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Abstract: Production forecasting plays an important role in development plans during the entire
period of petroleum exploration and development. Artificial intelligence has been extensively
investigated in recent years because of its capacity to extensively analyze and interpret complex
data. With the emergence of spatiotemporal models that can integrate graph convolutional networks
(GCN) and recurrent neural networks (RNN), it is now possible to achieve multi-well production
prediction by considering the impact of interactions between producers and historical production
data simultaneously. Moreover, an accurate prediction not only depends on historical production
data but also on the influence of neighboring injectors’ historical gas injection rate (GIR). Therefore,
based on the assumption that introducing GIR can enhance prediction accuracy, this paper proposes
a deep learning-based hybrid production forecasting model that is aimed at considering both the
spatiotemporal characteristics of producers and the GIR of neighboring injectors. Specifically, we
integrated spatiotemporal characteristics and GIR into an attribute-augmented spatiotemporal graph
convolutional network (AST-GCN ) and gated recurrent units (GRU) neural network to extract
intricate temporal correlations from historical data. The method proposed in this paper has been
successfully applied in a well pattern (including five producers and seven gas injectors) in a low-
permeability carbonate reservoir in the Middle East. In single well production forecasting, the error
of AST-GCN is 63.2%, 37.3%, and 16.1% lower in MedAE, MAE, and RMSE compared with GRU and
62.9%, 44.6%, and 28.9% lower compared with RNS. Similarly, the accuracy of AST-GCN is 15.9% and
35.8% higher than GRU and RNS in single well prediction. In well-pattern production forecasting,
the error of AST-GCN is 41.2%, 64.2%, and 75.2% lower in RMSE, MAE, and MedAE compared with
RNS, while the accuracy of AST-GCN is 29.3% higher. After different degrees of Gaussian noise
are added to the actual data, the average change in AST-GCN is 3.3%, 0.4%, and 1.2% in MedAE,
MAE, and RMSE, which indicates the robustness of the proposed model. The results show that the
proposed model can consider the production data, gas injection data, and spatial correlation at the
same time, which performs well in oil production forecasts.

Keywords: performance prediction; deep learning; graph convolutional network; spatiotemporal
characteristics; carbonate reservoir

1. Introduction

In the petroleum exploration and development industry, the prediction of oil pro-
duction is very important in decision-making, planning, and evaluation. The reservoir
characteristics, dynamic development parameters, and well operation parameters make
the relationship between production and time non-linear and difficult to understand, and
the prediction of production becomes a challenging task [1]. As the world entered the era
of “Industry 4.0”, an increasing number of data could be stored and retrieved at any time.
In this condition, there has been a great deal of research on production forecasting.
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Decline curve analysis (DCA), developed by Arnold and Anderson [2] in conjunc-
tion with Arps [3], has become one of the most widely used methods in oil production
forecasting. It describes oil production by fitting historical data using empirical equa-
tions [4] to describe the entire oil production process. In the DCA method, the results can
be regressed in time according to the time series data, which requires the production data
only [5]. DCA, however, has some limitations, such as generating only perfect curves [6,7],
being susceptible to human interference [8], and the fact that only production data can
be considered.

The emergence of reservoir numerical simulation (RNS) solves many constraints of
DCA to a certain extent. RNS means utilizing commercial simulation software to build
models close to the actual reservoir to predict sequential production [9–11]. During the
establishment of RNS, a large number of static data are required, mainly including basic
reservoir data, block basic data, single well reservoir data, and single well basic data.
It is worth mentioning that the numerical simulation model is widely used in reservoir
production optimization because of its reliable and stable physical background. Yaser
Ahmadi [12] measured the impact of injection water temperatures and speed on production
based on reliable physical experiments, providing a reliable basis on which to formulate
reservoir development plans. The reservoir engineer can establish a reliable simulator
for the whole reservoir by setting up some assumptions and providing some simplified
processes so as to calculate the dynamic and static parameters of the reservoir. Due to
its strong physical basis, RNS takes into account the complex processes of fluid flow in
the reservoir [13,14]. The numerical simulation can also consider the impact of different
driving modes on production, such as water drive, gas drive, and WAG drive, and some
examples in the literature have proved the impact of adsorption [15] on production during
the driving process. With RNS, all of the producers’ future production can be calculated
after calculations, and the stability and applicability can be verified [16]. However, RNS is
a bottom-up approach, which involves completing a geological model, numerical model,
and history matching in sequence [17,18]. If these processes are not properly treated, it
is difficult to ensure the accuracy of production forecasting [19–22]. Engineers will have
trouble generating an accurate model if the data are missing or not properly handled before
building a numerical model [23]. Moreover, it is necessary to perform a costly PVT analysis
even though a reasonable physical model has been established, and subsequent tedious
history matching is required, which is time-consuming and costly [17].

The analytic method is that the reservoir engineer establishes the mathematical equa-
tions of fluid flow between the reservoir and the wellbore. After assuming the boundary
conditions, fluid compressibility, reservoir homogenization, etc., the targeted solution can
be obtained. As the model is established considering the actual needs of the site as much as
possible, the analytical method is widely used in production prediction, drilling, and com-
pletion [24], and key parameters calculation [25]. In a word, there are always advantages
and disadvantages to several traditional methods in the oil and gas industry.

With the rapid development of theoretical algorisms and the improvement of com-
puting power, artificial intelligence has had a profound impact on the oil industry [26].
The capabilities of artificial intelligence allow it to analyze and interpret vast amounts of
complex data in detail and handle highly complex systems between inputs and outputs.
As a consequence, petroleum development has been utilized in many ways, including the
placement optimization of wells [27], the estimation of reservoir uncertainty [28,29], the
selection of fracture candidates [30], drill string mechanic calculations [31], the restoration
of missing values [32], the analysis of main factors and sensitivity [33], the analysis of
saturation distributions [34], and history matching [35,36].

Reservoir engineers also use machine learning algorithms to predict production. Data-
driven methods of oil production prediction can be broadly divided into two categories
based on the characteristics of the data inputs: one using the static and dynamic parameters
of the reservoir and the other using historical production data. This paper focuses on the
latter. Huang [37] collected 15 years of actual data, established a correlation analysis on
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commonly used production characteristics in development and predicted the oil production,
water production, gas-oil ratio, and water cut under WAG flooding based on a long short-
term memory (LSTM) model, which showed that the method was more accurate and faster
than a traditional reservoir numerical simulation. Li [38] made a forecast for oil production
based on the bidirectional gated recurrent unit (Bi-GRU), and a sparrow search algorithm
(SSA) was utilized in hyperparameter searching. Song [6] combined LSTM and particle
swarm optimization (PSO) to predict the well production.

Predictions made by classical deep learning algorithms also have some limitations.
Many examples in the literature mainly discuss the prediction of historical data for a
single well on a time scale without considering the complex spatial distribution between
different wells. Therefore, a hybrid model is needed to extract intricate spatial and temporal
correlations from historical data. We summarized the main advantages and limitations of
the current study, as shown in Table 1.

Table 1. Advantages and limitations of the current study.

Advantages Limitations

DCA
1. Easy to apply and fast to predict.
2. Less basic data required.

1. Only ideal curves can be output.
2. Only applicable to production decline stage, not

applicable to new wells.

RNS
1. Strong physical background.
2. More intuitive for reservoir engineers.

1. Need a lot of basic data.
2. The prediction time is long, and the accuracy is

difficult to guarantee.

Analytic method
1. Strong mathematical background.
2. Relatively high accuracy.

1. Good mathematical foundation is required.
2. Difficult to simulate complex

underground conditions.

RNN
1. RNN can model data series (i.e., time series data).
2. Simple structure.

1. Cannot process long sequence data.
2. Gradient disappearance and gradient explosion.

LSTM
1. Ability to learn long-term dependence.
2. Can overcome gradient disappearance and explosion.

1. High performance computing equipment is required
to ensure computing speed.

GRU
1. Ability to learn long-term dependence.
2. Overcoming gradient disappearance and explosion.
3. Relatively simple structure.

1. The upper limit of model accuracy is restricted.

Hybrid model 1. It can integrate the advantages of other methods. 1. More effort is needed to adjust hyperparameters.

Since the proposal of graph convolutional networks (GCN), it has become possible
to extract spatiotemporal correlations from the data, and several papers have proposed
combining multiple algorithms to improve predictions. Zhao [39] used a spatiotemporal
graph convolutional network to combine GCN and GRU for traffic prediction and obtained
good results. Du [40] combined GCN and LSTM networks to predict the production of a
well pattern with seven producers, indicating the great potential of the GCN-LSTM hybrid
prediction model. The results of the above literature show that the mixture model can
better analyze the spatiotemporal relationship and show better prediction performances.
However, the examples from the above literature are based on the production data of
multiple wells and do not consider other data, such as the gas injection rate (GIR) of
the adjacent injectors; even the gas injection rate of the adjacent wells is also closely
related to production.

To capture the producers’ spatial–temporal relationships and historical GIR data
of neighboring injectors, we proposed an attribute-augmented spatial-temporal graph
convolutional network (AST-GCN ). It models GIR as dynamic attributes and designs
an attribute augmentation unit to encode and integrate these attributes into a spatial-
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temporal graph convolutional model. Meanwhile, the GRU is utilized to capture temporal
correlations. A well model in a low-permeability carbonate reservoir in the Middle East
has been successfully applied using the proposed hybrid model (including five producers
and seven gas injectors). The proposed model performs better compared with conventional
production methods such as RNS and GRU. The robustness of the model was further tested
by adding Gaussian noise.

The remaining sections of this paper are as follows. Our approach is described in
Section 2. The data preprocessing process, model structure, and parameter values are
discussed in Section 3. In Section 4, the proposed method is tested and compared with
other methods, and the robustness of the hybrid model is assessed through perturbation
analysis. In Sections 5 and 6, we discuss and draw conclusions.

2. Methodology

In oil production forecasting, historical well data and additional information are used
to predict well performance. As a result, this paper presents a method for predicting oil pro-
duction rates while also considering other features that relate to production. The proposed
study considers the spatial distribution of the well network, the effect of gas injection, and
historical production data, which differs from the previous literature. To better understand
the oil production forecasting problem, some definitions will be given first.

First, there is the well network G = (V, E), which represents the connections be-
tween different producers consisting of the producing wells and the connected edges.
V = v1, v2, . . . , vn represents the different producers and n is the number of producers.
Production well edges are represented by E = e1, e2, . . . , em, and m is the number of edges.
We illustrate the connectivity of the well network by using the adjacency matrix in this
paper. Next, there is the production matrix X, which xt

i indicates the production of the
i-th producer at time t. The third description is the attribute matrix K =

{
j1, j2 , . . . , jt},

where jt
i is the j-th auxiliary information of the i-th well at time t. To calculate the dynamic

attributes of each producing well, this paper splits the gas injection of all gas wells con-
nected to each producing well. The result of the splitting is used as dynamic attributes for
each producer.

According to Equation (1), the production forecasting problem can be described as the
above-mentioned matrices.

[xt+1, xt+2, . . . , xt+T ] = f (G, X|K) (1)

2.1. Graph Convolutional Network

In contrast to conventional single-well production prediction, this paper implements
multi-well production prediction by capturing complex spatial dependencies through
convolutional neural networks (CNNs). CNNs are widely used to extract spatial features,
especially in computer vision [41] and image analysis [42]. In the processing of Euclidean
structured data, convolution provides a framework that reduces learning parameters while
maintaining expressiveness. Despite this, CNNs are limited in many ways. As a result of the
different number of neighbors per vertex, CNNs can only process Euclidean data. Data sets
in non-Euclidean domains such as chemical molecules, social networks, or well-network
distributions are difficult for CNNs to handle [43,44].

Graph convolutional networks (GCNs) were developed to solve the above problems.
They can handle data with arbitrarily structured inputs. After Bruna [45] first proposed
GCNs, many researchers continued to improve them [39,46,47], and they have been suc-
cessfully applied in different scenarios, including document classification, unsupervised
learning, and image classification. Figure 1 illustrates the structure of GCN. In GCN, node
information is summarized using edge information, and then a new node representation is
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generated. GCN is a first-order simplification of ChebNet. The mathematical representation
of ChebNet can be represented as follows:

y = σ
(

Ugθ(Λ)UTx
)

(2)

gθ(Λ) =
K

∑
k=0

βkTk
(

Λ̂
)

(3)

where U is a matrix with column vectors as unit eigenvectors, U = u1, u2, . . . , un; Λ
is the diagonal matrix, Λ = diag(λ1, λ2, . . . , λn); λi is the frequency; ui is the basis
corresponding to i; gθ(Λ) is the convolution kernel; x is the feature vector of each node,
which is a vector composed of features provided by the data set; Tk( Λ̂) is the Chebyshev
polynomial with Λ̂ = 2Λ

λmax
− I; and βk is the coefficient of the Chebyshev polynomial.
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We can simplify Ugθ(Λ)UTx through the formula below:

Ugθ(Λ)UTx ≈
1

∑
k=0

θkTk
(

Λ̂
)
x = θ0x− θ1D−

1
2 AD−

1
2 x (4)

where A is the adjacency matrix, D is its degree matrix, and θ0 and θ1 are its weight coefficients.
Based on the assumption θ = θ0 = −θ1, it is now possible to overcome the problem of

overfitting and haphazard calculations during analysis.

Ugθ(Λ)UTx ≈ θ
(

I + D−
1
2 AD−

1
2

)
x (5)

Moreover, we introduced the renormalization trick to alleviate the problems of gradi-
ent anomalies in Equation (6):

IN + D−
1
2 AD−

1
2 → D̃−

1
2 ÂD̃−

1
2 (6)

where Â = A + IN is the adjacency matrix with added self-connections, IN is the unit
matrix, and D̃ = ∑j Ãij is the degree matrix.

Then, the GCN model is constructed by stacking multiple convolutional layers, which
can be expressed as follows:

H(l+1) = σ
(

D̃−
1
2 ÂD̃−

1
2 H(l)θ(l)

)
(7)

where H(l) is the output of the l-th layer, θ is the weight matrix, and σ is the activation function.
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2.2. Attribute-Augmentation Unit

The gas injection rate (GIR) of the injector is modeled as a dynamic attribute D.
Afterward, the attribute augmentation cell (A-cell) receives the adjacency matrix A, the
production feature matrix X, and the attribute matrix D to make the final capacity prediction
based on these three matrices, as shown in Figure 2.
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Considering that the production state in a specific period is cumulatively influenced
by the dynamics, therefore, a new augmented matrix E can be obtained by combining
D which contains all the dynamic attributes and X which contains the characteristics of
production. The attribute augmentation cell is as follows:

Et =
[
Xt, Dt−m,t], Et ∈ Rn×(m+1)) (8)

2.3. Temporal Dependence Modeling

As a variant of recurrent neural networks, the GRU model not only captures trends
but also describes temporal relationships. GRU works by using gating mechanisms to
remember long-term information, and it is equally effective for a wide range of tasks.
Compared to other algorithms, GRU has a simple structure, few parameters, and fast
training capabilities. Therefore, GRU was chosen to determine the temporal dependence of
the production data.

A key characteristic of GRU is that it is based on the cell state and two gates, which
marks it apart from RNNs. The architecture of the RNN and GRU is shown in Figure 3. rt
and zt denotes the reset gate and update gate, respectively, which can be described as
Equations (9) and (10), respectively:

rt = σ(Wr · [ht−1, Feat] + br) (9)

zt = σ(Wz · [ht−1, Feat] + bz) (10)

where Wr is the weight matrix and br is the bias matrix of the reset gate. Wz is the weight
matrix and bz is the bias matrix of the update gate. ht−1 represents the output at time
t − 1 and Feat is the input at time t. σ is an activation function. We chose σ = tan h
as the activation function. Subsequently, the new memory cell state can be obtained by
Equation (11):

h̃t = tan h(Wh · [ht−1 � rt, Feat] + bh) (11)
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where Wh is the weight matrix for the new memory cell state and bh is the bias matrix. The
symbol � is the Hadamard product.
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The gate signal (zt) ranges from 0 to 1. The closer the gating signal is to 1, the more
data is remembered, and the closer to 0, the more is forgotten. Thus, one expression can
control forgetting and input to produce an output (ht) in Equation (12):

ht = (1− zt)� ht−1 + zt � h̃t (12)

2.4. Attribute-Augmented Spatiotemporal Graph Convolutional Network

In this study, GCN and GRU are combined to build an AST-GCN model, which aims
to capture spatiotemporal correlation on production data, as shown in Figure 4. The
augmentation matrix E is used as the input of the model f , and the final prediction result ŷ
is obtained in Equation (13):

ŷ = f (A, E) (13)

The process of combining GCN and GRU for well network production forecasting is
represented by Equations (14)–(17).

rt = σ
(
Wr ·

[
gc
(
Et, A

)
, ht−1

]
+ br

)
(14)

zt = σ
(
Wz ·

[
gc
(
Et, A

)
, ht−1

]
+ bz

)
(15)

ct = tan h
(
WC ·

[
gc
(
Et, A

)
, (rt, ht−1)

]
+ bc

)
(16)

ht = ut ∗ ht−1 + (1− ut) ∗ ct (17)

Loss = ‖yt − ŷt‖+ λLreg (18)

where gc(·) is the graph convolution operation, W and b are learnable parameters. yt and
ŷt are the true value and prediction value at time t, Lreg represents the L2 regularization,
and λ is a hyperparameter that controls the regularization rate.
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3. Case Study
3.1. Workflow

The overall structure of this paper is shown in Figure 5. Based on the collected data, the
data is preprocessed, including denoising, normalization, and splitting. Then, the proposed
model is trained and optimized using the training sets until the set criteria are met. Finally,
the trained model is used for prediction on the test set to verify the effectiveness and
robustness of the proposed model. Each specific step in the flowchart is described in
detail below.

3.2. Reservoir Background

Our target oil reservoir (Reservoir B) is in the Middle East and is a low-topographic
tight carbonate reservoir with a small gas cap on the top and an oil-water transition zone
on the lower side. The overall porosity of the B reservoir is between 12% and 17%, which is
moderate to good. However, the average calculated core permeability is less than 5 mD,
except for a few points in partitions BII and BIII, which exceed 10 mD and are less than
50 mD. The lower permeability is attributed to the blocking of the primary intergranular
effective pore system caused by diagenesis. All production wells and water injection wells
are 6-inch open-hole horizontal wells without any modification measures. The average
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length of a horizontal well is 4000 feet. The depth of each well is between 8920 feet
and 9060 feet, which means that the maximum depth difference is only 140 feet. Yaser
Ahmadi [48] carried out strict experimental research on a carbonate reservoir, and the
author studied the impact of different driving mechanisms on oil recovery. Specifically, it
was found that the associated gas had a higher recovery potential, which illustrates the
priority of gas injection in the carbonate reservoir.
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Figure 5. Workflow of our proposed method.

In this study, we selected five producers and seven gas injectors as the target well
pattern. HC gas is injected into the target reservoir to increase production. For each injector,
the target injection rate is 20,000 Mscf/day, and the target injection pressure is 5000 psi. It
is sufficient to meet our needs using the production/injection data since 2006 when gas
injection began.

3.3. Data Collection and Preprocessing

The following datasets are used, including the production and GIR data. The pro-
duction data contains five producers’ raw production history from 1 February 2011 to
22 March 2017, as shown in Figure 6. The relation is modeled by a 5*5 adjacency matrix in
Equation (19). The oil production time series of the selected wells were collected, and a
feature matrix in a 2242*5 matrix was formed.

P1 P2 P3 P4 P5
P1
P2
P3
P4
P5


0 0 1 0 0
0 0 0 1 0
1 0 0 1 1
0 1 1 0 0
0 0 1 0 0

 (19)

The gas injection rate of the gas injection well is a very important factor affecting
production. Some traditional deep learning algorithms can also consider the gas injection
rate of the adjacent wells, but these methods have limitations. Specifically, the gas injected
by the gas injection well does not all flow to a certain producer but will flow to all the
connected wells in different proportions. However, when the traditional deep learning
method takes the gas injection rate of adjacent wells as the input feature, it can only consider
a gas injection well’s overall gas injection rate rather than the gas injection rate data most
relevant to the particular producer.
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To better apply the gas injection data, this paper defines a coefficient named a producer–
injector relationship coefficient to quantify the effect between the wells, which can be
calculated by Equation (20).

Specifically, a 2242*5 matrix needs to be obtained, where the row represents the number
of days, the column represents each production well, and the matrix value represents the
gas injection rate received by a producer from adjacent gas injection wells at a specific time.
Since a producer may be directly connected to a different number of injection wells, this
paper believes that this value is jointly determined by the producer–injector relationship
coefficient and the gas injection rate of all the adjacent gas injection wells.

The corresponding permeability parameters, reservoir thickness, and well distance can
be obtained from geological data and have reference significance. Based on the calculated
connection degree coefficient Cij, combined with the GIR of the injection well obtained by
statistics, the gas injection volume received by a production well on a certain day GRj can
be calculated by Equation (21), which is a 2242*5 matrix. As we can see in Equation (20),
the sum of several Cij centered on a production well should be one:

Cij =

KijHij
/

Dij

∑n
1

Kij Hij
/

Dij

(20)

where j represents the producer, i represents the gas injectors connected with the producer,
n represents the number of producers, Kij represents the average permeability between
the production well j and the adjacent gas injection well i, mD, Hij represents the average
thickness of the reservoir between the production well j and the adjacent gas injection well
i, m, and Dij represents the distance between two wells, m.

GRj =
n

∑
1

GIi × Cij (21)

GRj represents the gas rate received in the j-th producer from the connected gas injectors
and GIi is the gas injection rate of the i-th injector. The producer–injector relationship
coefficient calculated in this paper is shown in Figure 7. According to the results of
the coefficient and the gas injection volume of the adjacent gas injection wells, we can
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comprehensively calculate the gas volume received by a production well on a certain day,
which will be collected as a 2242*5 matrix.
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After data collection, we introduce the process of data preprocessing, including de-
noising, normalization, and splitting. First, we will introduce the process of data denoising.
The Kalman filter is an optimal autoregressive data processing algorithm, which simply
predicts the optimal value based on the existing measured values. Thus, we utilize the
Kalman denoising method to remove noise from production data, thus smoothing the
trend of the production data series. The average determination coefficient between the
raw oil production and the denoised daily oil production is 0.9788, which is shown in
Figure 8, indicating that the noise is effectively removed and the key information in the
dataset is retained.

X(t) = A·X(t− 1) + B·U(t) + W(t) (22)

Z(t) = H·X(t) + V(t) (23)

where X(t) is the system state, and U(t) is the control amount of the system. A and
B are system parameters, and for multi-model systems, they are matrices. Z(t) is the
measurement value at time t, H is the parameter of the measurement system, and for a
multi-measurement system, which is a matrix. W(t) and V(t) represent the process and
measurement noise, respectively.

Then, the Min-Max-Scaler was used to normalize the production characteristics, as
shown in Equation (24). The data used in this study is divided into a training set and a test
set with a ratio of 87:13; the first 87% of the data as a training set is used for training the
hybrid model. The last 13% of the data as a testing set is used to evaluate the performance
of the prediction.

xnor =
xi −min(xi)

max(xi)−min(xi)
(24)

xnor is input variable after normalization.
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3.4. Model Structure, Training, and Evaluation

To evaluate the prediction performance of the proposed model, four metrics, including
RMSE, MAE, MedAE, and accuracy, are utilized to evaluate the prediction results. The
specific formulas of the three evaluation indicators are as follows in Equations (25)–(27):

RMSE =

√√√√√ 1
n

n

∑
i=1

(yi − ŷi)
2 (25)

MAE =
1
n

n

∑
i=1
|yi − ŷi| (26)

MedAE = median(|y1 − ŷ1|, . . . , |yn − ŷn|) (27)

where yi is the i-th actual value, ŷi is the i-th predicted value, and n is the number of
samples in question.

In order to better compare the performance between the algorithms, the accuracy
evaluation criteria are defined as Equation (28)–(30).

δi =
ŷi − yi

yi
(28)

δ =
1
n

n

∑
i=1

(∣∣∣∣ ŷi − yi
yi

∣∣∣∣) (29)

Accuracy = 1− 1
n

n

∑
i=1

(∣∣∣∣ ŷi − yi
yi

∣∣∣∣) (30)
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3.5. Comparison of Models

To further demonstrate the superiority of the AST-GCN model proposed in this paper,
the AST-GCN model is compared with traditional RNS and GRU.

RNS: In this paper, we performed the 1942-day historical matching of target reservoirs,
including five producers. The historical matching quality is shown in Figure 9. The oil
production rate, water production rate, gas production rate, and GOR are all well-adjusted
to actual values. Under these conditions, the numerical model of the reservoir can be
used to predict oil production. During the prediction process, the injection rate is set to
be consistent with the actual value, and the production rate is set to be controlled by the
bottom hole pressure (BHP).
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GRU: For a fair comparison, this paper uses the gas injection volume of the adjacent
wells as an additional input feature to predict the production of five producers in turn.
Before formally applying the GRU model to predict well pattern production, it is necessary
to verify the applicability of the GRU model. Based on the numerical simulation model, we
selected a producer as the prediction object. After the data preprocessing steps described
above, the production data in the first 1942 days were input into the GRU model. The
architecture of the GRU model is shown in Table 2. The production prediction results and
error analysis are shown in Figure 10 and Table 3. As shown in Table 3, the MedAE of
GRU is 210.73, the MAE is 306.56, the RMSE is 515.15, and the accuracy is 86.72. From
the production prediction results, it is clear that GRU can capture the dynamic character-
istics. Therefore, the well prediction effect proves the applicability of the GRU model in
production prediction.
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Table 2. The architecture of the GRU model proposed in this paper.

Parameters Value

Number of neurons 256

Epoch 3000

Batch size 128

Loss function MSE

Optimizer Adam

Activation function ReLU

Dropout rate 0.1

Learning rate 0.001
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Figure 10. The predictive performance of oil production using GRU model: (a) The raw data from
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Table 3. Error analysis of the prediction performance.

Evaluation Metrics GRU

RMSE 515.15

MAE 306.56

MedAE 210.73

Accuracy 86.72

4. Experimental Result

In this section, firstly, the production of five producers in a low-permeability carbonate
reservoir in the Middle East will be predicted, and the results will be compared with GRU
and RNS; secondly, the result of the well pattern production prediction will be compared
with RNS which has the ability to predict the production of the well pattern. In addition,
different degrees of Gaussian noises are added to the input features to verify the robustness
of the hybrid model.

4.1. Comparison Results of Forecasting Performance

To validate the AST-GCN model’s performance in the production forecast, the RNS
and GRU prediction results are compared to the ground truth, as shown in Figure 11. From
this, the three models’ predicted trends are consistent with the daily oil production.

The predicted results of RNS are generally much higher than the true value, and the
trend is flat. This may be due to its inability to capture the changes in complex and variable
production characteristics.
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The prediction results of GRU are higher than the real value (such as P3, P5), some are
lower (such as P1, P4), and some fluctuate greatly, and the law is difficult to judge. The
architecture of the GRU makes the accuracy limited, and it could not be used for wells with
more complex production changes (such as P2).

The AST-GCN prediction results show a higher degree of both trend and accuracy,
which proves that the proposed hybrid model performs better in predicting oil production.
For a visual comparison, the four evaluation criteria, MedAE, MAE, RMSE, and accuracy
for the test set, are shown in Figure 12. In all the test wells, RNS and GRU had more errors
than AST-GCN. The observations show that AST-GCN performs better in terms of accuracy
and stability.

For the P1 well, the MedAE of AST-GCN is 72.1% and 81.9% lower than GRU and
RNS, respectively. The MAE of AST-GCN is 37.2% and 60.2% lower than GRU and RNS,
respectively. The RMSE of AST-GCN is 0.1% and 32.1% lower than GRU and RNS, re-
spectively. Similarly, the accuracy of AST-GCN is 7.2% and 23.2% higher than GRU and
RNS, respectively.

For all five test wells, the mean MedAE of AST-GCN is 63.2% and 62.9% lower than that
of GRU and RNS, respectively. The mean MAE is 37.3% and 44.6% lower than that of GRU
and RNS. The mean RMSE is 16.1% and 28.9% lower than that of GRU and RNS. Similarly,
the accuracy of AST-GCN is 15.9% and 35.8% higher than GRU and RNS, respectively.

4.2. Well Pattern Production Prediction Results

Although the previous prediction method includes RNS and GRU, GRU is a prediction
of the production of a single well and cannot output the production of multiple wells simul-
taneously. AST-GCN and RNS boost the capacity to predict the production of all producers
at once, which means that the entire well pattern production can be obtained. Prediction
results for the well pattern using AST-GCN and RNS are shown in Figure 13. (5 producers).
The evaluation indicators are shown in Table 4. For the production forecasting of the well
pattern, the error value of AST-GCN is 41.2%, 64.2%, and 75.2% lower in RMSE, MAE, and
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MedAE compared with RNS, respectively. At the same time, the accuracy of AST-GCN in
the well pattern prediction is 29.3% higher than RNS.
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Theoretically, the entire reservoir’s production may be predicted if the spatial distribu-
tion matrix, time-dimensional matrix of production, and gas injection can be obtained. On
the one hand, the production forecast of the entire reservoir can be aggregated upwards
to predict the total benefits of the reservoir; in addition, it can be allocated downwards
to predict the economics of developing management units and developing single-well
reservoirs, and hence, oilfield enterprises with a basis for making decisions regarding
reservoir management can be obtained.
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Table 4. Performance comparison of different models for well pattern production forecasting.

Evaluation Metrics AST-GCN RNS

RMSE 2392.28 4071.72

MAE 1194.99 3347.28

MedAE 660.77 2659.55

Accuracy 91.51 70.79

As mentioned above, AST-GCN performs very well in predicting five producing
wells and predicting well pattern production. Therefore, it can be concluded that the
model considering the production data, gas injection data, and spatial correlation has better
prediction results than the RNS and GRU model. At the same time, the proposed hybrid
model has also achieved satisfactory results in predicting the well pattern production,
which fully proves that the proposed hybrid model has strong adaptability.

4.3. Perturbation Analysis Results

Different degrees of Gaussian noise was added to test the robustness, which follows a
Gaussian distribution N ∈

(
0, σ2)(σ ∈ 0.2, 0.4, 0.6, 0.8, 1). Taking P2 well as an example,

the experimental results obtained after adding noise to the production data are shown in
Figure 14.
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With the addition of different degrees of noise, it was found that the changes in the
evaluation indicators of the P2 well were negligible. Compared with the ground truth, the
average difference in MedAE was 3.3%, with a maximum of 8.7%. The average change in
MAE was 0.4%, with a maximum of 0.9%. The average change in RMSE was 1.2%, with
a maximum of 2.3%. Therefore, the model proposed in this paper has almost negligible
changes in the evaluation indicators under different noise settings, which verifies the
robustness of the AST-GCN model.

5. Discussion

This study aims to develop a new method that could simultaneously consider production
data, gas injection data, and well patterns to obtain more accurate production predictions.
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RNS is a common prediction method that can consider both the complex fluid flow pro-
cess and output production of multiple wells simultaneously. However, the prediction of
RNS depends on a lot of preparatory work in the early stage, and there are great uncertain-
ties in preliminary geological research, so the accuracy of the model cannot be guaranteed.

GRU is a top-down modeling method based on neural networks. The GRU method
can obtain more accurate prediction results than RNS. However, the GRU method is aimed
at predicting the production of a single well and does not consider the interaction between
adjacent producers.

To improve the accuracy of production prediction, a hybrid model named AST-GCN
was proposed. The hybrid model presented in this paper has the following advantages:
(1) The connectivity between adjacent wells can be considered, which broadens the limi-
tations of single well production from the perspective of spatial distribution; (2) The gas
injection rate of the adjacent wells can be considered as a dynamic attribute, which im-
proves the learning ability of the hybrid model; (3) GRU is selected for time scale training
because it boosts fewer parameters with faster speeds. However, compared with the single
model, the hybrid model has more parameters, so more attempts are needed to adjust the
parameters to achieve the best prediction state.

There are three main advantages of this study. First, the connection relationship
between the producers is considered in the form of an adjacency matrix, which makes it
possible to extract the spatial correlation from the data. The gas injection rate is split, and
the most relevant gas injection data for a specific production well is obtained, which is used
as a dynamic attribute to improve the prediction accuracy. Finally, all data used for model
training and testing are actual production data from carbonate reservoirs in the Middle
East, and it is expected that this study can be applied to actual reservoir management
and development.

In the process of research, we also encountered some limitations. First, due to insuf-
ficient data, we excluded many important parameters, such as BHP and WHFP, which
undoubtedly greatly impact production. Moreover, the producer–injector relationship
coefficient defined in this paper is a constant value obtained based on geological data, and
the reservoir parameters, such as permeability in the actual production process, will vary.

Based on the above statement, in future research work, the process of splitting the
gas injection rate should be made more accurate and real. To improve the accuracy of
predictions, more dynamic elements will be included in the attribute-augment matrix, such
as permeability and choke size.

6. Conclusions

This work proposes a new framework based on AST-GCN and GRU for oil rate
prediction. The main workflow includes data collection and preprocessing, data splitting,
model establishing, and a comparison between different models. AST-GCN is used to
capture the spatiotemporal patterns between each well from the input features, and GRU
is used to achieve multi-well time series prediction. As an alternative method, it can
provide an instructive value for future oil production. The proposed method is applied to a
well pattern from a low-permeability carbonate reservoir in the Middle East to verify its
effectiveness and robustness. The main conclusions are as follows:

1. A hybrid model considering the production data, gas injection data, and spatial corre-
lation is established, which eliminates the limitation that only single well productions
can be predicted in previous studies.

2. The injection and production data of five producers and seven gas injectors were
collected for 2242 days. The producer–injector relationship coefficient was defined
according to geological data, and the gas injection volume received by a certain
producer was successfully calculated, which provides the foundation for the training
of subsequent models.

3. For fair evaluation, the AST-GCN model is compared with traditional RNS and GRU
for single-well production prediction. The result shows that the error of AST-GCN is



Energies 2023, 16, 407 19 of 21

63.2%, 37.3%, and 16.1% lower in MedAE, MAE, and RMSE, compared with GRU,
respectively. Compared with RNS, AST-GCN is 62.9%, 44.6%, and 28.9% lower in
MedAE, MAE, and RMSE. Similarly, the accuracy of AST-GCN is 15.9% and 35.8%
higher than GRU and RNS, respectively.

4. Similar to RNS, the AST-GCN model can forecast the production of the well pattern.
The error of AST-GCN is 41.2%, 64.2%, and 75.2% lower in RMSE, MAE, and MedAE
compared with RNS, while the accuracy of AST-GCN is 29.3% higher than RNS.

5. Different degrees of Gaussian noise is added to the denoised data. Compared with the
actual value, the average change in AST-GCN is 3.3%, 0.4%, and 1.2% in MedAE, MAE,
and RMSE, and the model was found to be stable and robust from the perspective of
the evaluation indicators.

6. In the future, we will devote ourselves to establishing a method to quickly find the
hyper-parameters in the modeling progress so as to improve the efficiency of building
the hybrid model; other characteristics, such as pressure data, will be considered
within the range of input characteristics in the future.

7. According to the planned production of the development management unit, the
downward distribution between the whole reservoir and the single well can be
realized, which provides a basis for enterprise management decision-making.
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