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Abstract: Accurately predicting oil well production volume is of great significance in oilfield pro-
duction. To overcome the shortcomings in the current study of oil well production prediction, we
propose a hybrid model (GRU-KAN) with the gated recurrent unit (GRU) and Kolmogorov—Arnold
network (KAN). The GRU-KAN model utilizes GRU to extract temporal features and KAN to capture
complex nonlinear relationships. First, the MissForest algorithm is employed to handle anomalous
data, improving data quality. The Pearson correlation coefficient is used to select the most significant
features. These selected features are used as input to the GRU-KAN model to establish the oil well
production prediction model. Then, the Particle Swarm Optimization (PSO) algorithm is used to
enhance the predictive performance. Finally, the model is evaluated on the test set. The validity of the
model was verified on two oil wells and the results on well F14 show that the proposed GRU-KAN
model achieves a Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Mean Absolute
Percentage Error (MAPE) and Coefficient of Determination (R?) values of 11.90, 9.18, 6.0% and 0.95,
respectively. Compared to popular single and hybrid models, the GRU-KAN model achieves higher
production-prediction accuracy and higher computational efficiency. The model can be applied to the
formulation of oilfield-development plans, which is of great theoretical and practical significance to
the advancement of oilfield technology levels.

Keywords: oil well production prediction; GRU-KAN model; Particle Swarm Optimization algorithm;
MissForest

1. Introduction

In the process of oil field development, the production capacity of a single well or oil
field is crucial for the economical and efficient development of that oil field. The produc-
tion capacity of an oil field is determined by the output of its internal wells. Therefore,
accurately predicting well production has always been a key focus of research in the oil
industry [1]. By predicting oil well production, researchers can develop more rational
extraction plans, ensure scientific production, optimize production processes, and have
significant implications for the coordinated development of the o0il and gas industry and
investment decision-making for enterprises [2].

Traditional oil well production-prediction methods are mainly divided into two kinds:
mathematical analysis and numerical simulation. Mathematical analysis is a statistical
analysis method mainly based on the historical law of reservoir development, such as the
method of Decline Curve Analysis and Water Drive Decline Curve, and these techniques
have been widely used in oilfield production [3-5]. However, this curve fitting method is
based on many assumptions and experiences, while oil well production data often exhibit
highly nonlinear characteristics, which these statistical methods struggle to handle. As a
result, it typically adapts poorly and achieves low calculation accuracies [6]. Numerical
simulation methods are currently the most commonly used methods for predicting oil
production [7-9]. This method is based on the understanding of the real flow process of
the underground porous medium, utilizing physics-driven data analysis and takes into
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account more factors, thereby predicting the results more objectively. Nonetheless, the
computational process is limited by the development of a geologic reservoir model, which
requires a laborious and time-consuming process that includes developing the geologic
model, numerical modeling and performing history fitting. Each model must be of high
quality to accurately predict oil well production.

Machine learning, as the mainstream direction of artificial intelligence, especially the
rapid progress of deep learning, has brought new technologies and methods to guide oil-
field production. In recent years, more and more petroleum enterprises have been building
smart oilfields through machine learning methods to improve quality and efficiency. It
has been applied in a number of oil-related works and has produced good results [10],
such as seismic interpretation [11,12], pipeline leakage [13,14] and drilling-optimization
analysis [15,16]. In oil well production prediction, many traditional machine learning meth-
ods (such as support vector machine, artificial neural network and random forest) have
been widely applied [17-19], but most have focused on regression methods and paid little
attention to the time series characteristics of production data. Production data are a typical
time series structure, influenced by many internal and external factors. Consequently, many
researchers utilize time series methods to predict future oil well production. Temporal
Convolutional Networks (TCNs) [20], Recurrent Neural Networks (RNNs) [21], specifically
Long Short-Term Memory (LSTM) [22] and Gated Recurrent Unit (GRU) [23] have emerged
as prominent focal points in production prediction. Zhang et al. [24] proposed using TCN to
predict the production of water flooding oilfield wells, achieving high prediction accuracy.
Indrajeet Kumar et al. [25] integrated the LSTM algorithm with a genetic algorithm (GA)
to predict oil well production, demonstrating that the GA-LSTM model surpasses other
production-prediction models; Raghad et al. [26] proposed a GRU model for petroleum
production prediction, which features a low-complexity architecture and the capability to
track long-interval time series data, demonstrating excellent performance.

Although machine learning methods have made significant progress in oil well produc-
tion prediction, there is still room for improvement. The single RNNs show low accuracy
in time series prediction and struggle to fully capture input data characteristics. To enhance
prediction accuracy, researchers have combined RNNs with other methods to build hybrid
models for time series. Convolutional neural networks (CNNSs) [27] are one of the most
representative network structures in deep learning, excelling in feature extraction and
information mining compared to other methods. Zhang Lei et al. [28] introduced the
CNN-LSTM method to predict oil well production, with the model’s efficacy validated in
actual reservoirs. Chen et al. [29] introduced the CNN-GRU method to predict oil well pro-
duction and indicated that the proposed CNN-GRU model outperforms other prediction
approaches. Recently, The Kolmogorov-Arnold Network (KAN) has presented a novel
approach for time series prediction. Xu et al. [30] applied KAN in time series analysis, prov-
ing KAN’s ability in capturing complex temporal dependencies. Based on this, this study
proposes a GRU-KAN hybrid model to establish an o0il well production-prediction model,
where GRU excels at capturing long-term and short-term dependencies in time series and
KAN can accurately capture the nonlinear relationships in oil well production affected by
multiple complex factors through its flexible nonlinear feature-extraction capabilities. Com-
pared with other models, this combination not only achieves better prediction accuracy but
also reduces training time and improves computational efficiency, demonstrating potential
applications in the oil industry. The contributions of this study are as follows:

(1) We propose the GRU-KAN model to address challenges in oil well production predic-
tion and build a prediction model for each well using GRU-KAN.

(2) To evaluate the effectiveness of the GRU-KAN model, we introduced popular single
and hybrid machine learning models for comparison, including LSTM, GRU, TCN,
Bidirectional LSTM (BiLSTM) [31], Bidirectional GRU (BiGRU) [23], CNN-LSTM,
and CNN-GRU. Evaluation results indicate that GRU-KAN outperforms the other
methods in predicting oil well production accuracy and generalization ability.



Energies 2024, 17, 5502

30f18

(8) We also compared the effects of different data imputation methods and hyperparame-
ter optimization methods on the prediction results, and the results show that using
the MissForest and PSO algorithms outperforms traditional methods.

The remainder of this paper is organized as follows: In Section 2, we describe in detail
the core algorithms used in this study, including GRU and KAN. We also explain how the
Particle Swarm Optimization (PSO) algorithm determines the model’s hyperparameters.
Additionally, we introduce the MissForest algorithm, which is employed to handle outlier
data. In Section 3, we provide a comprehensive overview of the experiments. First, we
discuss the data-processing steps, which cover data cleaning, feature parameter analysis,
data normalization, the design of the time window size and dataset splitting. Next, we
describe the model training and prediction process, using various evaluation metrics to
assess model performance. This section also compares the prediction results of single
models and hybrid models, as well as the impact of different data-imputation methods and
different hyperparameter optimization methods on model performance. In the end, we
discuss the model’s generalization ability. In Section 4, we summarize the contributions of
this study and discuss potential future research directions.

2. Materials and Methods
2.1. Gated Recurrent Unit (GRU)

Gated Recurrent Unit (GRU) is a special type of recurrent neural network (RNN)
specifically designed for processing and predicting sequence data. Traditional RNNs are
prone to gradient vanishing or exploding when processing long-sequence data, resulting
in the loss of long-range dependency information. GRU effectively solves this problem
by introducing gating mechanisms. The core components of GRU are hidden states and
two gating structures: update gate and reset gate. The reset gate determines how much
past information should be retained when updating the hidden state. The update gate
determines how much current information should be retained when updating the hidden
state. Hidden states are used to store information for each time step in a sequence. Through
these gate structures, GRU can selectively retain and discard information when processing
long-time sequences, thereby capturing long-range dependencies. Compared with the
Long Short Term Memory (LSTM) network, GRU combines the forget gate and input gate
in LSTM into one update gate and eliminates independent cell states, with hidden states
serving as both cell states. The structure is more simplified, making GRU’s training more
efficient than LSTM. The network structure is shown in Figure 1.
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Figure 1. GRU network structure.

In Figure 1, t represents the time step; R; represents the reset gate; Z; represents the
update gate; o represents the activation function; tanh represents the hyperbolic tangent
function; ©® denotes element-wise multiplication; H;_; and H; represent the hidden layer
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states at the previous and current moments, respectively; X; represents the input at the
current moment; H; represents the candidate hidden state at the current moment.

2.2. Kolmogorov-Arnold Network (KAN)

The Kolmogorov—-Arnold Network (KAN) is a novel network architecture proposed
by a team at MIT, inspired by the Kolmogorov—Arnold Theorem [32], as shown in Figure 2.
In recent years, KAN'’s application in machine learning has garnered widespread attention.
Its primary advantages lie in model flexibility and interpretability. Unlike traditional
multilayer perceptrons (MLP), KAN does not have fixed activation functions but achieves
this through learnable single-variable functions. This characteristic makes KAN excel in
data fitting and complex function learning. KAN has advantages over MLP and CNN in
terms of model performance, computational efficiency and interpretability.

Kolmogorov’s theorem states that any continuous multivariable function can be rep-
resented as a superposition of a finite number of continuous single-variable functions.
Specifically, for an n-dimensional continuous function f(x1, x2, ..., X,,), there exists a set of
continuous single-variable functions g; and h;; such that:

2n+1 n
flx,x0,..0,00) = ) 8i<Z%hij(xj)> )
=

i=1

where 7 is the number or dimension of the input variables. g; are the outer functions, which
are continuous functions of a single variable. These functions operate on the sum of the
outputs of the inner functions. h;;(x;) are the inner functions, which are also continuous
functions of a single variable. Each /;; processes one input variable x; and contributes to
the sum for each outer function. Here, i ranges from 1 to 2n 4+ 1 and j ranges from 1 to n.

This theory indicates that complex multivariable functions can be represented through
combinations of simpler single-variable functions, offering a new perspective for neural
network design [33].

It can be seen from Figure 2 that the KAN architecture is composed of multiple layers,
each containing several nodes and edges. Each node receives input signals from the
previous layer and applies nonlinear transformations to these signals through learnable
single-variable functions on the edges. In KAN, each weight parameter is represented as
a single-variable function, the specific form of which can be adjusted during the training
process. This design allows each layer’s output to depend not only on the input signals but
also on optimized parameters that adapt to different data patterns, thereby enhancing the
model’s expressive power.

learnable activation functions

/ on edges

Figure 2. Kolmogorov—Arnold network structure.
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2.3. GRU-KAN

The GRU-KAN proposed in this article mainly consists of four parts: input, GRU,
KAN and output. The input layer receives oil well production data and processes them
into data suitable for GRU input format. GRU consists of update gates, reset gates and
candidate hidden state, which are used to process time series information in oil well-
generated data and extract temporal features. The data processed by the GRU module are
transmitted to the KAN layer. The KAN layer consists of multiple layers, each containing
multiple nodes and edges and learns the feature through spline functions. Finally, the
output layer outputs the final prediction result. The GRU-KAN combines the advantages
of the GRU network in handling temporal data with the capabilities of the Kolmogorov—-
Arnold Network (KAN) in processing complex and nonlinear data, achieving modeling
of complex time dependencies. This hybrid method takes full advantage of GRU’s ability
to process sequential data and KAN'’s strength in handling complex, nonlinear data. It is
especially effective for tasks involving temporal analysis and intricate feature interactions.
The structure of the GRU-KAN model is shown in Figure 3.

Input i GRU GRU . KAN / Output

Figure 3. GRU-KAN network structure.

2.4. Particle Swarm Optimization Algorithm

Hyperparameter optimization algorithm in oil well production prediction can effec-
tively improve model performance, save the time of parameter tuning and enhance the
generalization ability of the model [34]. Due to the complex structure of the GRU-KAN
model, it is important to set the hyperparameters in the model. The Particle Swarm Opti-
mization (PSO) algorithm is a collective intelligence-driven optimization method, drawing
inspiration from the cooperative behaviors observed in animal societies, like the coordi-
nated movements of bird flocks and fish schools. The optimization problem is solved by
simulating the foraging behavior of these groups [35]. The steps of PSO hyperparameter
optimization are as follows:

(1) Initialize the parameters of the particle swarm, including the number of particles, the
number of iterations, the initial value of the weight coefficient and the range of the
search space for the learning factor. In this study, the number of particles is set to 20,
the number of iterations is set to 100, the initial weight coefficient is set to 0.9, the
learning factor is set to 2 and the range of the search space is determined based on the
characteristics of the hyperparameters of each model.

(2) Import an oil well production-prediction model and define the fitness function for
the particles. In this study, the root mean square error serves as the criterion for
evaluating fitness.
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(38) Compute the fitness values of the particles, rank them based on fitness and identify
both the individual best value (pbest) and the global best value (gbest), recording
them as their historical best positions.

(4) Update the velocity and position of the particles, including both the ordinary and
optimal particles.

(5) Check if the particles meet the iteration-termination conditions. If the iteration limit is
exceeded, substitute the optimal parameters into the model for training and prediction.
If not, return to step (3) and continue until the termination criteria are fulfilled.

The optimization process of the entire network is shown in Figure 4.

particle population

Start training initialization

Adjust

- D
Generate training ‘ ; the PSO coefficients
and test sets : } l
GRU-KAN :
Model Calculate the adaptation value

of each particle

Model Validation

Finding individual and group F
optima
Model calculation : ! l
fitness : ;
: ‘ Update particle velocity and
position
Output optimal model : : l
parameters ! :

Number of iterations >T —

Training and
prediction

T | Particle Swarm '
Optimization algorithm |

Figure 4. GRU-KAN network process based on PSO algorithm.
2.5. MissForest Algorithm

MissForest is a missing value imputation technique based on random forests [36]. It
averages a series of uncut classification or regression trees to conduct deep learning-based
research on predicting dynamic indicators of oilfield development and implement data
interpolation. After extensive comparison, it was found that the MissForest method fully
demonstrates excellent performance on various datasets and with different degrees of
missing data. It is not only computationally efficient but also particularly suitable for
handling missing values in high-dimensional datasets. Using MissForest for data imputa-
tion significantly reduces prediction errors. Compared with other regression imputation
methods, it is easy to operate and can achieve good results even under default settings.
In addition, compared with traditional data-imputation methods such as using 0, mean,
median or mode imputation, MissForest has significantly improved accuracy, indicating its
superiority in handling missing data.

3. Experiments
3.1. Data Processing

The experimental data were obtained from the Volve oilfield. The oilfield is located
in the central North Sea and is mainly composed of sandstone formations. The oilfield
maintains formation pressure through water injection to support production. Drilling in
the oilfield began in 2006 and due to the long period of production, a substantial volume
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of historical production data has been amassed at the oilfield. There are a total of seven
wells in the oilfield, including five production wells (F1, F11, F12, F14, F15) and two water
injection wells (F4, F5). We use the data from five of the production wells to create the
dataset. Well F14 and F12 in this oilfield have long development time and obvious changing
trends. These wells were selected for the oil-production prediction. The remaining three
oil wells (F1, F11, F15) are used for model-generalization analysis to verify the model’s
versatility on new wells. The oil production of the five wells is shown in Figure 5.
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Figure 5. Oil production of five oil wells.

3.1.1. Data Cleaning

When important features contain outliers but cannot be discarded, data cleaning
becomes a crucial step in building a high-quality dataset and appropriate data-filling logic
is directly related to the model’s predictive accuracy. For a few continuously missing
features, a random forest model can be constructed between the input features and the
features to be filled. Complete data are used as the training set for training and data with
missing values are used for model prediction, with the predicted values serving as the
filling values for the missing features. This study applies the MissForest algorithm to handle
data missingness. MissForest is a specialized version designed specifically for dealing with
missing data and compared to the random forest, it exhibits stronger robustness in dealing
with noise and outliers, thereby improving the accuracy of the imputed data. For large

sections of continuously missing data, we choose to delete the relevant rows or columns to
handle them.

3.1.2. Feature Parameter Analysis

The Pearson correlation coefficient method is used to assess the correlation between
features, select key features related to production and eliminate redundant ones, improving
model performance while reducing complexity. The Pearson correlation coefficient mea-
sures the strength and direction of a linear relationship between two variables, ranging
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from —1 to 1. A value close to +1 indicates a strong linear relationship, while a value near 0
suggests a weak linear correlation. The formula is shown in Equation (2).

b L =Dy —7)
VI — )2 (yi — §)?

The correlation between the input features and the oil well production is shown in
Figure 6. The correlation between wellhead pressure and choke size pressure differential is
0.99; the choke size pressure differential is selected for removal to reduce the complexity of
model training.

After removing the parameters with low correlation to oil production, wellhead
pressure, wellhead temperature, downhole pressure, tubing pressure differential, choke
size percentage, annular pressure, gas production, water production and water cut were
selected as the input features. The oil production was used as the label to construct
the dataset.

@
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0.50
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. . . -0.00
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Figure 6. Well F14 input characteristics and production correlation.

3.1.3. Data Normalization

Data normalization is a crucial preprocessing step that significantly enhances the
performance of oilfield production prediction. The attributes in oil well production data
have varying units and their magnitudes can differ significantly. Attributes with larger
magnitudes often dominate and impact the model’s training convergence speed. To mitigate
this issue, it is essential to normalize all attributes in the oil well production data. In this
study, Z-Score standardization is used as the normalization method. It is a normalization
technique that scales data to a standard scale. This method normalizes data by subtracting
the mean and dividing it by the standard deviation, as shown in Equation (3).

P .S
(%

@)

where Z is the normalized value, X is the original data, y is the mean of the data and ¢ is
the standard deviation of the data.
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3.1.4. Design of Data Window Size

Production data are a typical time series structure. To account for the temporal
correlations in oil well production data, the input data format required for the model is
constructed using a sliding window. If the size of the sliding window is set to 7, the first
sample input data consists of the data from the first to the nth time step, which is processed
by the model and used to predict the n 4 1th data. The second sample input data slide the
window back by one time step and consist of the data from the second to the n + 1th time
step, used to predict the n + 2th data. Eventually, the entire time series is traversed in turn,
forming an input format of (samples, sliding window, features).

3.1.5. Dataset Splitting

After preprocessing, 20% of the oil well production data are randomly selected as the
test set and the remaining data are used as the training set.

3.2. Model Training and Prediction
3.2.1. Evaluation Metrics

The Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Mean Absolute
Percentage Error (MAPE) and the value of the coefficient of determination R? are selected
as the evaluation indexes for the experiments. The closer the value of R? is to 1, the better
the model fits the data and can account for more of the data variability. The smaller the
MAE, RMSE and MAPE, the smaller the error between the model’s predicted value and
the actual observed value and the more accurate the model’s prediction. The calculation
formula is as follows.

RMSE = || ié(yi — 92 @

MAE = i; i — 01 6)

MAPE = 120% f H’ (6)
i3l Vi

R2=1— W (7)

where y; is the actual value of oil production; j; is the predicted value of oil production;
and 7 is the total amount of oil production data in the test set.

3.2.2. Experimental Process

The experimental process of GRU-KAN for the production prediction of oil wells is as
follows:

(1) Preprocess the oil well production data, including cleaning abnormal data and feature
selection, and normalize the data.

(2) Reshape the oil well production data into a format suitable for model input. The data
are then split into training and test sets in chronological order randomly with a ratio
of 8:2.

(3) Construct the GRU-KAN model and perform iterative training on the model using
the training set, with all hyperparameters optimized using the PSO method.

(4) Evaluate the model’s performance using the test set and determine whether it meets
the accuracy requirements. Save the model if the accuracy requirements are met;
otherwise, adjust the model’s hyperparameters using PSO and continue iterative
training.

(5) After the iterations are complete, the model with the best performance is selected as
the production prediction model for the oil well.
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3.2.3. Comparison Between Single Model Predictions

First, we selected five single models for comparison, TCN, LSTM, GRU, BiLSTM and
BiGRU. These models are popular for time series forecasting tasks and have been widely
applied in the field of oil well production prediction. All model hyperparameters were
optimized by PSO. The relevant hyperparameters of the models involved in this study are
shown in Table 1. The hyperparameter combination with the lowest RMSE is selected as
the final one for oil well production prediction. The hyperparameter settings are shown in
Table 2 and the model comparison results are shown in Figures 7 and 8 and Table 3.

Table 1. Hyperparameter ranges for the models.

Training-Related LSTMs/GRUs CNN/TCN KAN
Epoch W1r.1d0w Learning Dropout Number quden Kernel size Channels Grid size
size rate layers size
500 3-30 0.001-0.1 0-0.5 2-10 32-512 2-5 4-1024 16-64
Table 2. Single models hyperparameter settings.
Well Model Epoch er}dow Learning  Number ch.iden Ke.r nel Channels Dropout
Size Rate Layers Size Size
F14 TCN 500 15 0.004 / / 3 [300, 600, 300] 0.20
LSTM 500 5 0.001 2 150 / / 0.28
GRU 500 14 0.005 2 117 / / 0.30
BiLSTM 500 11 0.002 3 87 / / 0.14
BiGRU 500 15 0.002 3 184 / / 0.26
F12 TCN 500 5 0.004 / / 4 [196, 128, 196] 0.13
LSTM 500 5 0.003 3 85 / / 0.12
GRU 500 20 0.004 2 204 / / 0.10
BiLSTM 500 30 0.001 3 129 / / 0.22
BiGRU 500 20 0.004 2 253 / / 0.24
350 350 350
Actual Actual Actual
oo BiGRU _3oor BiLSTM _30oF GRU
% 250 b ’UV\ % sk J\/\\ § 250 VV\/\
§ 200 JM’V\WJV\/\[\, § 200 F \"\A«/\x\n\\ /Jwv\ N § 200 t\%/v W ﬂ/’v\/ N
£ 150 J\W\\/\ £ 1so0f J\Vm £ 1sof | W\\/\r\
100 i 100 | [~ 100 A
05 100 200 30 200 500 05 100 200 30 200 500 05 100 200 30 200 500
Time (Day) Time (Day) Time (Day)
(A) BIGRU (B) BILSTM (C)GRU
350 350
Actual Actual
_300F LSTM _30or TCN
% 250 ’F\’\f\/\m’/\,\\ % 250 F "'VV\J\\
g 200 F " :% 200 F Y "
El 150 | WMN\WMW é 150 | \/\\[h V\/\V\V\/\/\/
& 5
100 V 100 | A=
s0 L L L . . A s0 L . . L A
0 100 200 300 400 500 0 100 200 300 400 500
Time (Day) Time (Day)
(D) LST™M (E) TCN

Figure 7. Comparison of actual and predicted values on Well F14 using the (A) BiGRU, (B) BiLSTM,
(C) GRU, (D) LSTM and (E) TCN models.
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Figure 8. Comparison of actual and predicted values on Well F12 using the (A) BiGRU, (B) BiLSTM,
(C) GRU, (D) LSTM and (E) TCN models.

Table 3. Prediction results of five single models.

Well Model RMSE ~ MAE  MAPE/% R? Train
Time/s
Fl4 TCN 14.98 11.46 75 0.92 22.80
LSTM 16.40 12.98 8.9 0.90 5.77
GRU 14.66 11.06 7.8 0.92 4.36
BiLSTM 15.56 1227 8.3 0.91 11.79
BiGRU 14.49 11.45 7.7 0.92 7.50
F12 TCN 55.19 38.15 13.25 0.91 17.64
LSTM 60.24 47.47 13.29 0.89 6.23
GRU 55.20 40.20 11.67 0.91 5.74
BiLSTM 57.11 4156 10.98 0.91 15.32
BiGRU 56.82 40.49 11.21 0.91 11.15

Figures 7 and 8 show the comparison of actual production and predicted production by
different models for wells F12 and F14. The x-axis represents time, and the y-axis represents
the corresponding daily oil well production. Each subfigure presents the predicted daily oil
well production values (orange line) by a specific model alongside the actual production
values (blue line). The closer the curves, the more accurate the model’s prediction. By
comparing the performance of five models in the task of oil well production prediction, we
can see the strengths and weaknesses of each model.

TCN captures long-term dependencies through causal and dilated convolutions;
Table 3 shows that TCN demonstrates excellent predictive performance with RMSE, MAE,
MAPE and R? values of 14.98, 11.46, 7.5%, 0.92 on well F14 and 55.19, 38.15, 13.25%, 0.91
on well F12, respectively. Figures 7E and 8E show that the prediction curve fits the actual
values very well. But due to the complex convolutional structure, the training time is quite
long, requiring 22.80 s on well F14 and 17.64 s on well F12 per epoch, which results in poor
performance in terms of training time.

LSTM, as a classic recurrent neural network, performs well in time series prediction.
Table 3 shows that the optimized model has an RMSE, MAE, MAPE and R? values of
16.40, 12.98, 8.9%, 0.90 on well F14 and 60.24, 47.47, 13.29%, 0.89 on well F12, slightly
lower in accuracy than TCN. On the other hand, LSTM’s training speed is much faster than
TCN, with each epoch taking only 5.77 s on well F14 and 6.23 s on F12, making it more
advantageous for oilfield-development applications.
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GRU is a variant of LSTM that simplifies the gating mechanism to achieve faster
training speed while maintaining nearly the same prediction accuracy. The optimized GRU
model has a prediction accuracy similar to TCN as shown in Figures 7C and 8C, with an
RMSE, MAE, MAPE and R? values of 14.66, 11.06, 7.8%, 0.92 on well F14 and 55.20, 41.56,
10.98%, 0.91 on well F12 as shown in Table 3. Furthermore, its training time is significantly
reduced to just 4.36 s and 5.72 s per epoch, significantly less time than TCN. This balance
between accuracy and efficiency makes GRU highly promising for oilfield-development
applications.

BiLSTM enhances data understanding by processing both forward and backward
time sequences simultaneously. Figures 7B and 8B show that the prediction curve of oil
production generated by the BILSTM model and the actual value curve fit well. Table 3
shows that the optimized model has an RMSE, MAE, MAPE and R? values of 15.56, 12.27,
8.3%, 0.91 on well F14 and 57.11, 41.56, 10.98%, 0.91 on well F12, similar to GRU. The
performance improvement is not substantial. Moreover, due to its bidirectional structure,
it consumes twice the resources and has a longer training time of 11.79 s and 15.32 s per
epoch, performing poorly in terms of training time compared to LSTM and GRU.

BiGRU is similar to BILSTM but with a simpler structure. The optimized model
achieves an RMSE, MAE, MAPE and R? values of 14.49, 11.45, 7.7%, 0.92 on well F14
and 56.82, 40.49, 11.21%, 0.91 on well F12 as shown in Table 3, slightly better than GRU.
Nonetheless, compared to GRU, BiGRU consumes twice the computational resources
without achieving corresponding improvements. This bidirectional mechanism shows
significant advantages in certain tasks, such as natural language processing and speech
recognition, because these tasks typically require the combination of both preceding and
following context to understand the overall structure of the data. However, in oil well
production prediction, we usually can only use historical data for prediction, as future data
are unknown. Therefore, the backward propagation in BiLSTM and BiGRU cannot provide
additional information when future information is unavailable. This bidirectional structure
does not bring significant performance improvements.

3.2.4. Comparison Between Hybrid Model Prediction

After comparing five single models, we constructed the GRU-KAN model based on
the GRU network. To validate the effectiveness of GRU-KAN, we compared it with the
CNN-LSTM and CNN-GRU models. All model hyperparameters were optimized using
PSO and the final hyperparameter values are provided in Table 4. The model’s comparison
results are provided in Figures 9 and 10 and Table 5, where the blue line shows the actual oil
well production, the orange line represents the GRU-KAN predictions, the red line indicates
the CNN-GRU predictions and the light purple line shows the CNN-LSTM predictions.

Table 4. Hybrid model hyperparameter settings.

Window Learning Number Hidden Kernel Grid
Well Model Epoch Size Rate Layers Size Size Channels Size Dropout
F14 CNN-LSTM 500 15 0.003 2 137 2 8 / 0.31
CNN-GRU 500 15 0.001 4 125 2 8 / 0.11
GRU-KAN 500 5 0.002 2 316 / / 30 0.10
F12 CNN-LSTM 500 15 0.003 3 214 2 8 / 0.13
CNN-GRU 500 15 0.001 2 192 2 8 / 0.11
GRU-KAN 500 12 0.006 3 144 / / 32 0.21

The CNN-LSTM model is a hybrid architecture that integrates CNN and LSTM, fre-
quently utilized to address intricate factors and long-term dependencies in time series
data, demonstrating exceptional efficacy in predicting oil well production [1,28,37]. The
CNN-LSTM model initially extracts localized characteristics from time series data through
1D convolutional layers to discern short-term trends. It then utilizes pooling layers to
diminish feature dimensionality and extract essential information. The results from the
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convolutional layers are transmitted to the LSTM layer, which analyzes long-term depen-
dencies in the time series and encapsulates the global temporal characteristics of the data. A
full connected layer ultimately converts the LSTM output into the target space, producing
the final prediction results.
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Figure 9. Comparison of actual and predicted values on well F14 using the GRU-KAN, CNN-GRU
and CNN-LSTM models.
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Figure 10. Comparison of actual and predicted values on well F12 using the GRU-KAN, CNN-GRU
and CNN-LSTM models.

Table 5. Prediction results of hybrid models.

Well Model RMSE MAE  MAPE/% R2 Train
Time/s

F14 GRU-KAN 11.90 9.18 6.0 0.95 10.07
CNN-GRU 12.61 9.45 6.2 0.94 21.49

CNN-LSTM 13.40 10.50 7.2 0.93 27.74

F12 GRU-KAN 45.69 36.26 11.02 0.94 9.97
CNN-GRU 50.08 41.61 13.74 0.93 20.99

CNN-LSTM 52.05 4412 15.69 0.93 25.31
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From the comparison between Tables 3 and 5, it can be observed that the CNN-LSTM
model outperforms all single models, achieving an RMSE, MAE, MAPE and R? values of
13.40, 10.50, 7.2%, 0.93 on well F14 and 52.05, 44.12, 15.69%, 0.93 on well F12. However,
the combination with CNN makes the model structure more complex, resulting in longer
training times and higher computational resource consumption.

The CNN-GRU is structured similarly to the CNN-LSTM model, utilizing CNN to
extract local features from the data and GRU to capture temporal features. It has also
achieved excellent performance in oil well production prediction. Table 5 shows that the
CNN-GRU obtains an RMSE, MAE, MAPE and R? values of 12.61, 9.45, 6.2%, 0.94 on well
F14 and 50.08, 41.61, 13.74%, 0.93 on well F12, which is slightly better than CNN-LSTM.
Similarly to CNN-LSTM, the use of CNN adds considerable complexity to the model, which
leads to longer training times and a greater need for computational resources.

GRU-KAN is a hybrid model that combines GRU and KAN, utilizing GRU to process
chronic dependencies in the data and KAN to manage complicated relationships. From
Table 5 and Figure 9, it can be seen that the GRU-KAN model achieves an RMSE, MAE,
MAPE and R? values of 11.90, 9.18, 6.0%, 0.95 on well F14 and 45.69, 36.26, 11.02%, 0.94 on
well F12, slightly higher than CNN-LSTM and CNN-GRU models. The prediction curve fits
the actual values best. Furthermore, the training time is 10.07 s and 9.97 s, which is longer
than LSTM and GRU but significantly shorter than CNN-LSTM and CNN-GRU. Compared
to CNN, KAN significantly reduces the number of parameters by using learnable single-
variable functions. The training time remains within an acceptable range while achieving
a notable increase in accuracy. Therefore, the GRU-KAN model demonstrates strong
application potential in oil well production prediction.

3.2.5. Comparison of Data-Imputation Methods

Using well F12 and F14 for data-imputation comparison, Table 6 presents the GRU-
KAN model-prediction results after imputation with MissForest, mean imputation and the
filled data. The four evaluation metrics indicate that the input features filled by MissForest
have the most minor model-prediction error and the highest prediction accuracy.

Table 6. The performance of different missing value-filling methods in oil production prediction.

Well Method RMSE MAE MAPE/% R?

F14 MissForest 11.90 9.18 6.0 0.95
Mean 14.07 12.68 7.8 0.93

F12 MissForest 45.69 36.26 11.02 0.94
Mean 53.76 40.72 15.85 0.92

3.2.6. Comparison of Model Performance Before and After PSO Optimization

The setting of model hyperparameters has a significant impact on model performance.
Choosing the right combination of hyperparameters is crucial to ensuring the model’s
efficiency, fast convergence and improved prediction accuracy. In the past, we manually
adjusted parameters for tuning, which was time-consuming, labor-intensive and subjective
and not always accurate. By using hyperparameter-optimization algorithms such as PSO,
we can automate the tuning process, reducing human intervention. PSO’s strong global
search capability increases the likelihood of finding a global optimal solution, thereby
improving model accuracy. We compared the GRU-KAN model on wells F12 and F14. The
results in Table 7 show that PSO hyperparameter optimization significantly improved the
model’s predictive performance, outperforming manual tuning in all metrics with lower
error and higher accuracy.
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Table 7. Comparison of GRU-KAN model performance before and after PSO optimization on wells
F14 and F12.

Well Method RMSE MAE MAPE/% R?

F14 PSO 11.90 9.18 6.0 0.95
Manual 16.49 13.19 8.3 0.91

F12 PSO 45.69 36.26 11.02 0.94
Manual 59.26 41.44 17.63 0.90

3.2.7. Model Generalization Analysis

To validate the generalization ability of the model on new wells, we used the model
built based on well F14 and randomly selected data segments from wells F1, F11 and
F15 for prediction, with the results shown in Figure 11 and Table 8. It is clear that the
GRU-KAN model achieves the highest accuracy compared to the CNN-LSTM and CNN-
GRU model in predicting the production of wells F1, F11 and F15. Among the three wells,
the prediction for well F11 is the best, well F1 has the worst performance and well F15’s
prediction results are in between. The predicted production of well F1 shows significant
fluctuations compared to the actual production, where the MAPE value is 89.44% and R?
value is 0.55. The poor performance of well F1 is due to the smaller amount of data and
large fluctuations, which led to greater prediction errors. The latter part of the data from
well F15 also shows significant fluctuations, resulting in a lower R? value of 0.62. Well F11,
on the other hand, has a large amount of stable data, leading to better prediction accuracy.
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Figure 11. Comparison of actual and predicted values on well F1, F11 and F15 using the GRU-KAN,

CNN-GRU and CNN-LSTM models.

Table 8. Model-generalization analysis metrics of hybrid models.
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Well Model RMSE MAE MAPE/% R?
F1 GRU-KAN 112.94 64.39 89.44 0.55
CNN-GRU 115.54 66.56 94.25 0.53

CNN-LSTM 121.38 79.91 103.64 0.51
F11 GRU-KAN 146.26 87.27 11.20 0.86
CNN-GRU 154.48 92.78 12.32 0.84
CNN-LSTM 168.47 99.29 12.73 0.82
F15 GRU-KAN 28.59 16.76 9.70 0.62
CNN-GRU 28.92 17.36 10.68 0.60

CNN-LSTM 30.84 18.04 11.04 0.58

Given the poor performance of the model trained on single-well data in the generaliza-
tion analysis on well F1 and F15, we considered combining the data from multiple wells for
mixed training. The data from wells F14, F12 and F11 were merged for training and then
the data from wells F1 and F15 were used for generalization analysis. The results of the
GRU-KAN model trained with the merged data on wells F1 and F15 are shown in Table 9.
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By comparing the performance of the GRU-KAN model on different wells in Tables 8 and 9,
it can be seen that compared to the model built using single-well data, the model trained
with combined data shows an improvement in generalization ability.

Table 9. Model-generalization analysis metrics of GRU-KAN model trained with well merged data.

Well Model RMSE MAE MAPE/% R?
F1 GRU-KAN 102.41 58.66 81.81 0.67
F15 GRU-KAN 25.54 15.01 8.59 0.72

4. Conclusions

Accurate prediction of oil well production is of great significance for the development
and management of oilfields, especially in optimizing production efficiency and reducing
operating costs. This study proposes an oil well production-prediction model based on
the GRU-KAN model and validates it using real oilfield data. The prediction results are
accurate. The MissForest algorithm was also applied for data imputation, which improved
the data quality. Specifically, on the test datasets of wells F14 and F12, the GRU-KAN
model achieved excellent results: RMSE of 11.90, MAE of 9.18, MAPE of 6.0% and R?
of 0.95 for well F14; and RMSE of 45.69, MAE of 36.26, MAPE of 11.02% and R? of 0.94
for well F12. The model’s generalization was also validated using data from wells F1,
F11 and F15. In comparison, the performance of CNN-LSTM and CNN-GRU models on
the same datasets was noticeably inferior to that of the GRU-KAN model, highlighting
the latter’s significant advantage in improving prediction accuracy. Furthermore, the
computation time of the GRU-KAN model was nearly half that of CNN-LSTM and CNN-
GRU, significantly improving computational efficiency. These results indicate that the
GRU-KAN model not only enhances the accuracy of oil well production predictions but
also offers higher computational efficiency, making it suitable for real-time predictions in
large-scale production environments.

The broader impact of this research lies in its practical potential for oilfield production
optimization. The model provides a more efficient and accurate solution for oil well
production prediction and also offers insights into other oil-production-related prediction
tasks. In the future, this model could be applied to construct prediction models for other
production indicators, enabling multi-index prediction and supporting comprehensive
optimization of oilfield production.

Despite the significant achievements of this study, certain limitations still exist. First,
the data used in this study primarily come from a specific oilfield and have not been widely
validated under different geological conditions or types of oilfields. Additionally, the model
is constructed based on single-well data and its generalization ability needs to be improved.
Future research could consider integrating data from multiple wells to further enhance the
model’s robustness and applicability.

The practical significance of this study lies in providing a more reliable prediction tool
for oilfield production management, especially when dealing with complex nonlinear data.
The GRU-KAN model demonstrates unique advantages in such scenarios. Future research
can further optimize this model and explore its application in other production areas
(such as hydraulic fracturing and well pressure monitoring) to address more challenges in
real-world production.
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