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Abstract: Petroleum production forecasting involves the anticipation of fluid production from wells
based on historical data. Compared to traditional empirical, statistical, or reservoir simulation-based
models, machine learning techniques leverage inherent relationships among historical dynamic data
to predict future production. These methods are characterized by readily available parameters, fast
computational speeds, high precision, and time—cost advantages, making them widely applicable in
oilfield production. In this study, time series forecast models utilizing robust and efficient machine
learning techniques are formulated for the prediction of production. We have fused the two-stage
data preprocessing methods and the attention mechanism into the temporal convolutional network-
gated recurrent unit (TCN-GRU) model. Firstly, the random forest (RF) algorithm is employed to
extract key dynamic production features that influence output, serving to reduce data dimensionality
and mitigate overfitting. Next, the mode decomposition algorithm, complete ensemble empirical
mode decomposition with adaptive noise (CEEMDAN), is introduced. It employs a decomposition—
reconstruction approach to segment production data into high-frequency noise components, low-
frequency regular components and trend components. These segments are then individually subjected
to prediction tasks, facilitating the model’s ability to capture more accurate intrinsic relationships
among the data. Finally, the TCN-GRU-MA model, which integrates a multi-head attention (MA)
mechanism, is utilized for production forecasting. In this model, the TCN module is employed to
capture temporal data features, while the attention mechanism assigns varying weights to highlight
the most critical influencing factors. The experimental results indicate that the proposed model
achieves outstanding predictive performance. Compared to the best-performing comparative model,
it exhibits a reduction in RMSE by 3%, MAE by 1.6%, MAPE by 12.7%, and an increase in R? by 2.6%
in Case 1. Similarly, in Case 2, there is a 7.7% decrease in RMSE, 7.7% in MAE, 11.6% in MAPE, and a
4.7% improvement in R2.

Keywords: machine learning; oil production prediction; TCN-GRU-MA model; random forest
algorithm; CEEMDAN algorithm

1. Introduction

Production prediction has always been an essential task in the oil and gas industry. By
employing models for petroleum production forecasting, the oil and gas industry can adapt
the available time and technology in response to evolving operational and maintenance
scenarios [1,2]. Accurate prediction results can assist enterprises in making reasonable
development strategies, resource allocation plans, and investment schemes. It serves as
a comprehensive and strategic tool in the development process of oil and gas fields, con-
tributing to the enhancement of field development efficiency and the reduction of economic
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risks. This is significant for the sustainable development of decision-makers, investors,
and oil and gas companies. Traditional production forecasting methods primarily rely
on empirical engineering formulas and numerical simulation methods [3]. Currently, the
most commonly used method in oil fields is the Arps decline model [4]. It is a common
method for predicting oil well production, summarized by scholars such as Arps based
on a large amount of historical production data, suitable for describing the decay charac-
teristics of oil well production. However, its drawback lies in its insufficient prediction
accuracy. Numerical simulation involves constructing structural models of oil reservoirs
and simulating production processes using computer technology. It can predict future
dynamics on the premise of accurate historical fitting. Chinese oil companies have vast oil
and gas assets overseas, but due to the unstable operating environment in resource-rich
countries, it is difficult to conduct large-scale field-testing activities, leading to insufficient
or unavailable critical reservoir parameters. The limited reservoir parameters have to some
extent restricted the technique’s applicability and generalization, affecting the prediction
accuracy of numerical simulation [5,6]. In addition to the aforementioned ways, some
statistical methods have also been introduced into the production forecasting domain, in-
cluding statistical methods like autoregressive (AR), moving average (MA), autoregressive
moving average (ARMA), and autoregressive integrated moving average (ARIMA) [7].
These models are all based on the assumption of linear relationships, which may fail to
capture accurate relationships between past and future production data when facing non-
linear or complex time series relationships. Therefore, it is challenging to establish effective
nonlinear models. To overcome the limitations of traditional methods, many researchers
delve into traditional methods, while others leverage artificial intelligence technologies to
develop and train models for predicting.

Artificial intelligence methods have garnered significant attention across various do-
mains such as weather forecast, economics, and engineering, driven by advancements in so-
phisticated artificial intelligence techniques and the availability of robust high-performance
computing resources. Deep learning is a prominent approach in artificial intelligence.
LeCun et al. introduced the convolutional neural network (CNN) model, which has multi-
layer learning architecture [8]. CNN models leverage spatial relationships to effectively
reduce parameters and enhance training efficacy. Due to the limitations of convolutional
layers, CNN models have traditionally been applied to short-term forecasting tasks, as
they struggle to effectively capture temporal dependencies in time series data, thus making
them less suitable for modeling long-term time series. To address this issue, Hochreiter and
Schmidhuber introduced Long Short-Term Memory (LSTM) network [9]. LSTM utilizes
gate mechanisms within its memory cells, enabling the network to determine which hidden
states to retain and update. This architecture enables LSTM to capture long-term temporal
dependencies in sequential data. Integrating LSTM with features extracted from raw data
by other deep learning methods could enhance forecasting efficiency. Subsequently, a more
efficient model, called gated recurrent unit (GRU) [10], was proposed. GRU optimizes
LSTM'’s three gate functions by consolidating the forgetting and input gates into a uni-
fied update gate, reducing the number of required training parameters and effectively
mitigating the vanishing gradient problem. TCN is an innovative architecture derived
from CNN, distinguished by its utilization of expanded causal convolution and residual
blocks [11,12]. This architecture endows TCNs with the capacity to extract features and
conduct predictions on extensive time series samples. Moreover, TCN effectively mitigates
the performance degradation commonly encountered in deep network training. The oil
and gas industry has also greatly benefited from these advancements. They are applied in
diverse petroleum engineering tasks, encompassing well log analysis [13], hydrocarbon
production forecasting [14], bottom hole pressure prediction [15], reservoir heterogene-
ity characterization [16], and ultimate recovery estimation [17]. Utilizing deep learning
algorithms for production forecasting is also a significant application in the oil and gas
domain. By learning patterns and correlations from extensive historical dynamic data,
novel data-driven methods for production forecasting have been achieved. Various models
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have demonstrated satisfactory results in production forecasting [18-23]. However, there
remains ample room for further research to enhance its accuracy.

In this paper, we introduce a novel ensemble machine learning model and validate
its performance using monthly production data from individual wells in the Middle
East oil fields and a carbonate reservoir within the territory of Central Asia. Specifically,
preliminary screening of production feature parameters is conducted based on engineering
expertise, followed by the utilization of the RF algorithm to select the most highly correlated
dynamic parameters with production. Given the complexity of production data, where the
model may struggle to fully capture its variability, the CEEMDAN algorithm is utilized
to decompose the production into multiple components. Subsequently, these components
are recombined based on the proposed recombination principles to obtain high-frequency,
low-frequency, and trend components. Finally, the TCN-GRU-MA model is employed
for modeling and prediction, with the final prediction results obtained through linear
combination. A comparative analysis with the common ensemble models demonstrates
the superior predictive performance of the proposed model.

The main contributions of this paper are as follows: (1) a two-stage data preprocessing
method based on RF-CEEMDAN has been proposed; (2) a principle for recombining
components is proposed, and by combining components reasonably, it reduces the accuracy
degradation and the high time cost caused by too many components to be predicted;
and (3) in both Case 1 and Case 2, comparative analyses were conducted with the other
12 machine learning models. The results indicate that the RFF=CEEMDAN-TGMA model
exhibits outstanding predictive performance.

2. Methodology
2.1. Random Forest Algorithm

The random forest algorithm is an iterative improvement of the decision tree algorithm.
In the conventional decision tree model, the sample data are partitioned based on features,
and each partition determines the optimal splitting property. With an increase in the
number of features and corresponding branch nodes, the model constructed in this way is
the decision tree [24-26].

The process of constructing a decision tree involves the following steps:

(a) Creation of root nodes: Initially, all data samples are placed in the root node. Subse-
quently, each feature is examined, and the optimal feature is identified to split the data
samples, resulting in the creation of multiple subsets. Feature evaluation methods,
such as information gain, information gain rate, and Gini index, are employed for
this purpose.

(b) Creation of leaf nodes: The datasets divided by the optimal feature are placed in the
leaf nodes.

(c) Segmentation of leaf nodes: For each sub-dataset, the feature set at that point consists
of the remaining features after removing the optimal feature. The process continues by
traversing all features, and the best feature is selected to further split the sub-dataset,
forming a new subset.

(d) The construction of the decision tree model: Steps (a) to (c) are repeated until the pre-
defined conditions for stopping the split are met. Typically, these stopping conditions
include criteria such as the attainment of a specified number of leaf nodes that satisfy
certain conditions, the utilization of all features for data division, and so on.

The construction of the decision tree involves a relatively straightforward process,
and the computational complexity of the decision tree construction is relatively modest.
However, since the data are locally optimized at each split, following a principle similar to
the greedy algorithm for data sample partitioning, it is prone to overfitting. To mitigate
this issue, the random forest adopts a random sampling method of putting back. Multiple
sub-datasets are derived from the original data, and each is used to train a decision tree
(weak classifier) model. The final model is then constructed through processes such as
voting or taking the mean value, integrating the outputs of these individual models.
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Figure 1 shows the structure of the random forest. The model construction process
involves several steps. Firstly, utilizing the Bagging method, N training datasets are
generated by selecting sample datasets from the original training datasets. Subsequently, N
decision tree models are individually trained based on these N training datasets. Lastly, the
random forest is formed by combining these N decision trees. In classification problems, the
ultimate classification outcome is determined by the ensemble of N decision tree classifiers.
In regression problems, the final prediction result is determined by averaging the predicted
values from the N decision trees [27,28].

Majority Voting

Final Result

Figure 1. Schematic diagram of the random forest algorithm.

2.2. CEEMDAN Algorithm and Principle of Component Recombination
(1) CEEMDAN algorithm

The Empirical Mode Decomposition (EMD) method, introduced by Huang et al., is
an adaptive data analysis approach utilized for the examination of non-linear and non-
stationary data [29]. The Ensemble Empirical Mode Decomposition (EEMD) algorithm [30]
introduces normally distributed white noise to the original signal based on the EMD
algorithm. This addition ensures a uniform distribution of the signal across the extrema
throughout the frequency band, thereby mitigating the mode mixing effect. However, the
EEMD has defects associated with high computational cost and the presence of residual
noise. The CEEMDAN algorithm [31] improves upon EEMD by introducing finite adaptive
white noise, addressing issues related to EEMD’s incompleteness and reconstruction errors
after adding white noise. The decomposition steps of the CEEMDAN algorithm are
as follows:

Step 1: Add v/(t), which is white noise, to the original signal S(t). The signal
of the ith is represented as Si(t) = S(t) +v'(t), i = 1,2,...,I. The experimental sig-
nal S'(t) is decomposed by EMD to obtain IMF}, so IMF; = 1Y/ | IMF!, residual
Vl(t) = S(t) — IMFl
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Step 2: Add vi(t) to residual 71 (#), and conduct the experiment i times (i = 1,2,...,I).
In each experiment, the EMD was applied to decompose i (t) = x(t) + v'(t) to obtain its
first-order component IMF}. IMF, = 1y:! | IMF}, and residual r,(t) = S(t) — IMF,.

Step 3: Iterate the aforementioned decomposition process to acquire the IMF compo-
nents satisfying the conditions along with their corresponding residuals. The program
concludes when the residual exhibits monotony functions and cannot be further decom-
posed using EMD. The original signal can be expressed as S(t) = Y./ | IMF;+r,(t).

(2) Principle of component recombination

The results obtained from CEEMDAN decomposition are sequentially arranged from
top to bottom as high-frequency components, low-frequency components, and residual
terms. Observing the morphological features of the components, it can be noted that
IMF components exhibit a local symmetric characteristic. Specifically, high-frequency
components have a short period, with relatively uniform data distribution and a mean
approaching zero. In contrast, low-frequency IMF components exhibit a larger signal
period, and their envelope is obtained by interpolating a small number of peak values,
leading to significant deviations from the original signal trend, and for the low-frequency
component, it is hard to ensure a mean of zero. Considering the large value of produc-
tion data, a threshold of 1% of the mean production is set as a boundary. A statistical
t-test is employed to examine whether the mean of each component significantly dif-
fers from this threshold, serving as a standard for delineation between high- and low-
frequency components.

2.3. Temporal Convolutional Network

The TCN model can be conceptualized as a combination of 1-D fully convolutional
networks and causal convolutions. This neural network architecture preserves the robust
feature extraction capabilities inherent to traditional convolutional neural networks while
demonstrating high efficacy in the processing and analysis of time series data. At present,
many studies have shown that TCN has achieved good results in many fields such as traffic
flow estimation, wind power forecasting, weather forecasting, etc. [32-35]. However, the
application of TCN in oil production prediction is relatively limited.

TCN exhibits two distinctive characteristics:

(1) Causal convolution ensures that the output at a given time is solely dependent on the
current time and historical inputs, devoid of any influence from future inputs.

(2) The architecture possesses the capability to map time series data of arbitrary length to
output data of the same length, akin to RNN.

To fulfill the first characteristic, the initial layer of TCN is a one-dimensional fully
convolutional network. In this design, each intermediate layer matches the size of the input
layer, followed by zero-padding to ensure that the output dimension of the subsequent
layer aligns with the dimension of the input in the previous layer. To adhere to the second
property, TCN performs convolutions exclusively on the inputs from the current moment
and historical time. Achieving an effective historical data span for extended periods
requires large filters or extremely deep structures, resulting in substantial computational
requirements. Hence, TCN employs dilated convolutions. TCN comprises three main
components: causal convolution, dilated convolution, and residual connections.

(1) Causal convolution

Figure 2 illustrates the architecture of the causal convolutional network. The convo-
lutional output at time ¢ is solely influenced by the input at time t and preceding times,
with no reliance on input beyond time ¢. The one-way nature of causal convolution, strictly
adhering to the temporal sequence, makes this specialized structure particularly well suited
for processing time series data.
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Figure 2. Schematic diagram of causal convolution structure.

(2) Dilated convolution

As the convolutional neural network’s complexity increases to meet the demand for
higher accuracy, the network structure becomes deeper, leading to larger computational
complexity. The deep models face challenges such as vanishing gradients due to a large
number of layers, resulting in decreased network performance and potential saturation [36].
To tackle the challenge of information loss related to historical data, the TCN model
integrates dilated convolution with causal convolution. Figure 3 depicts the schematic
architecture of the dilated convolutional network.

Output layer
d=4
Hidden layer
1 I _- _-1 _-1 _-1 _-1 _-1 _-1 -1 _- _-1
[N AL AL AL ML AL ML A _ - ’,-'r’,a"/'/'Td:z
Hidden layer
1 A 21 A A . 1 A
AN B 1 1 PRl PRl PRl d=1

é 666 0 0 ) ) 5 Tnput layer

Figure 3. Schematic diagram of dilated convolution structure.

This amalgamation extends the field of view, enabling the model to capture long-range
dependencies within the input sequence. This involves augmenting the convolution kernel
with additional weights, ensuring the input data remain unchanged. Consequently, the
network expands its capacity to observe the time series, enhancing its capability to capture
intricate patterns, all while maintaining computational efficiency. The definition of dilated
convolution is shown in Equation (1):

F(s) = (X#a £)() = Lo ()Xo @

where *; is the convolution operator, k is the size of the filter, and s — d-i is the past direction.
f(i) is the convolution kernel, i = 0,1,2,...,k — 1. Specifically, when d is set to 1, dilated
convolution is equivalent to the standard convolution.

(3) Residual connection

The TCN model incorporates the use of residual blocks to mitigate issues related to
information loss and instability arising from excessive network depth [37]. Its core ideas
involves the incorporation of a ‘jump connection” operation, allowing for the bypassing of
one or more layers [38]. The complete residual module, comprising multiple dilated causal
convolutions, is applied during the model construction process. Figure 4 shows the TCN
residual module structure.
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Figure 4. Residual block structure diagram.

The residual module encompasses a sequence of transformations, with one part
involving the transformation of the input x through a series of overlays. The other part
consists of a shortcut connection utilizing a 1 x 1 convolution. This shortcut connection
is added to the original input through the branch to ensure that the dimensions of the
original input and the output of the residual block remain consistent. The formula is shown
in Equation (2).

O = Activation(X + F(X)) ()

2.4. Gated Recurrent Unit

GRU, an improved method of RNN and LSTM, incorporates improvements in the gate
control structure. In contrast to LSTM, GRU consolidates the input gate and forget gate of
LSTM into a single update gate (Z;) and transforms the output gate into a reset gate (r;) [39].
The update gate regulates the quantity of data transferred from the memory information of
the previous moment to the current moment, while the reset gate controls the amount of
historical information to be discarded. Figure 5 depicts the structural diagram of the GRU.

In comparison to LSTM, GRU boasts a simpler architectural design, reduced redun-
dancy in internal units, fewer parameters, and faster computational speed. The operational
expression of GRU is as provided in Equations (3)—(6).

Zy = c(Wz-[ht—1,x4]) 3)

re =Wy [h—1, xt]) @)

PZ = tanh(W-[r * hy_q, x4]) ©®)
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ht = (1—Zt)*ht71+Zt*ht (6)
where x; is the input at time ¢, l1;_1 is the output at time t — 1, r; is the reset gate, ¢ is the

activation function, W is the weight matrix, and /; is the candidate hidden state.

-1 .;{,’ @ '
| ! i
| 1- _
I K ® h
: Zt 1 :
| o tanh ]
| I :

x, |

»-! ]

Figure 5. GRU structure diagram.

2.5. Multi-Head Attention

The attention mechanism, a crucial part of neural network architecture, assigns varying
weights to input data during feature extraction. This allows the model to focus on pertinent
information while reducing the impact of irrelevant elements. The input of the module
includes dg, di, and dy, dimensional queries (Q), keys (K), and values (V), respectively.
The formula of attention mechanism is presented in Equation (7):

Attention(Q, K, V)= softmax Q—KT \Y% (7)
o Vi

Multi-head self-attention is an enhanced version of the attention mechanism that
employs multiple parallel attention heads. These heads operate simultaneously, conducting
h times separate linear projections for queries, keys, and values [40]. The attention is
computed in parallel, resulting in (dy /) dimensional outputs for each head. These outputs
are then concatenated to create the final values. It can be written as Equations (8) and (9):

Multihead (Q, V, K) = Concat(heady, . .. ,headh)WO (8)

head; = Attention(QW?, KWK, Vw}/) )

where WlQ € Rio/h, WZI< € Rix/h, WZV € RW/h are the weight matrices for the projections,
and WO is the weight matrix.

2.6. Model Architecture and Modeling Steps

Based on the above-mentioned methods, this section will introduce the application
steps and the architecture of the proposed model.
Step 1: Preprocessing of Two-Stage Production Sequence Data
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Firstly, the random forest algorithm is applied to extract the most strongly correlated
feature data from all possible related dynamic production data. It also serves to reduce
dimensionality and mitigate overfitting. In the second stage, CEEMDAN is used to identify
the noise components, production regularity components, and trend components in the
production data.

Step 2: Reconstruction of Component Data

The components obtained through the CEEMDAN method consist of multiple high-
frequency components, multiple low-frequency components, and a residual term. Fol-
lowing the principles of component recombination, multiple high-frequency components
are combined to form a single high-frequency component, and multiple low-frequency
components are combined to form a single low-frequency component. In this way, a total
of three time series component data are obtained.

Step 3: Component data prediction and integration

Applying the TCN-GRU-MA model to each component data obtained in the second
step, the production data are learnt and predicted, and then, the final production forecast
result can be obtained by linear combination.

Step 4: Numerical Experiments and Model Evaluations

To validate the effectiveness and accuracy of the proposed method, various ensemble
machine learning models are introduced for result prediction and comparative analysis.

In the proposed model, each module serves a unique purpose: the RF algorithm is em-
ployed to extract the primary production factors influencing crude oil yield; the CEEMDAN
decomposition algorithm is used to gain a clearer understanding of the variation patterns
in production data at different time scales; the TCN network is utilized to extract features
along the time dimension, capturing temporal dependencies; and the MA mechanism
assists the model in concentrating on the most crucial aspects of the task, disregarding
relatively insignificant information. Ultimately, leveraging the time series fitting capability
of the GRU neural network, we construct an integrated production forecasting model.
Figure 6 shows the architecture of the RF-=CEEMDAN-TGMA model.
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3. Model Evaluation Indicators

In assessing forecasting techniques, we introduce four commonly used evaluation
metrics. Mean absolute error (MAE) quantifies the mean absolute error between predicted
and observed values and is less sensitive to outliers. Root mean square error (RMSE)
employs a quadratic loss function, making it more sensitive to larger deviations. Mean
absolute percentage error (MAPE) excels in trend forecasting. The lower predicting er-
ror signifies a more accurate forecasting model. Meanwhile, R? scores gauge the fitness
of the forecasting approach to the available data, with higher scores indicating a supe-
rior predictive performance. These four approaches are implemented as presented in
Equation (10) through (13).

1 i
MAE = —3 2 [yi = i (10)

RMSE= [ Ly (4 -y a

1m |Yi—Vi

MAPE = -} 7, Ty (12)
Zm (yi — ]/1)

Fe1-L (vi—9)? )

where y; and 7J; represent the actual output and the predicted output at the ith moment,
respectively. In the context of this paper, y; and yj; represent the total monthly oil production,
measured in ten thousand barrels (10* bbl). ¥ is the mean value of the actual data, and m
denotes the data size.

4. Results and Discussions

In this section, we will validate the predictive capabilities of the proposed model using
two cases study. Selecting two oil fields operated by a Chinese petroleum company in
overseas, modeling and prediction studies will be conducted using dynamic historical data
from monthly reports. Subsequently, a comparison of predictive accuracy will be made
with other ensemble models. A PC with an Intel Core i5-12490F CPU@3.00 GHz and 16 GB
of RAM is employed to run all the models.

4.1. Application in Case 1
4.1.1. Data Description

To evaluate the prediction performance of RE-CEEMDAN-TGMA model, the research
will be conducted using a development well from the H oil field in the Middle East region.
The production data are recorded on a monthly basis, comprising dynamic variables such
as the operation months, active days, choke size, gas—oil ratio (GOR), water cut, flowline
pressure (FLP), flowline temperature (FLT), tubing head pressure (THP), and monthly oil
production, totaling nine variables. Table 1 shows the descriptive statistics of historical
dynamic data.

4.1.2. Data Preprocessing

Table 2 lists the top five main features selected by the RF algorithm under different
settings of tree depth and numbers, which are most correlated with the production data.
From the results, Operation Months, Choke Size, GOR, and Active Days are the stable top
four features. Therefore, these four features are selected as input data for the model.
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Table 1. Statistical value of variables used in Case 1.

Maximum  Minimum Average Standard Coefficient Kurtosis Skewness
Value Value Value Deviation of Variation
Monthly oil
‘T]:rei;geget production 13.2 16 6.0 2.1 0.3 03 03
(104 bbl)
Theinput  Operation 118.0 1.0 59.5 342 0.6 ~12 0.0
data months (m)
Active days (d) 31.0 12.8 29.0 3.7 0.1 8.2 —2.8
Choke Size (in) 64.0 32.0 52.3 6.9 0.1 0.0 0.0
GOR (m®/md) 829.1 438.5 628.2 84.5 0.1 —0.1 0.2
Water Cut (%) 4.7 0.0 0.7 1.1 1.6 41 2.1
FLP (Psi) 220.0 145.0 181.9 22.3 0.1 -1.0 —-0.5
FLT (°C) 66.0 40.0 57.0 6.2 0.1 0.0 —-0.9
THP (Psi) 1051.0 280.0 508.2 163.7 0.3 34 1.9
Table 2. The top five features selected through RF algorithm in Case 1.
"ll?r ?;th of the ,11\,1 zzr;ber of The Top Five Features (Importance)
5 50 Operation Months (3.10)  Choke Size (1.16) GOR (0.47) FLP (0.36) Active Days (0.25)
100 Operation Months (3.21)  Choke Size (1.12) GOR (0.40) THP (0.25) Active Days (0.23)
150 Operation Months (2.97)  Choke Size (1.04) GOR (0.43) FLP (0.31) Active Days (0.26)
10 50 Operation Months (3.73) ~ Choke Size (1.26) GOR (0.53) Active Days (0.44)  FLP (0.38)
100 Operation Months (3.45)  Choke Size (1.15) GOR (0.49) Active Days (0.48)  FLT (0.36)
150 Operation Months (3.19)  Choke Size (1.07) GOR (0.50) Active Days (0.41)  THP (0.39)
15 50 Operation Months (3.90)  Choke Size (1.22) GOR (0.61) Active Days (0.57)  FLT (0.43)
100 Operation Months (3.38) ~ Choke Size (1.13) GOR (0.64) Active Days (0.55)  FLT (0.45)
150 Operation Months (3.15) ~ Choke Size (1.04) GOR (0.62) Active Days (0.57)  THP (0.47)

Next, we use the CEEMDAN algorithm to preprocess the original data. The default
parameters for CEEMDAN are set as follows: Gaussian white noise amplitude, ensemble
number, and maximum iteration times are set to 0.2, 500, and 5000 [41], respectively.
Figure 7 shows the decomposition results.

According to the principle of component recombination, a statistical ¢-test is conducted
for each component, and the results are listed in Table 3. The p-value for IMF; is greater than
0.05, indicating acceptance of the null hypothesis. It means there is no significant difference
between IMF; and the test values, thus identifying it as a high-frequency component.
However, starting from IMFj, the p-value is less than 0.05, indicating that all components
except for the residue are low-frequency components.

Table 3. The t-test values for partial components of Case 1.

Test Value = 602

T-Test : . .
Size t Prob. Mean Value of IMF, Standard Deviation
IMF; 118 —0.10 0.918 537.99 6730.64
IMF, 118 —4.83 0.000 —47.37 1461.56
118 —-2.01 0.046 —93.57 3750.78

IMF;

By linearly summing all low-frequency components (with a coefficient of one), the orig-
inal production data were effectively partitioned into three parts based on high-frequency,
low-frequency, and residual components. Figure 8 illustrates the combined curves of the
three components after recombination.
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Figure 7. The IMFs, from high frequency to low frequency, of the CEEMDAN method in Case 1,

distinguished by the recombination standards of the components mentioned in Section 2.2. ‘RES’
represents the residual term, reflecting the trend of the production.
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Figure 8. Production component based on the principle of the component recombination. According
to Table 3, the high-frequency (a) component is IMF1, the low-frequency component (b) is the sum of
IMEF2 to IMF6, and the residual component (c) is represented by RES.

4.1.3. Parameters of the Models

In accordance with extensive experimentation and prior research [42—-44], the parame-
ters of each component are set as below:
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(1) High-frequency component: For the TCN module, the number of filters is 100, the
kernel size is set to 2, and dilations = [1, 2, 4]. For the GRU module, the number of
hidden units is 100. The dropout is set to 0.4. Adam is chosen as the optimizer. The
batch size is 64, the maxepochs is 600, and the original learning rate is 0.001.

(2) Low-frequency component: For the TCN module, the number of filters is 90, the
kernel size is set to 3, and dilations = [1, 2, 4]. For the GRU module, the number of
hidden units is 80. The dropout is set to 0.5. Adam is chosen as the optimizer. The
batch size is 32, the maxepochs is 600, and the original learning rate is 0.001.

(3) Residual component: For the TCN module, the number of filters is 96, the kernel size
is set to 3, and dilations = [1, 2, 4]. For the GRU module, the number of hidden units
is 16. The dropout is set to 0.5. Adam is chosen as the optimizer. The batch size is 32,
the maxepochs is 600, and the original learning rate is 0.001.

4.1.4. Experimental Results and Discussions

In this section, the proposed model is utilized along with the processed data in
Section 4.1.2 and the parameters from Section 4.1.3 to model and forecast the production.
Due to the relatively small dataset, the first 90% of the data are allocated as the training
set, while the remaining 10% is designated as the testing set to ensure an ample amount
of training data for the model. Figure 9 illustrates the predicted values of production
components and the final summation result.

To assess the learning capability of the proposed model, it was compared with other
twelve existing machine learning models for production forecasting accuracy, with each
group of models undergoing multiple experiments. Among these, CNN-GRU [45], CNN-
LSTM [46], and CNN-BILSTM [47] were previously proposed by researchers and have
demonstrated good predictive performance. Additionally, we introduced RF and attention
mechanism into the model for a fair comparison with the proposed model in this paper.
Table 4 lists the best-performing results of each model during the experimental period. We
recorded the runtime of different models to compare their operational efficiency. Figure 10
visually illustrates the prediction curves of the proposed model compared to other models.

Table 4. Error metrics and model execution time of RE-CEEMDAN-TGMA and other comparative
models in Case 1.

Error Metrics of Training Set Error Metrics of Testing Set

Model RMSE MAE RMSE MAE Times (s)
(10*bbl)  (10% bb]) MAPE R? (10*bbl)  (10* bbl) MAPE R

CNN-GRU 0.447 0.313 0.052 0.949 0.738 0.639 0.157 0573 6.98
CNN-LSTM 0.575 0.385 0.063 0.917 0.728 0.608 0.147  0.584 7.18
CNN-BILSTM 0.597 0.410 0.069 0.911 0.748 0.577 0.156  0.562 7.32
RF-CNN-GRU 0.630 0.397 0.064 0.900 0.667 0.570 0.174  0.651 6.81
RF-CNN-LSTM 0.637 0.442 0.073 0.898 0.669 0.576 0.142  0.650 6.92
RF-CNN-BILSTM 0.617 0.389 0.064 0.905 0.664 0.547 0.172  0.654 7.30
CNN-GRU-MA 0.538 0.368 0.061 0.927 0.693 0.565 0.136  0.623 6.83
CNN-LSTM-MA 0.654 0.427 0.069 0.893 0.697 0.607 0.183  0.620 7.38
CNN-BILSTM-MA 0.537 0.358 0.058 0.928 0.698 0.589 0.146  0.618 7.47
RF-CNN-GRU-MA 0.623 0.393 0.063 0.903 0.638 0.550 0.166  0.681 6.87
RF-CNN-LSTM-MA 0.653 0.429 0.070 0.893 0.646 0.565 0.170  0.673 6.98
RF-CNN-BILSTM-MA 0.621 0.387 0.063 0.903 0.645 0.545 0.168  0.674 7.30
Proposed Approach 0.319 0.256 0.049 0.974 0.619 0.541 0.145  0.699 99.2
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Figure 9. The forecasted results for Case 1 based on the RF-CEEMDAN-TGMA model. The actual
production, represented by the black curve, and the predicted production, indicated by the red curve,
are obtained by aggregating the yields from (a—c), and (d) represents the summation of the production
from (a) to (c).

It is worth noting that the proposed RE-CEEMDAN-TGMA model outperforms other
comparative models. While there is little difference in the fitting performance of all compar-
ative models on the training set, the proposed model demonstrates a significant improve-
ment in fitting performance. For instance, considering the R? metric, the CNN-GRU model
achieves the highest score among the comparative models at 0.949, while the proposed
model achieves a score of 0.974, resulting in a 2.6% improvement. In the testing set, due to
the CNN-GRU, CNN-LSTM, and CNN-BILSTM models solely employing simple ensem-
ble strategies without preprocessing the input data or incorporating advanced attention
mechanisms, their performance across all four metrics is relatively poor, with average
RMSE, MAE, MAPE, and R? values of 0.738, 0.608, 0.153, and 0.573, respectively. We
utilize the mean values of these three models as the baseline for subsequent comparisons.
Considering the prediction models derived by integrating the RF algorithm for feature
selection, namely, RE-CNN-GRU, RE-CNN-LSTM, and RF-CNN-BILSTM models, aside
from a slight variation in the MAPE metric, the remaining three metrics on the testing set
exhibit significant improvements compared to the baseline. The mean RMSE decreases by
9.6%, the mean MAE decreases by 7.2%, and the mean R? increases by 13.8%. The models
incorporating only the MA mechanism, namely, the CNN-GRU-MA, CNN-LSTM-MA, and
CNN-BILSTM-MA models, show only marginal improvement in predictive performance,
with a mean RMSE reduction of 5.7%, a mean MAE reduction of 3.5%, and a mean R2
increase of 8.2%. The models that combine the RF algorithm and the MA mechanism,
namely, the RE-CNN-GRU-MA, RF-CNN-LSTM-MA, and RF-CNN-BILSTM-MA models,



Processes 2024, 12, 587 16 of 25

achieve the best performance among all comparative models. The mean RMSE decreases
by 12.9%, the mean MAE decreases by 9%, and the mean R? increases by 18%. Among
them, the RF-CNN-GRU-MA model achieves the highest accuracy, with an R? of 0.681.
The model proposed in this study, namely, RE-=CEEMDAN-TGMA, not only combines
the RF algorithm and attention mechanism but also utilizes the CEEMDAN algorithm
to decompose and reassemble production data into three sets with different frequencies,
which clearly reflect production characteristics. Additionally, it enhances the model’s ability
to learn the inherent relationships within the data. Therefore, it exhibits better predictive
performance and achieves superior metrics compared to the best-performing comparative
model (RF-CNN-GRU-MA), with a reduction in RMSE by 3% to 0.619, a decrease in MAE
by 1.6% to 0.541, a decrease in MAPE by 12.7% to 0.145, and an increase in R2 by 2.6% to
0.699. Furthermore, numerical experiments also indicate that a good fitting performance
on the training set does not guarantee an ideal predictive performance. For instance, the
CNN-GRU model exhibits good performance on the training set but performs the worst on
the testing set. This suggests that the model is susceptible to interference from noise, weakly
correlated features, and other factors during the learning process, thereby impacting its
generalization performance. In contrast, the proposed model achieves the highest scores
on both the training set and testing set, indicating the effectiveness of feature selection,
data preprocessing, and other modules. These factors assist the model in truly learning the
intrinsic relationships between the data during training, resulting in good generalization
performance and ensuring ideal predictive outcomes. From an efficiency standpoint, given
that the proposed model is applied to three sets of data, the recorded running time is three
times higher. However, it remains highly efficient in comparison to traditional dynamic
prediction methods, such as numerical simulation. For oilfield production technicians, it
remains an efficient technological approach.
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Figure 10. Performance comparison between the proposed model and other twelve models in Case
1. Each row represents a comparative analysis of prediction experiments, where the base model
is fused with different functional modules. Each column (a,d,g,j) & (b,e,h k) & (c,f,i,1) illustrates a
comparison of prediction experiment results among different base models.
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4.2. Application in Case 2

In case 1, we validated the performance of the theoretical model using historical data.
In this section, we will simulate real-world production by predicting future production
with unknown input data, testing the model’s performance in practical applications.

4.2.1. Data Description

In this case, production forecasting will be conducted for the carbonate reservoirs of
Block A in the onshore Caspian Sea region, originating from the Central Asian country. The
production data are also recorded on a monthly basis, comprising dynamic variables such
as the operation months, average active days, water injection, water cut, oil wells, water
injection wells, total wells, injection—production ratio, GOR, and monthly oil production,
totaling ten variables. Table 5 shows the descriptive statistics of historical dynamic data.

Table 5. Statistical value of variables used in Case 2.

Maximum  Minimum  Average Standard Coefficient Kurtosi Skewnes
Value Value Value Deviation of Variation urtosis ewness
The target Monthly oil production _ B
variable (10* bbl) 259 431 15.09 5.53 0.37 1.02 0.05
zgfamput Operation months (m) 279.00 1.00 140.00 80.68 0.58 ~1.20 0.00
Average active days (d) 31.00 23.00 30.20 1.36 0.05 7.72 —2.61
Water injection (10* bbl) 37.32 9.63 23.29 6.19 0.27 —0.38 0.15
Water cut (%) 52.10 0.19 16.59 14.24 0.86 —0.85 0.54
Oil wells 61.00 19.00 42.89 13.15 0.31 —1.03 —-0.70
Water injection wells 20.00 2.00 9.24 4.63 0.50 —0.14 0.80
Total wells 71.00 23.00 52.13 16.61 0.32 —-1.15 —0.68
Injection—production radio ~ 1.92 0.40 0.73 0.32 0.44 2.38 1.69
GOR (m?3/m?3) 1.00 0.22 0.66 0.28 0.42 —1.52 -0.13

4.2.2. Data Preprocessing

Table 6 lists the top five main features selected by the RF algorithm under different
settings of tree depth and numbers, which are most correlated with the production data.
From the results, GOR, operation months, total wells, and water injection are the stable top
four features. Therefore, these four features are selected as input data for the model.

Table 6. The top five features selected through RF algorithm in Case 2.

Depthof  Number The Top Five Features (Importance)

the Tree of Trees
5 50 GOR (1.27)  Operation Months (1.15)  Total wells (0.80) Water Injection (0.45) Water Injection Wells (0.43)
100 GOR (1.33)  Operation Months (1.08)  Total wells (0.84) Water Injection (0.45) Water Injection Wells (0.39)
150 GOR (1.39) Operation Months (1.13)  Total wells (0.78) Water Injection (0.43) Water Injection Wells (0.40)
10 50 GOR (154)  Operation Months (1.25)  Total wells (0.80) ggfi?(%ng;md““o“ Water Injection (0.53)
100 GOR (1.52) Operation Months (1.15)  Total wells (0.81) Water Injection (0.57) %SJZE;IOD—PI‘OCIUCUOH Ratio
150 GOR (1.57)  Operation Months (1.19)  Total wells (0.77) Water Injection (0.54) %g]ﬁ;ﬂon—l’roducnon Ratio
15 50 GOR (158)  Operation Months (1.26)  Total wells (0.81) gffg‘g)“g;mdumon Water Injection (0.56)
100 GOR (1.59)  Operation Months (1.16)  Total wells (0.83)  Water Injection (0.59) %glzg;m“‘“"dum"“ Ratio
150 GOR (1.60)  Operation Months (1.20)  Total wells (0.77) Water Injection (0.57) %(r)l]:g;aon—Productlon Ratio

Next, we use the CEEMDAN algorithm to preprocess the original data. The parameter
settings for the CEEMDAN algorithm are consistent with Case 1. Figure 11 shows the
decomposition results.
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Figure 11. The IMFs, from high frequency to low frequency, of the CEEMDAN method in Case 2,
distinguished by the recombination standards of the components mentioned in Section 2.2. ‘RES’
represents the residual term, reflecting the trend of the production.

To distinguish between high-frequency and low-frequency components, a statistical
t-test is conducted for each component as in Case 1, and the results are listed in Table 7. The
p-value for IMF1 is greater than 0.05 and indicates that it is a high-frequency component.
The p-values for IMF2 to IMF7 are less than 0.05 and indicate that they are all low-frequency
components.

Table 7. The T-test values for partial components of Case 2.

Test Value = 1509

T-Test N . .
Size t Prob. Mean Value of IMFy Standard Deviation

IMF, 279 —1.96 0.051 470.19 8758.74

IMF, 279 —11.19 <0.001 —10.26 225351

IMF3 279 —6.66 <0.001 —52.43 3631.38

By linearly summing all low-frequency components (with a coefficient of one), the orig-
inal production data were effectively partitioned into three parts based on high-frequency,
low-frequency, and residual components. Figure 12 illustrates the combined curves of the
three components after recombination.
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Figure 12. Production component based on the principle of the component recombination. According
to Table 3, the high-frequency (a) component is IMF1, the low-frequency component (b) is the sum of
IMF2 to IMF7, and the residual component (c) is represented by RES.

4.2.3. Parameters of the Models
The parameters of each component in Case 2 are set as below:

(1) High-frequency component: For the TCN module, the number of filters is 32, the
kernel size is set to 3, and dilations = [1, 2, 4]. For the GRU module, the number of
hidden units is 60. The dropout is set to 0.5. Adam is chosen as the optimizer. The
batch size is 32, the maxepochs is 600, and the original learning rate is 0.001.

(2) Low-frequency component: For the TCN module, the number of filters is 32, the
kernel size is set to 3, and dilations = [1, 2, 4]. For the GRU module, the number of
hidden units is 32. The dropout is set to 0.2. Adam is chosen as the optimizer. The
batch size is 32, the maxepochs is 600, and the original learning rate is 0.001.

(3) Residual component: For the TCN module, the number of filters is 32, the kernel size
is set to 3, and dilations = [1, 2, 4]. For the GRU module, the number of hidden units
is 64. The dropout is set to 0.5. Adam is chosen as the optimizer. The batch size is 32,
the maxepochs is 600, and the original learning rate is 0.001.

4.2.4. Experimental Results and Discussions

This section will utilize the proposed model for production forecasting. First and
foremost, our task is to address the determination of future input parameters. In theory,
accurately obtaining future data are nearly impossible. However, in oil field production, a
significant amount of dynamic data often exhibits certain regularities. Therefore, based on
fitting historical production data, we will extrapolate the curve to obtain future production
data for a certain period of time to validate the training effectiveness of the proposed model.
The specific approach is as follows: use the training set’s input data for curve fitting, and
then extend the curve to the endpoint of the testing set to obtain corresponding ‘future
input data.” After replacing the corresponding data in the testing set with this batch of
data, the input data for the testing set becomes completely new for the model, making the
predictive experiment more valuable.

Due to the larger dataset in Case 2, the first 80% of the data are allocated to the training
set, while the remaining 20% is designated as the testing set. The fitting and prediction
results of the four sets of most relevant features selected by the RF algorithm are shown in
Figure 13. The blue solid line represents the predicted results.
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Figure 13. Fitting graph of historical input data in the training set for obtaining future input data in
the testing set. Figure (a—d): fitting and prediction plots for GOR data, operation month data, total
wells data, and water injection data, respectively.

Building upon Sections 4.2.2 and 4.2.3, and the predictive work on the testing set
inputs in this section, we ultimately apply the proposed model to Case 2. Figure 14 presents
the predicted values for each production component, along with their linear summation
to obtain the total production (where each production component has a coefficient of one
for the summation). Since the predictions are entirely based on unknown data, the results
are more valuable for validation purposes. Additionally, it can be clearly observed that,
unlike in Case 1, the predicted results no longer exhibit pronounced nonlinear variations
but rather display smooth curves. This is attributed to the utilization of smoothed input
data, aligning the predicted results with the features of the inputs.

To enhance the interpretability of the model, we employed the SHAP toolkit to calcu-
late the contributions of each feature to the predicted results of each production component.
Figure 15 presents the feature contribution ranking plots for the three production compo-
nents. The results indicate that, for the first component, the feature contribution ranking is
water injection, GOR, operation time, and total wells, suggesting that water injection is the
primary influencing factor for the high-frequency fluctuations in production. However, the
contribution of other factors is not negligible, indicating that high-frequency fluctuations
are the result of the combined effects of multiple factors. For the second and third compo-
nents, operation time consistently ranks first with a significant contribution, indicating a
strong correlation between oilfield production and time, and showing a clear decreasing
trend over time.



Processes 2024, 12, 587 21 of 25

o

Production
Component 1

'
w

—_
~

N

(b)

Production
Component 2
& o

—
~

—
3

©

Production
Component 3

[
=)

40 80 120 160 200 240 279
Time(Months)

30

Training set Testing set

@

Reconstructed Production
(10°bbl)

40 30 20 60 200 24 240 279
Time(Months)

Figure 14. The forecasted results for Case 2 based on the RE-CEEMDAN-TGMA model. The actual
production, represented by the black curve, and the predicted production, indicated by the red curve,
are obtained by aggregating the yields from (a—c), and (d) represents the summation of the production
from (a) to (c).
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Figure 15. Ranking plot of the importance contributions of input features to the predicted results
based on the SHAP toolkit. (a—c) depict the ranking results of feature contributions for production
component 1, production component 2, and production component 3, respectively.
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Similarly, we compare the results of this model with those of the other 12 models to
assess the performance of the model. These models align with those used in Case 1. For
the sake of fairness, we performed fitting on the remaining five features and obtained the
input data for the testing set, serving as a comparative model without using RF algorithm.
Table 8 lists the best-performing results of each model during the experimental period.
At the same time, we also recorded the runtime of different models to compare their
operational efficiency.

Based on the results, the proposed model continues to demonstrate stable and excellent
performance in the second set of experiments. Except for the RE-CNN-BILSTM-MA model,
which achieved an R? value of 0.753, the R? values for other models were all below 0.75.
From the results on the testing set, comparing with the best reference model, the proposed
model shows a reduction of approximately 7.7% in RMSE, a decrease of about 7.7% in MAE,
a decrease of approximately 11.6% in MAPE, and an improvement of around 4.7% in R?.

Figure 16 visually illustrates the prediction curves of the proposed model compared
to other models. It can be observed that the nonlinearity in the predicted results of most
comparative models is not significant, with only a few models showing some variations in
the predicted curves. In contrast, the proposed model predicts yields at different time scales
and, when aggregated, the predicted results reflect a trend closer to the actual production
changes, further confirming the effectiveness of the proposed model. Additionally, it
is important to note that the inputs for this set of experiments are predicted based on
the historical trends of the data. In oil field production, there is often a clear plan for
future production systems, such as plans for new well and water injection. This allows
for obtaining more accurate ‘future data’. We believe that utilizing such data in practical
applications will lead to even better predictive results.
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Figure 16. Performance comparison between the proposed model and other twelve models in Case
2. Each row represents a comparative analysis of prediction experiments, where the base model
is fused with different functional modules. Each column (a,d,g,j) & (b,e,h k) & (c,f,i,1) illustrates a
comparison of prediction experiment results among different base models.
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Table 8. Error metrics and model execution time of RE-CEEMDAN-TGMA and other comparative
models in Case 2.

Error Metrics of Training Set Error Metrics of Testing Set
Model RMSE MAE RMSE  MAE (10* Times (s)
aotbbl)  (otbby MAPE B (10* bbl) bbl) MAPE R
CNN-GRU 1.441 1.785 0.088 0.846 1.232 1.491 0.183 0.635 7.11
CNN-LSTM 1.358 1.021 0.062 0.911 1.431 1.101 0.182  0.664 8.03
CNN-BILSTM 1.642 1.309 0.080 0.869 1.427 1.237 0.168  0.666 7.90
RF-CNN-GRU 1.728 1.390 0.084 0.855 1.450 1.258 0.169  0.654 6.78
RF-CNN-LSTM 1.554 1.229 0.074 0.883 1.422 1.120 0.173  0.668 7.31
RF-CNN-BILSTM 1.733 1.400 0.086 0.855 1.298 1.089 0162  0.723 7.51
CNN-GRU-MA 1.743 1.405 0.085 0.853 1.378 1.108 0.173  0.688 7.50
CNN-LSTM-MA 1.321 1.028 0.062 0.916 1.342 1.088 0.174  0.704 8.19
CNN-BILSTM-MA 1.499 1.154 0.067 0.891 1.312 1.052 0.165  0.717 8.33
RE-CNN-GRU-MA 1.422 1.080 0.065 0.902 1.294 1.051 0.164  0.725 7.23
RF-CNN-LSTM-MA 1.318 1.027 0.062 0.916 1.244 1.028 0.154  0.746 7.47
RF-CNN-BILSTM-MA 1.453 1.106 0.066 0.898 1.226 1.004 0.155  0.753 7.80
Proposed Approach 1.387 1.055 0.066 0.907 1.131 0.927 0.137  0.788 103.5

5. Conclusions

In this study, we propose an integrated production forecasting model, RE-CEEMDAN-
TGMA, which combines data preprocessing techniques with attention mechanism. The
model integrates the RF algorithm, CEEMDAN algorithm, TCN model, GRU model, and
multi-head attention mechanism. Specifically, the RF algorithm is utilized for selecting the
top features most relevant to production data, aiding in reducing computational complexity,
and enhancing operational efficiency and robustness. The CEEMDAN algorithm is used
to decompose production data into high-frequency noise data, low-frequency produc-
tion regularity data, and residual terms reflecting trends, through appropriate parameter
settings and component recombination principles. The reconstructed production data,
characterized by distinct morphological features, better reflects the intrinsic relationship
between production and dynamic features, thereby enhancing model learning effectiveness
and predictive performance. The convolutional operations in the TCN model extract input
features along the temporal dimension. The GRU model is used to handle the temporal
dependencies within sequential data, enabling dynamic learning of information within
the sequence and prediction. The attention mechanism dynamically adjusts the model’s
focus on different time points, aiding in concentrating attention on crucial time points
or features to enhance predictive performance. The RF-CEEMDAN-TGMA model, con-
structed with a rational architecture, exhibits superior predictive performance compared
to the best-performing models in the comparative analysis, resulting in a significant im-
provement. Specifically, compared to the best-performing reference model, it achieves
a 3% reduction in RMSE, a 1.6% reduction in MAE, a 12.7% reduction in MAPE, and a
2.6% increase in R? in Case 1. In Case 2, there is a 7.7% decrease in RMSE, 7.7% decrease
in MAE, 11.6% decrease in MAPE, and a 4.7% improvement in R?. The proposed model
contributes novel methods to the field of production forecasting.
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