and estimating water satura-
tion. The first approach is to use a petrophysical model to measure
the reservoir's water saturation. Archie (1947) calculated water
saturation (Sw) in the reservoir using formation resistivity and
porosity. Others used capillary pressure data and computed water
saturation using saturation–height functions, such as the Heseldin

system (Heseldin, 1974) or the Leverett J function (Leverett, 1941).
These methods take a long time to execute, and their sampling

range does not accurately match the reservoir. The second
approach is numerical simulation, which is commonly used in the
petroleum industry. Several simulation techniques have emerged
for various development scenarios and reservoir sizes (Chen et al.,
2006; Ertekin et al., 2001; Karimi-Fard et al., 2004; Riviere, 2007).
At this point, reservoir modeling plays a significant role in
formulating reservoir development plans and optimizing oil re-
covery (Edwards et al., 2011). In this context, many researchers
have used numerical modeling to study water saturation distri-
bution for a variety of problems, including water imbibition
(Almulhim et al., 2014; Tuero et al., 2017; Zhang et al., 2018), the
performance of enhanced oil recovery (EOR) approaches (Al-
Zawawi et al., 2011; Yuan et al., 2010), unconventional reservoir
exploitation (Liu et al., 2017; Liu and Wu, 2015), and so on. AI
applications are becomingmore prevalent in numerous petroleum
engineering disciplines, such as reservoir characterization
(Mohaghegh et al., 2000), PVT (Pressure Volume Temperature)
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data prediction (Gharbi and Elsharkawy, 1997), well log interpre-
tation (Baldwin et al., 1989; Lim and Kim, 2004), well test data
analysis (Sultan and AI-Kaabi, 2002; Rahman, 2012; Rahman et al.,
2017a, 2017b), seismic characteristics (Roth and Tarantola, 1992),
fault detection (Omurlu et al., 2012; Sadiq and Nashawi, 2007), and
formation damage prognosis (Nikravesh et al., 1996; Samuel,
2000; Zhou et al., 1994).
Owing to the boom of big data and data analytic methods to

simplify certain operations, minimize cost, and increase efficiency,
machine learning (ML) has become a fast-growing topic in every
industry, including the oil and gas industry. Machine learning is a
subdiscipline of artificial intelligence that refers to a class of
mathematical algorithms that can “learn” from existing data
without specific programming. These algorithms can be used to
create models that can forecast the result of a series of circum-
stances. Completion, formation, and fluid parameters are the
conditions in this case. Samuel (2000) described machine learning
as the area of research that enables computers to learn without
being directly taught or programmed. Nagi et al. (2009) concluded
that ML algorithms can be used to evaluate fluid properties instead
of collecting extensive fluid data in each reservoir to decide spe-
cific key parameters essential for in-field oil or gas production.
Field development plans and resource assessment are heavily
influenced by initial hydrocarbon saturation. However, reservoir
propertiesis calculated using indirect measurements from
spatially dispersed wells and saturation height modeling with
unknown parameters. This paper uses various neural network
architectures to develop predictive models that can accurately
estimate fluid saturation and pressure distribution throughout a
reservoir.

2. Background

In 1952, Nobel Prize winners Sir Alan Lloyd Hodgkin and Sir
Andrew Fielding Huxley successfully decoded the functionality
and mechanism of the neurons of a giant squid. They built the first
mathematical and electric model to simulate a biological neuron
(Tian and Zhou, 2021). Fig. 1 shows a biological neuron that con-
sists of four major parts: dendrites, soma (cell body), axons, and
synapses. The nerve signal was found to be a sort of electrical
signal generated due to the different concentrations of chemical
electrolytes. Each neuron receives these signals from other neu-
rons within its dendrites as a current ranging from − 5 to 12 nA.
The current flow accumulates the charge within the soma until a
particular membrane potential is reached. Then, a charge spike
moves across the cell's axon, activating the synapses to release
electrolytes to other neurons. Learning is achieved by adjusting the
number of chemicals released from each neuron and transmitted

to others. Thus, the learned information is embedded in the rate of
the activated signals within the cell.
Researchers took advantage of this discovered mechanism of

the nervous system and tried to mimic and combine it with the
traditional nonlinear regression models to form an artificial neural
network (ANN) (Zhang, 2019). As shown in Fig. 1, the inputs to
artificial neurons are similar to the signals received by the den-
drites. At the same time, the summation (Σ) acts like the accu-
mulation of charge within the cell. The nonlinear activation
function (f ) simulates the nonlinearity in the spike's characteris-
tics. The weights (ωi) indicate the input signals' strength (xi). As in
the biological nervous system, weights are the key to tuning the
neurons to learn features and estimate a specific output. A neural
network (NN) usually consists of multiple neurons connected in a
feedforward layered architecture. Each neuron in this architecture
has its own set of weights.
To adjust these weights, a supervised learning approach is

applied in which pairs of input and output are provided to the
neural network model, and a learning algorithm is used to update
the values of the weights in a manner that reduces the error be-
tween the neural network estimated output and the expected
output. This is done by decreasing the weights proportional to the
error derivative using gradient descent (Du et al., 2019). However,
training a model in this way may result in overfitting problems, in
which themodel learns the output and any noise in that output. To
overcome this, the dataset must be divided into training and
testing datasets. The learning algorithm uses only the training part
to tune the model parameters, while the test dataset evaluates the
model accuracy. As the learning error is likely to decrease during
the learning process, the best parameters for themodel result from
a minimum testing error. Thus, it is guaranteed that the model
learns the actual characteristics andwill work fine for any data, not
only those used in the training.
The previously described neural network is called a shallow

neural network due to the small number of layers and neurons in
each layer. Much success has been achieved with shallow neural
networks in many fields with acceptable accuracy, but their per-
formance was poor in complex problems such as computer vision.
This situation changed in 2000 when new types of NN architecture
called deep neural networks (DNNs) and recurrent neural net-
works (RNNs) were introduced (Aizenberg et al., 2000). Inspired
by the human brain, researchers have used complex neural
network models with many neurons per layer and many layers in
deep learning models. Massive datasets are used to train these
models after overcoming some technical problems in DNN, like the
problem of vanishing or exploding gradients. The performance of
DNNs in solving complex problems increases and overwhelms
other approaches. During the development of DNNs, a new type of
NN architecture called convolutional neural networks (CNNs)
evolved. CNNs (Smith and Topin, 2016) consist of convolutional

Fig. 1. Artificial neuron vs. biological neuron (Patoary et al., 2015; Zhang, 2019).

Fig. 2. Convolutional neural network.
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layers and are usually applied to images or any inputs represented
in a spatial matrix format, as shown in Fig. 2a. In CNNs, the same
model is used to rectangle part of the image to produce an output,
and this model is then shifted to scan the whole image, as illus-
trated in Fig. 2b. Many terminologies and parameters are associ-
ated with CNN, such as padding, which is expanding a border with
zero values with the goal of producing an output image with the
same exact dimensions as the input image. CNNs were first used to
solve handwritten digit-recognition problems (Ciregan et al., 2012)
and were then used to address many other issues, such as flow in
physical processes (Tu et al., 2019; Rahman et al., 2020; Rahman
et al., 2017a, 2017b).
Applying deep learning approaches to forecast dynamic reser-

voir behaviors, particularly in EOR processes, has advanced
significantly in recent years. Heterogeneous permeability distri-
butions and facie changes are two examples of complicated spatial
properties that can be captured by CNNs. Moreover, predicting the
temporal dynamics of production factors such as pressure and
saturation using RNNs has shown promise, especially long short-
term memory (LSTM) architectures. In order to create data-
driven models that can predict production dynamics without the
use of conventional recursive numerical solvers, a number of
studies have also investigated combinations of CNNs and RNNs.
However, few of the hybrid CNN–RNN approaches that are

currently in use have specifically addressed the spatiotemporal
prediction of local pressure and saturation distributions within
heterogeneous water-flooded reservoirs. Instead, the majority of
these approaches concentrate on the time-series prediction of
global production indicators, such as cumulative oil production or

water cut. Furthermore, even if these models are good at capturing
the dynamics of production, they frequently consider temporal
and geographical variables separately, or they need a lot of
computing power and training data to generalize across different
geological contexts.
We suggest a novel two-stage hybrid deep learning approach to

fill these gaps. In order to effectively learn the spatial patterns of
reservoir heterogeneity and their impact on flow behavior, we first
build a proxy model utilizing CNN-based architectures. The model
is able to capture localized interactions between fluid character-
istics and rock because of this spatial encoding. Next, we include
this spatially informed representation in an RNN module that
simulates the time-varying fluid saturation and pressure distri-
butions. Our method enhances the accuracy and effectiveness of
predictions in extremely diverse settings by concurrently learning
spatial and temporal information in a single framework.
This work builds upon and enhances earlier works in a number

of significant ways. First, rather than providing overall perfor-
mance measurements, it offers fine-scale spatial-temporal pre-
dictions of pressure and saturation fields. Second, it offers
potential benefits in real-time reservoir management and scenario
screening by introducing an effective and generalizable proxy
modeling strategy that lessens reliance on extensive simulation
runs and allows prediction across various reservoir settings
without retraining from scratch.

Table 1
The dataset features collected from the CMG simulator.

Static Data Grid block locations (x,y,z)
Reservoir layers
Porosity
Permeability

Calculated Data Distance of each grid block from the production well
Dynamic Data Pressure for each grid block

Gas, water, and oil saturations for each block

Table 2
Input and output parameters of the NN model for the first scenario.

Input Output

Distance from the well Block pressure (t)
Block pressure (t-1) Block fluid saturations (t)
Block fluid saturation (t-1)
Well pressure (t-1)
Well fluid saturations (t-1)
Well pressure (t)
Well fluid saturations (t)

Table 3
Architecture for pressure and saturation networks for the first scenario.

Pressure model Fluid saturation model

1st hidden 16 neurons with ReLU 16 neurons with ReLU
layer activation function activation function
2nd hidden 16 neurons with Tanh 16 neurons with Tanh
layer activation function activation function
3rd hidden 16 neurons with ReLU 16 neurons with ReLU
layer activation function activation function
4th hidden 16 neurons with Tanh 16 neurons with Tanh
layer activation function activation function
5th hidden 16 neurons with ReLU 16 neurons with ReLU
layer activation function activation function
Output One neuron with Sigmoid 3 neurons with SoftMax
layer activation function activation function

Fig. 3. Integration of relative permeability LUTs with the NN model.

Table 4
Input and output parameters of the NN model.

Input Output

Distance from the well Block pressure (t)
Block pressure (t-1) Block fluid saturations (t)
Block fluid saturation (t-1)
Well pressure (t-1)
Well fluid saturations (t-1)
Well pressure (t)
Well fluid saturations (t)
Block relative permeability (t-1)
{krg,krog,krw,krow}

Fig. 4. Three neighbor modes in a single-layer reservoir: (a) 4-adjacent neighbors, (b)
4-diagonal neighbors, and (c) 8-surrounding neighbors.
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3. Methodology

This paper estimates pressure and fluid saturation distribution
changes within the reservoir during production. Because the
pressure difference is the main reason for all the flows within the
reservoir, the estimation of fluid saturation behavior is done in
parallel with that of the pressure. The data necessary to train and

test the model are generated from numerical simulator software
(CMG). The proposed workflow to design the neural network
model consists of five steps:

(1) Run CMG for a long time (10 years) over the given reservoir
and generate a tabulated format, as shown in Table 1.

(2) Preprocess the data to generate a tabular dataset as input
and output pairs. Each record contains the temporal and
spatial information that is ready to be fed to the NN model
for training and testing purposes.

(3) Normalize the input and output data to have the samemean
and standard deviation. Divide the dataset into 50 % training
and 50 % testing sets.

(4) Design an NN model by adjusting its layers, the number of
neurons per layer, and the activation function for each layer.
Use only the training set to tune the model parameters
while using the testing set to evaluate the trained model.

(5) Repeat the last two steps until a model with acceptable
performance is reached.

For this study, we considered five scenarios: two concerning
radial models and three concerning cartesian reservoir models.
Both homogeneous and heterogeneous reservoirs are handled in
these scenarios. Additionally, the effect of relative permeability is
considered in four scenarios. These scenarios are described in the
following subsections.
We chose 83 neurons to handle the heterogeneous reservoir

case after conducting a number of empirical tuning tests to strike a
balance between prediction performance and model complexity.

Table 5
Dataset inputs and outputs for the third scenario.

Input Output

Block location, porosity, and permeabilities Block pressure (t)
Block pressure (t-1) Block fluid saturations

(t)Block fluid saturation (t-1)
Well pressure (t-1)
Well fluid saturations (t-1)
Well pressure (t)
Well fluid saturations (t)
Block relative permeability (t-1)
Neighbor blocks' location, porosity, and
permeabilities

Neighbor blocks' relative permeability (t-1)
Neighbor blocks' pressure (t-1)
Neighbor blocks' fluid saturations (t-1)

Table 6
Architecture for pressure and saturation networks.

Pressure model Fluid Saturation model

1st hidden 83 neurons with ReLU 83 neurons with ReLU
layer activation function activation function
2nd hidden 83 neurons with Tanh 83 neurons with Tanh
layer activation function activation function
3rd hidden 83 neurons with ReLU 83 neurons with ReLU
layer activation function activation function
4th hidden 83 neurons with Tanh 83 neurons with Tanh
layer activation function activation function
5th hidden 83 neurons with ReLU 83 neurons with ReLU
layer activation function activation function
Output 1 neuron with Sigmoid 3 neurons with SoftMax
layer activation function activation function

Fig. 5. CNN architecture.

Table 7
Block parameter range.

Parameter Minimum value Maximum value

Porosity 0.18 0.35
permeability I 750 1000
permeability J 750 1000
permeability k 75 100
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Fig. 6. One-day prediction rock and fluid properties for the first scenario.
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Fig. 7. 2000-day prediction rock and fluid properties for the first scenario.
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Given the geographic resolution and complexity present in our
diverse datasets, this number was determined to provide the op-
timum trade-off between underfitting and overfitting. The
network must extract and express more detailed spatial correla-
tions in heterogeneous reservoirs due to the more complex spatial
variability in parameters such as permeability and porosity; this is
why the design is a little larger and deeper than in the homoge-
neous case. Concerning the application of Tanh and ReLU alter-
nating activation functions: We made this deliberate decision
because we wanted to preserve gradient flow stability throughout
training while still capturing nonlinear interactions. Although
ReLU functions are good at managing sparsity and accelerating
convergence, deep layers may experience the “dying neuron”
issue. Artificial neurons that stop responding or updating because
their output becomes stuck at zero are frequently are referred to as
“dying neurons” in artificial neural networks (common in ReLU
activation functions), network learning is so constrained. In
contrast, Tanh provides smoother transitions and performs better
when mapping input features into a normalized range, especially
when dealing with spatial data that fluctuates, as is the situation in
heterogeneous reservoirs. We sought to capitalize on the advan-
tages of both by switching between these functions, allowing the
network to acquire intricate features while avoiding training
problems such as dead activations or disappearing gradients.

3.1. Fluid flow for a homogeneous radial model ignoring relative
permeability

In this scenario, a neural network model that predicts the daily
variation of the pressure and fluid saturations in a homogeneous
reservoir is proposed.We assumed that the reservoir consists of one
layer with 120 ring-shaped grid sectors. Due to the homogeneity of
the reservoir, the flow is uniform and symmetric in a radial pattern.
This means that different sectors will have the same pressure and
fluid flow if they have the same distance from the well. When
analyzing fluid flow toward awell in reservoir engineering and well
hydraulics, the distance from the wellbore frequently determines
the pressure and flow characteristics at any given point in the
reservoir, presuming that the reservoir's characteristics are homo-
geneous and isotropic (uniform in all directions). This model can
also estimate the pressure and fluid distribution throughout car-
tesian reservoirs by combining cartesian grid blocks with the same
distance from the production well into the same radial sector. The
input and output variables of the model are shown in Table 2.
Due to the radial approximation of the reservoir, a deep neural

network with only feedforward layers is used. As summarized in
Table 3, the proposed model reflects spatial and temporal infor-
mation. The spatial information is embedded in the distance from
the well. Due to the homogeneity and symmetry of the reservoir
model, this simple spatial information is sufficient to estimate the
output. At the same time, the temporal information is provided as
the values of the pressure and fluid saturations on the previous day
(t − 1). A vital constraint when designing this architecture is that
the sum of all fluid saturation should equal 1. This is achieved by
using a SoftMax activation function for the output layer of the
saturation model. The SoftMax function treats its outputs as
probabilities to ensure that their sum is 1, which is suitable for our
model. Normalization is another crucial step inwhich all the input
and output variables are normalized to have approximately the
same average and variance. This process is necessary to accelerate
the model training process. However, to maintain the fluid satu-
ration constraint, fluid saturation values in both inputs and output
should not pass through the normalization process and should be
considered naturally normalized data.

3.2. Fluid flow for a homogeneous radial model by considering
relative permeability

One of the shortages in the previous model is that the relative
permeability was ignored. The neural network model was left to
predict and calculate these values in some intermediate layer
when needed during the training phase. However, this assumption
is not useful in the case of a heterogeneous reservoir or when the
model is applied to another reservoir with different relative
permeability tables. Therefore, relative permeability is included as
an additional input parameter, as shown in Table 2. Relative
permeability is calculated using lookup tables (LUTs). Interpola-
tion is used to estimate the intermediate values within the given
input range of the LUTs, while a hard limit is used for those values
outside the input range of the LUTs. Fig. 3 illustrates how the LUTs
are integrated with the neural network model input. The model
shown in Table 3 is used for this scenario. In the data normaliza-
tion step, the maximum and minimum values of the relative
permeability are taken from the LUTs, not from the trained data.

3.3. Fluid flow prediction for a cartesian single-layer homogeneous
reservoir using a DNN

ACartesian homogeneous reservoir consisting of one layer with
30 grid blocks in both x and y directions is utilized in this scenario.

Table 8
Mean absolute percentage error value for each output prediction.

Training data (50 %) Testing data (50 %)

Pressure 0.019215 % 0.019317 %
Oil saturation 0.004579 % 0.004571 %
Water saturation 0.008108 % 0.008110 %
Gas saturation 0.139461 % 0.139323 %

Fig. 8. The accumulated MAPE of the fluid flow for first scenerio.

Table 9
Mean absolute percentage error value for each output prediction.

Training data (50 %) Testing data (50 %)

Pressure 0.050315 % 0.050296 %
Oil saturation 0.017106 % 0.017081 %
Water saturation 0.019896 % 0.019956 %
Gas saturation 0.463798 % 0.465348 %
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Fig. 9. One-day prediction rock and fluid properties for the second scenario.
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Fig. 10. 2000-day prediction rock and fluid properties for the second scenario.
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Each block has a cuboid shape with the same dimensions. Relative
permeabilities are also included in the model to provide more
flexibility in adjusting its values through the LUTs. The input and
output of this model are similar to those listed in Table 4. As shown
in the table, temporal information is included as the previous day's
pressure and fluid saturation values. The only difference is that the
spatial information is provided by the distance between the well
and the center of each block described by the Euclidian distance as
well as the x and y components of that distance. This allows the
model to consider different permeabilities in each direction. The
architecture of the proposed model is also the architecture pro-
vided in Table 3. The only change is the number of inputs to the
first layer. This is logical because the radial model used in the first
two scenarios can be considered an approximation of a Cartesian
model of a homogeneous reservoir.

3.4. Fluid flow prediction for a cartesian single-layer
heterogeneous reservoir using a DNN

In the fourth scenario, a heterogeneous reservoir is used to
create the dataset. The heterogeneity of this reservoir is guaran-
teed by randomly sampling the porosity and permeability of each
block in the three basic directions from uniform distributions.
Uniform distributions are chosen to ensure that the sampled
values are distributed over the whole possible range. This con-
tributes to training a general model that can handle any possible
values of porosity and permeability. Additionally, the uniform
distributions have a hard limit to the values to keep them within
the acceptable range.
Due to the heterogeneity, the blocks’ pressure and fluid distri-

bution cannot be estimated only using the information of the well
block but also with the neighbor blocks. For a single-layer reser-
voir, only neighbors in two dimensions are required. Thus, there

are three choices for neighbors, as shown in Fig. 4. Two consider
only the four nearest neighbors in adjacent or diagonal directions.
The third handles all eight possible neighbors. The pressure, fluid
saturation, and relative permeabilities of the 4-adjacent neighbors
(Fig. 4a) on the previous day are additional inputs to the model.
Therefore, the model can learn complicated spatial-temporal
patterns. Moreover, the porosity and permeability of the five
blocks (neighbors and the current blocks) are fed as inputs to the
model because of the heterogeneous nature of the reservoir.
Table 5 lists both the input and output variables for this model.
A DNN model with multiple layers and many nodes per layer,

shown in Table 6, is proposed for such a complicated issue to learn
such a large amount of information. The activation functions in
each layer are chosen carefully to eliminate gradient decaying or
saturation problems. The ReLU activation function is used in some
layers as it does not suffer from these problems. Furthermore, the
Tanh activation functions are used to produce normalized values
with a higher probability of having a zero mean and standard
deviation. This improves the speed of learning.

3.5. Fluid flow prediction for a cartesian single layer heterogeneous
reservoir using a CNN

Using the previously proposed model for solving the hetero-
geneous reservoir can capture the reservoir's performance. Pre-
paring the data in a format that is suitable for themodel would add
a lot of overhead, such as finding the neighbors of each block or
padding for boundaries. Another issue is that the block informa-
tion is repeated several times in the dataset when the outputs are
estimated for that block or when its neighbors are calculated. This
unnecessary repeated data increases the size of the dataset and
take excessive time in the preparation process.
In this scenario, a CNN-based model is proposed to address

these two issues. By using convolutional layers, the entire reser-
voir can be processed in each step. Because of the overlap scan
pattern for the convolutional operation, the time and effort used to
prepare the input data for the model are reduced with no repeated
data. As shown in Fig. 5, the model follows the same numbers of
neurons and activation functions shown in Table 6. To follow the
pattern of 8-surrounding neighbors (Fig. 4c), a 3 × 3 convolutional
layer is used in the first four layers, while 1 × 1 convolutional
operations are utilized in other layers. Additionally, a skip
connection is utilized for faster learning. To preserve the given
dimension of the reservoir, a zero-padding technique is used.

4. Experiment setup

In this work, the pressure and the saturation values of each
fluid at each block in the reservoir are estimated during contin-
uous production via the proposed NN models. The data necessary
to train and test the proposed model is generated using a nu-
merical simulator called CMG. Two types of reservoir models are
studied: radial and cartesian. For the radial reservoirs, a homo-
geneous approach in which the parameters are kept constant for
all blocks in the entire reservoir is used. For Cartesian reservoirs,
both homogeneous and heterogeneous approaches are considered.
The parameters of each block in a heterogeneous reservoir are
randomly sampled from a uniform distribution function. These
parameters are porosity, permeability I, permeability J, and
permeability k, where I, J, and k are the three basic directions. The
ranges of values used for the uniform distribution are shown in
Table 7. The uniform distribution ensures that all values within
these ranges are equally represented in the data. Therefore, their
effect will be learned by the model without any biasing.

Fig. 11. The accumulated MAPE of the fluid flow for second scenerio.

Table 10
Mean absolute percentage error value for each output prediction.

Training data (50 %) Testing data (50 %)

Pressure 0.013085 % 0.013049 %
Oil saturation 0.007446 % 0.007442 %
Water saturation 0.008236 % 0.008229 %
Gas saturation 0.187085 % 0.186719 %
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For each scenario, CMG is used to generate a dataset of the daily
pressure and fluid saturation values for 10 years. This dataset is
divided into two halves to form training and testing datasets. The
training dataset is used to train the previously proposed models to
estimate those values of reservoir properties for a horizon of one
day. In contrast, the test dataset is used to evaluate the model's
performance. Although the estimation horizon of the model is just
one day, it can be used in a recursive way to extend the estimation
to even longer periods. The metric used to evaluate the models is
the mean absolute percentage error (MAPE), which is given by
equation (1).

MAPE=
1
n

∑n

i=1

⃒
⃒
⃒Xi − X̂ i

⃒
⃒
⃒

|Xi| + ϵ
*100 % (1)

where Xi and X̂ i indicate the actual and predicted data, respec-
tively, n represents the number of the input/output pairs, and ϵ is a
small positive value to avoid division by zero.
Here, we present the advantages of combining CNNs and

RNNs.; (1) In addition to learning local spatial dependencies
within pressure and saturation fields, CNNs are very good at

Fig. 12. One-day prediction rock and fluid properties for the third scenario.
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Fig. 13. 1000-day prediction rock and fluid properties for the third scenario.
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capturing spatial heterogeneities in reservoir parameters (such as
permeability and porosity). (2) RNNs can describe temporal dy-
namics by observing how these spatial properties change
throughout the course of production, especially LSTMs or Gated
Recurrent Units (GRUs). (3). (5) Conventional methods frequently
call for recursive numerical solvers for every time step. By
implicitly learning from prior time steps, CNN–RNN models can
increase prediction speed and minimize computing load. (6) This
architecture's scalability for long-term production simulation can
be enhanced by training it to predict multiple future states at once.
(7) RNNs assist in adapting to time-varying boundary conditions
(such as injection rate and production restrictions), but CNNs do
well in generalizing across spatial domains with comparable sta-
tistical properties. (8) The model is resilient and portable because

of its combined ability to generalize across various reservoir ge-
ometries, injection techniques, and well configurations. (9)
Sequential time series are commonly used to record field and
simulation data. RNNs are perfect for combining with CNN-
derived spatial embeddings to forecast changing flow behavior
because they are built to process such sequences. (10) For reservoir
diagnostics, CNN layers offer intermediate spatial representations
that may be seen and analyzed. Engineers can comprehend the
timing of water breakthrough, pressure decline, and sweep effi-
ciency progression thanks to RNN outputs' ability to analyze
temporal trends.

5. Results and discussion

This section lists the results of applying the proposedmodel for
each scenario. For each scenario, theMAPE of the estimated output
for a horizon of one day is calculated for both the training and
testing datasets. For a one-day prediction, Fig. 6 illustrates how the
predicted values are distributed within the reservoir compared
with those produced by CMG. The relative percentage error is also
shown for each grid block. The same set of results is presented in
Fig. 7, but in a recursive mode in which the output is estimated for
a longer period (i.e., 1500 or 2000 days). In this mode, we start
with the information of the first day (day 0) and use it to predict
the next day, i.e., day 1. Then, we use the predicted output to
predict the output of the day after (day 2) and so on until the final
day is reached. Two criteria are used to determine the final date for
the recursive mode: (1) the time is long enough to complete a
lengthy series of subsequent forecasts, and (2) the period is short
enough for the reservoir to run out. This proves that the model can
be used for prediction over a longer period without losing much
accuracy. Of course, the error will be more than that of a one-day
prediction because of error accumulation.

5.1. Fluid flow for a homogeneous radial model ignoring relative
permeability

Table 8 shows the MAPE for each estimated output calculated
over the entire dataset. The training error values are less than
0.15 % for all predicted values, which reveals that the proposed
model learned how the pressure and fluid are distributed within
the reservoir and how they change during production. The error of
the testing dataset is also less than 0.15 %, implying that the model
achieves the generality goal. The first column of Fig. 6 illustrates
how the pressure and fluid flow are distributed within the whole
reservoir calculated using CMG versus a one-day prediction using
the proposed NN model. The second column shows the relative
error calculated at each reservoir's sector due to that prediction.
The maximum percentage error is less than 0.25 % for all predicted
values. Fig. 7 is similar to Fig. 6 but for a 2000 recursive prediction.
The maximum error in this recursive prediction increased to 1.2 %.
Fig. 8 illustrates how the daily error accumulates over a period

of 10 years in a recursive prediction mode given only the initial
pressure and fluid saturation. The errors are less than 1 % for all
values except for the initial gas saturation due to the low gas
saturation, which means that even a small difference in absolute
magnitude can lead to a high error percentage.

5.2. Fluid flow for a homogeneous radial model by considering
relative permeability

For the second scenario, the MAPE values are less than 0.5 % for
all estimated outputs for both the training and testing datasets
(Table 9). This is higher than the first scenario but still in the
acceptable range. This difference is due to an increase in the

Fig. 14. The accumulated MAPE of the fluid flow third scenerio.

Table 11
Mean absolute percentage error value for each output prediction.

Training data (50 %) Testing data (50 %)

Pressure 0.03637 % 0.03650 %
Oil saturation 0.01866 % 0.01872 %
Water saturation 0.00970 % 0.00975 %
Gas saturation 0.44912 % 0.45114 %

Fig. 15. The accumulated MAPE of the fluid flow fourth Scenerio.
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Fig. 16. One-day prediction rock and fluid properties for the fourth scenario.
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complexity of the problem. Fig. 9 shows the predicted pressure
and saturation for each fluid within the reservoir using CMG
versus those predicted by the model and the relative error for a
one-day horizon estimation. The maximum percentage error is
less than 0.5 % for all predicted values, again higher than the first
scenario. Fig. 10 shows the same but for 2000 daily successive

Fig. 17. 1000-day prediction rock and fluid properties for the fourth scenario.

Table 12
Mean absolute percentage error value for each output prediction.

Training data (50%) Testing data (50%)

Pressure 0.12647 % 0.13131 %
Oil saturation 0.02967 % 0.03066 %
Water saturation 0.06394 % 0.06708 %
Gas saturation 0.73594 % 0.87408 %
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estimations. The maximum error reaches 1.1 %.
Fig. 11 illustrates the daily MAPE error for the recursive pre-

diction for the reservoir that evolves over 10 years of production.
As in the first scenario, the maximum error value is still less than 7
%, but the average error is higher. This highest error rate is still in
the prediction of gas saturation in the beginning.

5.3. Fluid flow prediction for a cartesian single-layer homogeneous
reservoir using DNN

The MAPE errors evaluated for the datasets for a one-day ho-
rizon prediction are shown in Table 10. The error values evaluated
over both datasets are less than 0.2 % for all predicted values,
which is still acceptable. Each image in Figs. 12 and 13 shows the
reservoir in which each pixel represents a grid block, and the color
associated with that pixel indicates the pressure or saturation
value of a certain fluid in that grid. The color bar at the right of each
image maps the color to a given value. From left to right, the im-
ages in Fig.12 are the values calculated by CMG, those predicted by
the proposed model over a one-day horizon, and the relative error
for each grid block. The rows from top to bottom illustrate the
pressure, oil saturation, water saturation, and gas saturation.
Fig. 13 follows the same pattern but for 1000 successive pre-
dictions from day 0 until day 1000. The maximum percentage
error is less than 3 %.
The dailyMAPE of the recursive prediction for the reservoir over

10 years is shown in Fig. 14. The maximum error value is still less
than 3.5 %. Fig. 13 shows the distribution of the predicted values
over the whole reservoir after a 2000-day recursive prediction
compared with CMG values and the percentage error due to this
recursive prediction in the same manner as in previous scenarios.
The maximum error in this recursive prediction increased to 3 %.

5.4. Fluid flow prediction for a cartesian single-layer
heterogeneous reservoir using DNN

The prediction error increases as the model becomes more
complex for a heterogeneous reservoir, especially in the recursive
mode. Table 11 shows that the MAPE for all predicted reservoir
properties for a one-day horizon prediction is still small (less than
0.5 % for all the predicted values). Following the same pattern
described before for Figs. 12 and 13, the pressure and fluids
distributed within the reservoir for the 1000-day horizon predic-
tion are obtained in the set of images included in Figs. 16 and 17.

Fig. 16 indicates that the relative error for a one-day prediction is
less than 1 % for all blocks within the reservoir for all predicted
values. The same results can obtain using the recursive prediction
mode after 1000 consequent predictions, as shown in Fig. 17. Ac-
cording to Fig. 15, the maximum daily estimation error recursively
estimating the pressure and saturation of the fluids within the
reservoir over 10 years has a maximum daily estimation error is
less than 3.5 %.

5.5. Fluid flow prediction for a cartesian single-layer
heterogeneous reservoir using CNN

Using a CNN enables us to implement a more complex model
with a higher hierarchy and to utilize skip connections. It also
eliminates the overhead of preparing the spatial data for the
feedforward model used in the previous subsection. The predic-
tion of the boundary blocks, which were previously neglected, is
considered in this model. Table 12 shows that the MAPE for a one-
day horizon prediction is less than 0.9 % for all values. Fig. 19
provides an example of a one-day forecast. In this example, the
relative error is less than 4.5 % for all the reservoir blocks and all
predicted values. The same example is repeated for a recursive
prediction mode lasting 1000 days. The relative error for the
estimated quantities is included in Fig. 20. The maximum error in
this recursive prediction increased to 5.5 % but is still in the
acceptable range. The daily MAPE utilizing this mode is shown in
Fig. 18 for the reservoir over 10 years, with a maximum value of
less than 4 %. Table 13 describes the comparison between tradi-
tional and our proposed data driven model.

5.6. Interpretation of results and implications for reservoir
management

A variety of heterogeneous reservoir scenarios were success-
fully predicted by the suggested hybrid CNN–RNN model in terms
of fluid saturation and pressure distribution over time. In addition
to serving as a stand-in for computationally costly full-physics
simulations, these forecasts offer insightful information about
reservoir behavior that is pertinent to field development planning.
The anticipated physical trends in single-layer heterogeneous
reservoirs in situations of water flooding were reflected by model
forecasts. For instance, both simulation and model projections
showed that areas with poorer permeability saw slower water
front progress and a delayed pressure reduction.
The model's capacity to implicitly learn permeability contrasts

and their impact on multiphase flow was demonstrated by the
temporal changes in saturation profiles that corresponded with
the heterogeneity patterns. The algorithm identified areas of early
water breakthrough and low sweep efficiency—two important
markers of oil that have been omitted from the saturation maps
over time. These understandings are essential for choosing zones
for conformity control interventions, such as gel or polymer
treatments, or for determining infill drilling targets. Proactive
operational adjustments to improve recovery aremade possible by
the capacity to forecast such qualities. Decisions about fluid in-
jection rates and well placement can be supported by the model's
near-real-time forecasting results. Operators can postpone water
breakthrough, maintain reservoir pressure, and optimize injection
techniques by anticipating localized pressure fall or saturation
buildup. This supports EOR techniques by using predictive
modeling to improve the time and placement of gas or water
injection.

Fig. 18. The accumulated MAPE of the fluid flow for fifth scenerio.
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Fig. 19. One-day prediction rock and fluid properties for the fifth scenario.
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Fig. 20. 1000-day prediction rock and fluid properties for the fifth scenario.
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6. Conclusions

In addition to numerical modeling, this work offered an addi-
tional method for quickly and reliably predicting reservoir water,
oil, gas saturation, and pressure distribution. These predictions
were created using a deep neural networkmodel with feedforward
and CNN layers. The dataset derived from a simulation was used
for model training and testing. It was found that it is possible to
anticipate reservoir properties faster using the trained model than
using numerical simulation.
When predicting water, oil, and gas saturations and pressure

distribution throughout the reservoir, the DNN provides a fast,
general method that can be used for both heterogeneous and ho-
mogeneous reservoirs. A simple model with feedforward layers
can be used with acceptable results for a simple and specific
reservoir type. For a more general reservoir model, a CNN provides
a better solution that offers good results and reduces the compu-
tational time needed for data preparation in each iteration.
The developed models have proven to be accurate and reliable

for an extended prediction period. Based on model validation, the
models can forecast water, oil, gas saturation, and pressure dis-
tribution and offer clues for where to access residual oil in future
production. Thus, machine learning approaches provide signifi-
cant computational time benefits over numerical simulation, as
the trained models can be utilized for other reservoir settings.
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