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Abstract

Accurate prediction is crucial for optimizing production plans, improving
efficiency, and reducing costs in the energy sector. This study combines a neu-
ral network production prediction model with a fusion attention mechanism
for energy production. This model uses long short-term memory networks
to learn historical production data, integrates back propagation, and intro-
duces attention mechanisms. The results demonstrated that when analyzing
different energy sources, the accuracy, the root mean square error, and the
prediction time were 0.72, 0.07, and 1.7 seconds, respectively, for a dataset
size of 1,000. The proposed model exhibits superior predictive performance
across various sources. It provides a more accurate and efficient method for
energy production prediction.
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1 Introduction

Accurate energy prediction is particularly essential for the energy sector, as
in the particular case of oil well production (OWP). Accurately predicting
OWP can not only optimize oilfield development plans, but also significantly
improve the overall efficiency of oilfield development and reduce operating
costs. With the continuous growth of global energy demand and the gradual
depletion of oil resources, optimizing oilfield extraction plans and improving
oilfield development efficiency have become urgent problems to be solved
[1, 2]. The accuracy of OWP directly affects the effectiveness and economy
of production decisions. However, traditional prediction methods often strug-
gle to handle complex time-series data, which challenges the accuracy and
stability of model predictions. Therefore, it is highly necessary to develop
a prediction model that can effectively capture complex dependency rela-
tionships in time series data. Therefore, a combination model with fusion
Attention Mechanism (AM) is constructed for OWP prediction. This model
uses the Long Short-Term Memory (LSTM) to study historical OWP data,
combined with Back Propagation (BP) to optimize LSTM, calculate gradients
to update model weights, and finally introduces AM to improve the model’s
capacity to capture long-distance dependencies.

The innovation of the research lies in addressing the overfitting in tradi-
tional LSTM when dealing with small datasets or noisy data. By introducing
the BP algorithm to optimize the LSTM model parameters, its performance
has been improved. In response to the potential information forgetting and
bottleneck issues that may still exist in the BP-LSTM model when processing
ultra-long sequences, a convolutional block attention module is introduced to
improve the model’s ability to capture remote context by combining channel
attention and spatial AMs. Deep learning techniques are applied to OWP
prediction, and BP-LSTM and BP-LSTM-ATT models are proposed. The
performance advantages are verified on actual datasets. Through various
model comparison experiments, the performance of the model is comprehen-
sively analyzed from multiple indicators. Especially in terms of adaptability
and efficiency on different dataset sizes and oil well types, the robustness
of the model is demonstrated. The contribution of the research lies in the
following three points:

Firstly, a LSTM model optimized with BP algorithm is proposed to
address the time series prediction of OWP, which can fully utilize long
sequence information and effectively alleviate gradient vanishing and over-
fitting.



Prediction Model Integrating Attention Mechanism and BP-LSTM Algorithm 825

Secondly, to enhance the ability to capture dependencies and key features
of ultra long sequences, channel and spatial AMs are integrated to form
the BP-LSTM-ATT model, which dynamically focuses on the most relevant
temporal information.

Thirdly, through testing on public datasets and actual oil well data, this
method outperforms traditional methods in terms of accuracy, Root Mean
Square Error (RMSE), training and prediction efficiency, providing a more
accurate and efficient solution for OWP prediction.

This study aims to provide a more efficient method for predicting OWP,
and provide reference for time-series data prediction in related fields.

The paper is organized as follows. The research content is divided into
four sections. Section 2 reviews other relevant research topics. Section 3
briefly introduces the main methods used in this study. Section 4 covers the
model results obtained by applying the method to the research and analysing
the results. The final section summarizes the research and proposes future
research areas.

2 Related Works

As the growth of global energy demand and the increasing scarcity of oil
resources, optimizing oilfield extraction strategies, improving development
efficiency, and reducing costs have become urgent issues to be addressed.
Reference [3] constructed a new model integrating SSA and LSTM. The
suggested model performed excellently, significantly better than the indi-
vidual LSTM and SSA-BP models, which was beneficial for the digital
safety management of subsea process systems. Reference [4] built a multi-
layer model to observe the viscosity of diluted heavy crude oil. This model
could predict viscosity more accurately and performed better than existing
models, with a coefficient of determination of 0.95. Reference [5] proposed
a permeability model. This model could fully consider the impact of adverse
factors on production capacity, providing theoretical guidance for optimizing
fracturing in low-permeability reservoirs.

Reference [6] established a three-dimensional numerical model. Mean-
while, an LSTM-BP neural network prediction model was developed.
Increasing the velocity or temperature of the heat transfer fluid can shorten
the melting time of phase change materials. Machine learning models provide
an adaptive new approach for thermal storage design. Reference [7] proposed
a hybrid model based on Convolutional Neural Networks (CNN) and LSTM.
The model used dual channel images as inputs. This method performed
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well in identifying four discharge modes, meeting real-time requirements,
and verifying the rationality of hyperparameters and model discrimination
ability through ablation experiments. Reference [8] suggested a prediction
model based on stacked bidirectional LSTM. This model performed well,
demonstrating excellent performance. Reference [9] proposed an architec-
ture that combined multi-condition scheduling algorithms with multi-level
queues to optimize workflow scheduling of IoT devices in fog/cloud environ-
ments. The architecture utilized Common Prefix Exception (CPE) to calculate
priorities and LSTM to predict workloads, achieving efficient task alloca-
tion. This method significantly improved system throughput and efficiency,
increasing throughput by 48.6%, reducing communication costs by 56%, and
significantly improving production span, waiting time, and parallelism.

In summary, many scholars focused on yield prediction and have obtained
certain results. Although these methods have improved the effectiveness of
yield prediction to some extent, there are still issues such as low accuracy
and insufficient robustness. Therefore, a BP-LSTM model based on AM is
proposed, aiming to provide a reliable method for OWP prediction.

3 Methods

The first section proposes an LSTM oil well prediction model that can
extract temporal information to address the difficulty of predicting OWP, and
optimizes its parameters through BP. In the second section, AM is introduced
to improve the BP-LSTM model.

3.1 OWP Prediction Model with BP-LSTM

OWP is an essential indicator for oilfield development. Accurately predicting
oil production can optimize production plans, improve oilfield development
efficiency, and reduce production costs. This study takes LSTM, which can
extract temporal information, to learn historical OWP. LSTM is a special
recursive neural network architecture primarily used for processing and
predicting time series data or tasks with sequential dependencies [10, 11].
Traditional recurrent neural networks are susceptible to gradient vanishing
or exploding, while LSTM can better preserve and utilize information over
long time steps by introducing gating mechanisms. Figure 1 illustrates the
structure.

In Figure 1, the LSTM is built on CNN, which incorporates a gating
structure. LSTM has an additional transitive state compared to CNN, with two
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transitive states [12, 13]. In LSTM, the updated gate is shown in Equation (1).
2t = o(Wy - [he—1, 7)) (1)

In Equation (1), z; denotes the update gate. W, denotes the parameters.
h¢—1 denotes the hidden state of the previous time step. x; denotes the input
of the time step. The output of the reset gate is constrained to the interval
[0, 1]. Equation (2) shows the calculation equation of the reset gate.

Tt = U(Wr : [htflyxt]) (2

In Equation (2), r; represents the reset gate. WW,. represents the parameter.
Equation (3) shows the candidate hidden state calculation equation with reset

gate calculation. _
hi = tanh(Wy, - [ry © he—1, 24]) 3)

In Equation (3), ® denotes element wise multiplication. tanh is the
hyperbolic tangent function used to generate new candidate cell states. The
hidden state is presented in Equation (4).

hi = (1—2)®h—y + 2 @by €]

In Equation (4), h; is applied to calculate the next time step. The cal-
culation of hidden states combines output gates with the current unit state.
Although the structure of LSTM allows gradients to propagate more smoothly
during backpropagation, reducing the gradient vanishing and enabling the
network to better learn dependencies with long time steps. However, over-
fitting is prone to occur when dealing with small datasets or noisy data
[14, 15]. Therefore, this study applies the Back Propagation (BP) algorithm
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Figure 2 Structure of BP-LSTM.

to optimize the LSTM and calculates gradients to update the weights of the
LSTM. However, since LSTM is a recursive neural network that processes
time series data, its backpropagation process needs to consider the time
dimension. The improved algorithm model is shown in Figure 2.

In Figure 2, the input sequence is sequentially passed through the LSTM
unit to calculate the hidden state and cell state, as well as the output of
each gate. The loss function is calculated as the optimization objective.
Starting from the last time step, the loss of each time step is sequentially
calculated [16]. The chain rule is used, where gradients propagate back
layer by layer, propagating the loss information. Equation (5) shows the loss
function.

T
1 .
Loss = T tzl L(yt, 9t) 5)

In Equation (5), y; denotes the true value. 3, denotes the predicted value
of the model. L represents the loss function. 7' represents the time step.
Equation (6) shows the output gradient corresponding to the loss function.

. 3L(ytal7t)

Oy, = i (6)
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In Equation (6), é,, represents the gradient of the loss function on the
output, that is, the impact of the model’s predicted output on the loss. y;
represents the output. This gradient represents how the loss will change if the
output is changed. The gradient of the output gate is shown in Equation (7).

6ot = (5yt © ta,nh(C’t) ®or©® (1 - Ot) (7)

In Equation (7), d,, is the gradient of the output gate. C; denotes the
cell state. O; represents the output gate. The gradient is calculated through
the backpropagation chain, representing the impact of changes in the output
gate on the loss. The gradient of the cell state is calculated, as shown in
Equation (8).

5Ct = 5yt ®0:® (1 — tanhz(Ct)) + 6Ct+1 O fi+1 (8)

In Equation (8), the gradient of cell state is calculated through two parts.
By selecting feature parameters and daily oil production data, the BP-LSTM
model is used to compare the predicted production results with the actual
values to predict the OWP.

3.2 OWP Prediction Model with Fusion AM and BP-LSTM

Although BP-LSTM has made significant improvements in handling long-
term dependencies compared to LSTM, it may still face difficulties in captur-
ing long-range dependencies when the sequence is very long. As time steps
increase, information from early time steps may gradually be “forgotten” or
weakened in LSTM, resulting in poor processing of contextual information
over long time intervals. In the BP-LSTM architecture, all historical infor-
mation is compressed into a fixed dimensional hidden state, which leads
to information loss or insufficient expression of the complete context [17].
This “information bottleneck™ limits the ability to express complex depen-
dency relationships. Therefore, AM is introduced, allowing direct access to
remote context without relying on gradually propagating hidden states. This
mechanism greatly enhances the ability to capture long-range dependencies,
especially when the sequence length is long. By calculating the attention
weights of each time step, useful information can be selectively extracted
from different time steps according to the current task requirements [18]. This
approach breaks the fixed dimensional limitations of hidden states, flexibly
utilizing complete contextual information.

AM selectively focuses on specific elements of input data, thereby pro-
moting more efficient information processing within the network. This study
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employed a Convolutional Block Attention Module Network (CBAM), which
is comprised of two principal components: a Channel Attention Module
(CAM) and a Spatial Attention Module (SAM). The configuration of the
CAM is illustrated in Figure 3.

In Figure 3, the maximum pooling feature map and the average pooling
feature table are initially obtained. Subsequently, the Sigmoid function is
employed to add and activate the feature map, thereby obtaining the final
spatial attention feature, which is illustrated by Equation (9).

M¢(F) = Sigmoid(F,y + Foy) )

In Equation (9), FS,. denotes the feature map obtained after global

pooling, and F</ denotes the feature map obtained after average pooling. The
attention features obtained through the CAM are illustrated in Equation (10).

Fo=Mco(F)® F (10)

In Equation (10), M¢(F') denotes the final channel attention feature. F
denotes the input feature map. Figure 4 illustrates the structure of the SAM.

As illustrated in Figure 4, the input feature values are conveyed through
the channel dimension, thereby facilitating the acquisition of the maximum
and average pool feature values. Subsequently, the data is fed into the con-
volutional layer, where it is reduced in dimensionality to generate the output
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feature map. This is then activated by the Sigmoid function to produce the
final CAM feature, as illustrated in Equation (11).

Mg(F) = Sigmoid(F%) (11)

In Equation (11), F§ denotes the feature map obtained by dimensionality
reduction. The attention feature obtained through the SAM is shown in
Equation (12).

Fsg = Mg(F)® Fe (12)

In Equation (12), Mg(F') represents the final channel attention feature.
Fo represents the feature obtained through the SAM. Figure 5 illustrates the
final AM structure.

In Figure 5, first, the important information from the feature map is
extracted and summarized. Then, the pooled feature maps are fed into the
CAM, which generates CAM maps by combining the pooling results to
determine which channels are more important and adjust their weights. Next,
the feature map after channel attention is further refined to highlight the
most relevant channels. Subsequently, these refined feature maps undergo
more complex pattern detection through convolutional layers. Finally, CBAM
applies spatial AM to generate spatial attention maps to determine which
position in the feature map owns the essential information. The methodology
employed by the model to ascertain the anticipated yield is illustrated in
Figure 6.

In Figure 6, firstly, dynamic data features are established to provide
basic data for prediction. The data undergoes a processing stage, which
mainly includes handling missing values, handling outliers. Subsequently,
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the processed dataset is partitioned into a training set and a testing set for
the construction and validation of the model. After completing the dataset
partitioning, the model begins to perform yield prediction by analyzing dif-
ferent features. Feature analysis is used to help identify the variables that have
the greatest impact on the model’s prediction results, ultimately accurately
predicting single well production.

4 Results

The first section takes accuracy and RMSE as comparison indicators to
analyze the effectiveness of the BP-LSTM. The second section conducts
predictive analysis on actual oil wells.

4.1 Performance Analysis of OWP Prediction Model with
BP-LSTM

The experimental hardware configuration used in this study included an Intel
Core 15-8750H CPU, NVIDIA Geforce GTX2080Ti GPU, 8GB of VRAM,
and 16GB of RAM. Due to the relatively dispersed geographical distribution
of data for most publicly available OWP forecasting studies, the data sources
used by the research institute mainly come from Kaggle’s publicly available
oil field production dataset [19]. These data typically focus on typical oilfield
blocks in North America or the Middle East, covering key indicators such as
daily production, water injection volume, downhole pressure, and wellhead
pressure. The dataset contains hundreds to thousands of oil wells. In terms
of time span, it generally covers continuous production historical data from
several years to more than ten years, providing the possibility for long-term
time-series modeling, with a total of 6,000 data points. Due to issues such as
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missing data, noise, and outliers in raw oilfield data, it is necessary to perform
systematic cleaning and transformation before entering model training. The
situation where the data recording is particularly incomplete or the oil well
has been shut down for a long time has been excluded. In the case of multiple
wells, only wells with longer production time spans and higher data integrity
can be selected for model training and evaluation. Interpolation filling and
other methods are used to complete a small amount of continuous missing
production or water injection data. The minimum maximum standardization
method standardizes various numerical characteristics including production,
injection volume, and pressure.

In the hyperparameter settings of the BP-LSTM-ATT model, the LSTM
hidden layer dimension is set to 64, with 2 layers and a Dropout coefficient
of 0.2, to balance model capacity and prevent overfitting. The learning rate is
set to 0.001, and the Adam optimizer is used in conjunction with a batch size
of 32 to balance training speed and stability. The number of training rounds
is set to 100, which can be terminated early based on the validation set loss
under the early stopping strategy. The channel attention convolution kernel
size in the attention module is set to 3 x 3, with a scaling ratio of 16, and
the spatial attention convolution kernel size is set to 7 x 7. Cross validation
and grid search are used to adjust learning rates and other parameters cross
validation and grid search to achieve better fitting and generalization perfor-
mance. Simultaneously, add regularization between each layer of LSTM, with
regularization coefficient set to 1e-5, to further avoid overfitting. The batch
normalization is adopted to further improve model performance.

In the study, the raw data was first divided into training set, validation
set, and testing set in a ratio of 7:2:1. The training set was used for model
learning, the validation set was used for real-time monitoring and adjustment
of hyperparameters during the training process, and the testing set was only
used for final evaluation after the model is finalized. To address the insuffi-
cient relative size of the test set, K-fold cross validation is taken to alternate
training and validation in different folds, maximizing the utilization of exist-
ing data. To verify whether the model is overfitting, evaluation metrics such
as accuracy and RMSE are calculated in both training and testing stages, and
the difference between the two is monitored. When a model performs well
on the training set but fails on the testing set, it indicates that the model may
have overfitting. In addition, the Early Stopping strategy is adopted during the
training process, which means stopping the training in advance when there is
no significant decrease on the validation set for several consecutive epochs,
reducing the overfitting. In this way, it is possible to effectively utilize limited
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Figure 7 Performance comparison results of four models.

data to obtain robust model performance evaluations, as well as identify
and suppress overfitting problems by comparing training and testing stage
indicators.

In this study, LSTM network, Graph Attention Network (GAT), and
Gated Recurrent Unit (GRU) are selected as comparison models, with accu-
racy and RMSE values chosen as comparison metrics. Figure 7 illustrates the
results.

Figure 7(a) showed the accuracy values corresponding to four models,
while Figure 7(b) showed the RMSE values corresponding to four models
with different dataset sizes. In Figure 7(a), the accuracy values of all four
models increased, with the BP-LSTM model having a higher accuracy value
among the four models. When the dataset size was 600, the accuracy values
of BP-LSTM model, GAT model, GRU model, and LSTM model were 0.62,
0.47, 0.38, and 0.32, respectively. When the dataset size was 1,000, the
accuracy values of BP-LSTM model, GAT model, GRU model, and LSTM
model were 0.72, 0.63, 0.48, and 0.39. In Figure 7(b), the RMSE values all
decreased, with the BP-LSTM model having a smaller RMSE value among
the four models. When the dataset size was 1,000, the RMSE values of BP-
LSTM model, GAT model, GRU model, and LSTM were 0.07, 0.16, 0.22,
and 0.48. Therefore, the BP-LSTM model had good predictive capability.
According to the size of the dataset, the training set is divided into four
subsets, namely training set 1 to training set 4. Similarly, the validation set is
segmented and the computation time was compared. The results are shown in
Figure 8.

Figure 8(a) shows the model training time, while Figure 8(b) shows the
model running time under different validation set sizes. When the training set
was small, the training time of each model was also small. As the training set
increased, there was no significant change in the BP-LSTM at the beginning,
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Table 1 Comprehensive performance analysis of the model

Index Dataset LSTM GAT GRU BP-LSTM
Loss 1 0298  0.255 0.228 0.165

2 0284 0.243 0.214 0.153
IoU 1 0.727  0.769 0.796 0.859

2 0.745 0.785 0.811 0.875
F1 value 1 0448 0491 0518 0.588

2 0489 0.504 0.536 0.594
Micro F1 1 0.799  0.844 0.869 0.933

2 0.813 0.855 0.883 0.915

and then the training time slightly increased. Among the four models, the
BP-LSTM remained at a relatively low level. In different validation sets, the
multi focus image fusion model maintained a stable computation time as the
validation set increased, indicating that the model could handle large amounts
of data well, while the computation time of other models increased. As a
result, the BP-LSTM model was able to process large amounts of data with
high efficiency, demonstrating outstanding efficiency among the four models.
Table 1 presents the performance of each model.

In Table 1, IoU is an important indicator for calculating the similar-
ity between two sets. F1 value is an indicator used in classification tasks
to comprehensively measure precision and recall. Micro F1 is a F1 value
calculation method in multi-classification tasks, which first calculates the
global TP FP, FN, and then calculate Precision and Recall again to obtain
the F1 value. The loss function values, IoU, F1 value, and Micro F1 of
the BP-LSTM algorithm model in dataset 1 were 0.165, 0.859, 0.588, and
0.933, respectively. In dataset 2, the loss function values, IoU, F1 value,
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and Micro F1 of the BP-LSTM model were 0.153, 0.875, 0.594, and 0.915,
respectively. Among the four methods proposed, the BP-LSTM model had
excellent performance in all aspects.

4.2 Performance Analysis of Prediction Model with Fusion AM
and BP-LSTM

To further validate the performance of the model, the simulation analysis is
conducted on each model. In Figure 9, multiple oil well data are selected for
predictive analysis.

Figure 9(a) showed the predicted production for multiple oil wells, while
Figure 9(b) showed the predicted production for a single oil well. In Fig-
ure 9(a), the performance of each model remained relatively stable as the
amount of data increased. Among the four models, the BP-LSTM-ATT model
basically fitted the actual OWP, while the GRU model and BP-LSTM model
had a large prediction difference. In Figure 9(b), the actual production of each
month in a single oil well was basically stable, and the BP-LSTM-ATT model
also had good predictive performance, basically fitting around the true value.
The other two methods had a significant gap between the models. Thus, the
BP-LSTM-ATT had fantastic performance. Different oil wells are selected,
and their prediction times are analyzed. The results are shown in Figure 10.

In Figure 10, A to F represented six different oil wells. In Figure 10(a),
the BP-LSTM-ATT model had the shortest training time, with training time of
3.15,3.65,4.05,4.35s,4.2s,and 4.5 s for six different types of oil well data,
respectively. For different types of oil wells, the training time in Well A was
the shortest, with GRU model, BP-LSTM model, and BP-LSTM-ATT model

30 GRU 30
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27 — BP-LSTM-ATT 27 73‘;{2% ATT
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aF Sl | 21
E 18 i / 18
s 15 o= -

12 o 1

)

Production (m*mon)
Production (m*/mon)
&

©

6 | ! 6
3 bommmoo- 3
0 L L L L L L L L L L 0 L L L L L L L L
0O 2 4 6 8 10 12 14 16 18 20 o 1 2 3 4 5 6 7 8 9 10
Sample size Month
(a) Production prediction of multiple oil wells (b) Production prediction of a single oil well

Figure 9 Analysis of predicted values for various models.
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Figure 10 Prediction time for oil wells.

training times of 3.7 seconds, 3.9 seconds, and 3.3 seconds, respectively.
In Figure 10(b), among the various models, the BP-LSTM-ATT model had
the shortest prediction time, with prediction time of 1.4 s, 1.9 s, 3.6 s,
2.2's,2.3 s, and 2.0 s in six different types of oil well datasets, respectively.
For different oil wells, the prediction time for C oil well was the shortest,
with EGRU model, BP-LSTM model, and BP-LSTM-ATT model having
prediction time of 2.1 s, 1.9 s, and 1.7 s, respectively. The BP-LSTM-
ATT model had excellent predictive performance for different oil wells. The
comprehensive prediction of each oil well is analyzed, and the most advanced
model is selected for comparison. The results are shown in Table 2.

The accuracy of BP-LSTM-ATT is the highest in most wells, with an
accuracy of 0.959 and an RMSE of only 0.211 in well F. Meanwhile, the
difference between its predicted production and actual value is small, and
the difference between the predicted production of oil well A at 11.068 and
the actual production at 13.8 is limited. In contrast, SOTA was slightly infe-
rior overall. Compared with GRU and BP-LSTM, BP-LSTM-ATT showed
significant improvement in accuracy in wells A to F, reaching 0.906 and
0.941 in wells B and C, respectively, with lower RMSE. In addition, the
predicted production was closer to reality, and the difference between the
predicted 15.946 and the actual 17.6 in oil well B is relatively small. The
experimental results show that the proposed BP-LSTM-ATT has excellent
predictive performance for various types of oil wells, performs the best in
comprehensive indicators, and has higher accuracy and stability.
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Table 2 Comparison of comprehensive production of various oil wells

Oil Well Actual GRU BP-LSTM

Number Production Accuracy RMSE Production Accuracy RMSE Production
A 13.8 0.737 0.107 10.171 0.819 0.114 11.302
B 17.6 0.843 0.184 14.837 0.883 0.22 15.541

C 15.6 0.877 0.201 13.681 0.902 0.254 14.071
D 21.6 0.803 0.162 17.345 0.865 0.18 18.684
E 23.4 0.832 0.185 19.469 0.888 0209  20.779

F 16.8 0.888 0.241 14.918 0.944 0.273 15.859
Oil Well Actual BP-LSTM-ATT SOTA

Number Production Accuracy RMSE Production Accuracy RMSE Production
A 13.8 0.802 0.072 11.068 0.751 0.096 10.3638
B 17.6 0.906 0.138 15.946 0.855 0.162 15.048

C 15.6 0.941 0.155 14.68 0.89 0.179 13.884

D 21.6 0.866 0.118 18.706 0.815 0.142 17.604
E 23.4 0.895 0.141 20.943 0.844 0.165 19.7496
F 16.8 0.959 0.211 16.111 0.908 0.235 15.2544

5 Conclusion

To address the poor performance of traditional oil well prediction methods in
processing long time series data, a neural network OWP prediction model
combining BP-LSTM and fused AM was established. The model learned
historical OWP data through LSTM, optimized LSTM using BP algorithm,
calculated gradients to update model weights, and finally introduced AM to
improve the model’s capability. When the dataset size was 1,000, the accuracy
values of BP-LSTM model, GAT model, GRU model, and LSTM model
were 0.72, 0.63, 0.48, and 0.39, and the RMSE values were 0.07, 0.16, 0.22,
and 0.48. Among the four models, the BP-LSTM-ATT model basically fitted
the actual OWP, while the GRU model and BP-LSTM model had a large
prediction difference. In the prediction of single well production, the actual
monthly production of a single well was basically stable, and the BP-LSTM-
ATT model also had good predictive performance, which was basically close
to the true value. Among various models, the BP-LSTM-ATT model had the
shortest training time, with training time of 3.1 s, 3.6 5, 4.0 s, 435,42 s,
and 4.5 s in six different types of oil well data, respectively. For different
types of oil wells, the training time in well A was the shortest, with GRU
model, BP-LSTM model, and BP-LSTM-ATT model training time of 3.7 s,
3.9 s, and 3.3 s, respectively. Therefore, compared with traditional predic-
tion models, the BP-LSTM model has significant advantages in handling
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long-term dependencies and improves prediction accuracy. By introducing
the BP-LSTM model with fused AM, the processing capability of long
sequence data has been further improved. This model can effectively capture
long-range dependencies and significantly improving prediction accuracy.
However, there are still certain shortcomings in the research, such as the
model stability when dealing with noisy data. Future research can improve
algorithms and data preprocessing.
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