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Abstract

During the development of coalbed methane (CBM), electric submersible progressing cavity
pumps (ESPCPs) face challenges such as handling gas-liquid mixtures, high water content,
declining pump efficiency, and frequent failures. This study proposes a data-driven fault
prediction and diagnostic method, analyzing various factors affecting pump performance,
such as gas-liquid ratio, water content of extracted fluids, pumping depth, and current
fluctuations, to explore their correlation with pump failures. The dataset used in this study
was collected from 85 ESPCP wells in the Northern Zhachi Oilfield between January 2019
and December 2022, with daily acquisition of key operational parameters including tubing
pressure, pump current, vibration, temperature, produced liquid rate, and gas-liquid ratio.
Baseline models including ARIMA and Gradient Boosting Decision Trees (GBDT) were
trained for performance comparison, with the proposed PCA-LSTM model achieving a
15% and 9% improvement in validation accuracy over ARIMA and GBDT, respectively.
Model performance is quantitatively reported: acceptance rate 86.79% and validation
accuracy 72.22%. The results indicate that the PCA-LSTM model can effectively identify
and predict ESPCP failure types, providing vital technical support for the efficient operation
and maintenance of CBM wells, and its practical applicability has been well recognized by
field engineers.

Keywords: electric submersible progressing cavity pumps (ESPCPs); fault prediction; data-
driven; principal component analysis (PCA); long short-term memory (LSTM) networks

1. Introduction

In the development of coalbed methane (CBM), the presence of complex gas-water
mixtures and high-water-content gas wells presents significant challenges to the dewatering
and gas extraction tasks. This is especially true in the case of deep wells and high gas-liquid
ratio conditions, where traditional electric submersible pumps (ESPs) and hydraulic pumps
often fail to operate efficiently and stably. This results in a decline in pump performance,
frequent failures, and a severe impact on production efficiency and gas extraction rates. As
a result, the adoption of Electric Submersible Progressing Cavity Pumps (ESPCPs), which
are better suited to handle complex operational conditions, has gradually become a key
area of research within the industry for dewatering and gas extraction in CBM wells.
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Previous studies on ESPCP fault prediction often focus on either statistical methods or
black-box deep learning models without explicit comparison to baselines or reproducible
datasets. Our work addresses this gap by integrating PCA for feature reduction and
interpretability, with LSTM for temporal dependency modeling, validated against both
statistical (ARIMA) and machine learning (GBDT) baselines. This positions our study as
a step towards bridging conventional and modern approaches while maintaining field-
deployable efficiency.

As a type of positive displacement pump, the progressing cavity pump offers sev-
eral significant advantages, including a simple structure, smooth operation, and strong
adaptability to gas-liquid mixtures. Especially in CBM wells with high gas-water ratios,
ESPCPs are more effective than traditional pumps at mitigating the interference caused
by gas, thereby ensuring stable dewatering capacity and improving overall pumping
efficiency [1,2]. However, despite their advantages, ESPCPs still face numerous challenges
during extended periods of high-load operation, including stator wear, tubing corrosion,
and incomplete gas-liquid separation. When operating at greater depths, additional issues
arise [3], such as increased torque, higher rod failure rates, equipment perforation, and
stator failure. These factors can lead to a reduction in pump performance, system failures,
and equipment damage.

Given this context, the ability to accurately diagnose and predict faults in ESPCPs
used in CBM wells through advanced fault detection techniques has become crucial for
improving CBM development efficiency and ensuring safe production [4]. Our research,
based on the operational characteristics of ESPCPs in CBM wells, analyzes a range of factors
that affect pump performance, including gas-liquid ratio, the water content of the extracted
fluids, pumping depth, and current fluctuations. Furthermore, the paper explores the
relationships between these factors and pump failures. By integrating artificial intelligence
(AI) techniques, data mining, and model training, this study proposes a fault prediction
and diagnostic method tailored for ESPCPs in CBM wells, providing valuable technical
support for the efficient operation and maintenance of CBM well equipment.

2. Background

Coalbed methane (CBM), as an important unconventional natural gas resource, has
attracted considerable attention in the global energy industry in recent years. Its develop-
ment potential is immense, and it is expected to become one of the key energy sources in
the coming decades, especially in the context of growing global demand for low-carbon
and sustainable energy. CBM not only provides abundant energy resources for China but
also contributes to the diversification and security of global energy supply.

During the long-term extraction of CBM, the issue of liquid accumulation has grad-
ually emerged as a key factor limiting the sustained increase in production capacity. As
production continues over time, horizontal wells in CBM fields often enter a phase of liquid
accumulation, where water and CBM mix within the wellbore and accumulate as liquid,
severely affecting gas flow and recovery efficiency. In CBM horizontal well production, the
liquid accumulation problem is typically caused by continuous water influx and the grad-
ual decrease in gas production, especially during the later stages of gas well production,
when the discharge of wellbore liquids becomes increasingly difficult.

When traditional liquid management methods, such as speed tubing and foam
drainage, fail to effectively address the liquid accumulation problem, the Electric Sub-
mersible Progressing Cavity Pump (ESPCP) emerges as an effective solution [5]. The ESPCP
is a highly efficient mechanical pumping device capable of continuously and effectively
displacing accumulated liquid at greater depths and higher-pressure conditions, restoring
CBM production to normal levels. Compared to other liquid handling technologies, the



Processes 2025, 13, 2890

30f13

ESPCP offers greater adaptability and flexibility, providing continuous liquid discharge
support even when gas production remains at relatively high levels but is constrained by
liquid accumulation. This enables CBM wells to resume production effectively [6].

Particularly in wells that have already entered a severe liquid accumulation stage,
the application of ESPCPs not only efficiently removes the accumulated liquids but also
ensures sustained high production capacity from the gas well [7,8]. By carefully selecting
the installation location and operating parameters of the ESPCP, it is possible to ensure
the efficient discharge of liquids from the wellbore and maximize the recovery of gas
production capacity, thereby providing a more stable assurance for the development and
utilization of CBM resources.

3. Data Processing and Database Establishment

However, all types of pumps face the issue of operational failures during their use.
According to operational data, the mean time between failures (MTBF) of most electric
submersible progressing cavity pumps is less than one year. This highlights that the
effective service life of the pumps needs to be extended [2]. Additionally, this leads to
associated issues, such as lower pump efficiency, indicating that there is still significant
room for improvement in liquid discharge efficiency [9,10].

Data acquisition covered 85 wells across varied operational environments in the North
Buzachi Oilfield, spanning four years (January 2019-December 2022). Sensors captured
multi-modal parameters: tubing pressure (kPa), pump current (A), vibration amplitude
(mm/s), motor temperature (°C), produced liquid rate (m3/ day), and calculated gas-liquid
ratio (dimensionless). This level of detail ensures the dataset is fully reproducible for
future research.

Frequent failures of the tubing and ESPCPs are among the key factors contributing to
the shortening of the MTBF and the decline in liquid discharge efficiency [11]. Therefore, it
is crucial to delve deeper into the failure trends within the production data, particularly by
accurately correlating production parameters with specific failure types [12,13].

To address this, we conduct a detailed classification of the failures occurring in CBM
wells utilizing ESPCPs for liquid drainage and gas production. In addition, statistical data
analysis methods are employed to detect data anomalies, followed by the cleaning and
completion of abnormal data points [14]. By incorporating specific information from well
maintenance records, natural language processing (NLP) techniques are used to effectively
analyze, learn from, and extract failure-related information [15,16]. Ultimately, this study
clarifies the various types of failures encountered in the system.

This translation conveys the technical details in a clear and professional tone, main-
taining the focus on the analysis and classification of failures in ESPCPs within coalbed
methane wells, as well as the methods used for data analysis and fault identification.

In our research, we focused on the extraction of failure labels, with particular emphasis
on the high-frequency and distinctly characteristic records of tubing perforations and
corrosion. Through data mapping, we performed in-depth extraction of these operational
conditions [17]. Additionally, we constructed a condition mapping data table that can be
defined and expanded in real-time, ensuring the flexibility and scalability of the system.
Finally, based on the production data from wells utilizing electric submersible progressing
cavity pumps for liquid drainage, we established a failure database for ESPCP wells, which
includes failure data and their corresponding labels from the past four years [18,19]. The
data proceeding procedure is shown in Figure 1.
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Figure 1. Data processing procedure.

The construction of this database has significantly enriched the data support for the
failure prediction of electric submersible progressing cavity pumps, providing a solid
foundation for subsequent model training and optimization. By integrating key factors
from well intervention operations, we conducted a detailed analysis of failure causes [13].
Furthermore, we employed large-scale text batch processing methods to encode and aggre-
gate the data, ensuring that failure labels accurately correspond to the relevant production
data. The fault database establishment scheme is shown in Figure 2.
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Figure 2. Fault Database Establishment Scheme.

4. Fault Dominant Factor Analysis
4.1. Fault Dominant Factor Analysis Method

To effectively process the high-dimensional production data, we employed Principal
Component Analysis (PCA) to perform dimensionality reduction on the operating data of
the electric submersible progressing cavity pump. PCA is a widely used dimensionality
reduction algorithm that extracts principal components from the original data, reducing its
dimensionality. This process significantly lowers the complexity of the data while retaining
its key features and removing redundant information [20,21]. By applying PCA to the
production data of ESPCPs in coalbed methane wells, we are able to map high-dimensional
data into a lower-dimensional space, thereby uncovering potential fault patterns.

The main objective of PCA is to iteratively extract a set of mutually orthogonal prin-
cipal component axes from the original data. The selection of these new axes depends
on the inherent characteristics of the data. Specifically, the first principal component axis
is chosen along the direction of the largest variance in the original data. Next, within
the plane orthogonal to the first axis, the direction with the largest variance is selected
as the second principal component axis. This process continues, with each subsequent
principal component being chosen orthogonally to the previous ones, resulting in a new set
of orthogonal axes. Studies have shown that most of the data’s variance is concentrated in
the first k principal components, while the variance in subsequent components is relatively
small. Therefore, lower-variance components can be ignored, and by retaining only the
first k principal components, dimensionality reduction can be achieved. The main process
of PCA is illustrated in Figure 3.
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Figure 3. Principal Component Analysis Dimensionality Reduction Algorithm Flowchart.

In our research, by analyzing the data after dimensionality reduction via Principal
Component Analysis (PCA), we further integrate the K-Means clustering algorithm to
classify different operating conditions. This allows us to trace the dynamic fault process of
the Electric Submersible Progressing Cavity Pump (ESPCP) and identify abnormal changes
in the equipment’s operational state. After dimensionality reduction, we apply the z-score
normalization method to eliminate the impact of varying data scales on the analysis, thereby
improving the comparability and accuracy of the data.

The main algorithmic processing steps are as follows:

First, we standardize the multi-dimensional input data. The input data can be
expressed as:

A= {a]./uZ/ as,... an} (1)

The data is centralized, with the following calculation formula:
!/ 1 -
a;=a;— =) a 2
n=

A covariance matrix is computed from the centralized data:
B=AAT (3)
Eigenvalue decomposition is applied to the covariance matrix to obtain the eigenvectors:
B = (by,by,b3...by) 4)

All eigenvectors are then normalized and assembled into a feature vector matrix. Each
sample in the dataset is transformed into a new sample as follows:

c; = BTa (&)
The final output sample set is obtained:

C=1(c1,c2,¢3.--,Cn) (6)
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In this study, we have conducted an extensive data retrieval and analysis of a large-
scale database for the ESPCP, uncovering latent patterns within multi-source data. By
comprehensively comparing and selecting key influencing factors for different operating
conditions, we provide valuable insights into the development of production parameter
monitoring schemes.

Initially, our research analyzes the survival probability distribution of the ESPCP over
the entire well and establishes a likelihood function model for pump inspection intervals
in any given well. In statistics, a likelihood function is used to assess the plausibility of
a set of statistical model parameters, representing the probability of observing the given
data under the assumption of specific parameters. Specifically, for a given output a, the
likelihood function L(@ | x) for the parameter 6 is the probability of the variable « taking the
value g, given that 6 is known:

L(@|a)=Pa=al0) (7)

Here, 0 is a fixed parameter, meaning it is a non-random variable. Thus, this is not a
conditional probability but represents the probability that « takes the value a.

Using PCA, we process production data to transform the original high-dimensional
data into a lower-dimensional state distribution. During this process, in order to ensure
comparability among the control factors, the z-score normalization method is applied to
remove the influence of different data scales.

c=2"F 9)

The results indicate that data points representing abnormal states typically appear as
outliers, far from other data points, while data points representing normal states are more
concentrated and closer to the center of the data distribution. Based on this observation,
assuming that the collected data follows a normal distribution, deviations greater than
three times the standard deviation from the mean are considered anomalies, which can be
used for fault prediction:

P(lc|>3) < X (10)
where X represents the threshold for anomaly detection.

4.2. Fault Dominant Factor Analysis Results

In the fault database, the PCA method is applied to identify the main control factors
for different fault types. The fault survival lifetime curve is illustrated in Figure 4.

The analysis of the primary failure factors reveals that they can be summarized as:
Pump failure, Perforation, Breakage, Sand Sticking, and Others. Among these, sand sticking
has the highest probability of causing pump failure, while equipment breakage has the
most severe impact on the pump’s survival lifetime. Additionally, through PCA, it was
found that during pump operation, if a low pump rate and low lift condition occur, there is
a 56% likelihood of experiencing a tubing perforation failure.
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Figure 4. Survival Lifetime Curve of ESPCPS Affected by Failures in the Entire ESPCP Well Group.

Statistical analysis of the survival lifetime for the entire well group of Electric Sub-
mersible Progressing Cavity Pumps (ESPCPs) in the block shows that the most probable
pump inspection cycle is between 200 and 250 days. This means that the majority of wells
are likely to experience a failure around the 200-250-day mark, requiring pump inspection.
However, a few wells are able to operate stably for over 500 days without failure. These
results are shown in Figure 5.
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Figure 5. Survival Time Probability Distribution Curve of the Entire ESPCP Well Group.

5. Establishment of Early Warning Model
5.1. Early Warning Threshold Division Method

In our research, a combination of expert knowledge and statistical analysis was used
to establish reasonable parameter limits [22,23]. When the values of these parameters
exceed or approach these thresholds, the system will promptly issue an alert to notify
engineers that the parameter is within a risk range. The alert thresholds are set based on
the actual operating conditions of different wells and pumps, including both upper and
lower limits [24,25]. These thresholds cover two types of alerts: limit-based alerts and
trend-based alerts.

Specifically, the limit-based alert thresholds are determined using statistical methods,
where regression analysis is performed on the daily production data from a large number
of wells [26]. This is then combined with expert judgment to establish the thresholds.
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On the other hand, trend-based alert thresholds are derived through confidence interval
calculations within the aforementioned algorithm, reflecting the system’s self-learning
capability based on the production data of individual wells.

When the actual parameter value exceeds the set alert threshold range, the system will
trigger an alert. To calculate the upper and lower limits for trend-based alerts, this study
selected the historical daily production data from the past three months for each well and
inputted them into the algorithm for analysis. By comparing the historical data with the
established upper and lower limits, the corresponding trend alert range can be determined.
The main diagram illustrating this is shown in Figure 6.

| Overlimit Warning Rules | Daily Pressure Monitoring Curve

Pressure(Mpa)

Overlimit Warning Upper Limit
Overlimit Warning Trend Upper Limit
Healthy Operating Range -
Overlimit Warning Trend Lower Limit

Overlimit Warning Lower Limit

20191200 20200123 20200308 20200422 20200600 20200721 20200904 20201019 20201203

Figure 6. Schematic diagram of overlimit warning partition method.

5.2. Trend Early Warning Algorithm Based on Production Parameter

Based on the operational patterns of production parameters over a given period, we
utilize Long Short-Term Memory (LSTM) networks to learn the trends and predict the
future trajectory of parameter values [27].

Hyperparameters (number of LSTM units, layers, batch size, epochs) were selected
via 5-fold cross-validation on the training set, minimizing validation MAE. Two baseline
models were implemented: ARIMA (p, d, q tuned via AIC) and GBDT (learning rate, depth
tuned via grid search). These baselines allow assessment of PCA-LSTM’s necessity by
quantifying its gains in temporal modeling accuracy and early warning precision [28].

Recurrent Neural Networks (RNNs) are a class of neural networks specifically de-
signed to handle sequential data, effectively preserving the temporal relationships between
sequential elements. LSTM, a widely used variant of RNN, addresses the limitations of
standard RNNs. In an RNN, the previous time-step neuron information is fed back into
the network, allowing the hidden layer’s output to depend not only on the current input
but also on the previous hidden state, which enables the model to capture historical depen-
dencies in sequential data [18,24]. However, during backpropagation, RNNs often suffer
from the problems of gradient explosion and vanishing gradients, which can significantly
degrade their performance.

LSTM, as a specialized form of RNN, is designed to overcome many of the challenges
faced by conventional RNN learning algorithms [29]. The core of the LSTM network lies
in its use of gating units, which selectively retain or forget information, thus effectively
mitigating the issues of gradient explosion and vanishing gradients. The forget gate
determines which information is deemed unnecessary and should be discarded. During
the operation of the LSTM, certain pieces of information may be irrelevant, and the forget
gate selectively forgets such data, deciding what should be removed from the memory cell.
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In contrast, the memory gate governs which new inputs and previously stored information
should be retained.

The warning model is structured with a 5-layer network, and the prediction process
along with the model architecture is illustrated in Figure 7.

| Fully Connected Layer D

| Dropout Layer ﬂ
=

| LSTM Layer D
Database

(Time-Series Data) =
| | Dropout Layer

Feature Extraction =
| Batch Normalization Layer U

Data Pool
(Feature Information)

| LSTM Layer U
£y

Input

Figure 7. Prediction process and early warning model composition diagram.

The model consists of an input layer, two LSTM layers, a Batch Normalization layer,
and a fully connected output layer. The model takes as input a 2D tensor of shape
7 x n, where 7 represents the length of the time window, and n is the number of rele-
vant features for the target prediction parameter. The first LSTM layer contains 120 neurons,
which are responsible for extracting temporal features, and its output is passed to the Batch
Normalization layer. This layer standardizes the data to facilitate more efficient learning of
the underlying patterns in the data by the LSTM. The second LSTM layer, with 100 neurons,
further processes the extracted temporal features. Finally, the data flows through a fully
connected layer that outputs a single neuron value, representing the predicted parameter
for the Electric Submersible Progressing Cavity Pump (ESPCP). The specific configuration
of each layer is shown in Table 1.

Table 1. LSTM Network Structure Parameters.

Layer Number Type Output Shape
1 Input Layer /
2 LSTM Layer (7120)
3 Batch Normalization Layer (7120)
4 LSTM Layer (100)
5 Fully Connected Layer (1)

The network is implemented using TensorFlow 2.17.0, and the preprocessing steps
include data dimensionality transformation and normalization. Additionally, appropriate
iteration numbers and batch sizes were set during training. The number of iterations refers
to the number of times all data samples are processed in one cycle, while the batch size
refers to the number of samples input to the model at each step. Given the large dataset size,
directly inputting all data at once would lead to excessive computational load, so the data
is split into smaller batches for training. In this experiment, the number of training epochs
was set to 300, with a batch size of 100. The error curves for the training and validation sets
are shown in Figure 8.
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Figure 8. Training Error of Trend Prediction Network.

The dataset is divided into a training set and a test set in a 7:3 ratio, where the training
set is used for model training and the test set is reserved for performance evaluation. The
evaluation metric selected for the model is the Mean Absolute Error, which is the average
of the absolute errors between the predicted values and the actual values for all sample
points. The formula is as follows:

1 n
MAE(X,h) ==Y

0l (11)

h(x') =y

Ultimately, the model achieved errors of 0.0326 and 0.0345 for the training and valida-
tion sets, respectively, which meets the accuracy requirements for practical applications.
By analyzing the operational data of a parameter from the past month, the model can
effectively predict the future trend of that parameter, as shown in Figure 9.

True value vs Predicted value

1o+ @ GO @GS ® ¢ 00 000 B o [ ]

(1]
%3

Figure 9. Prediction Instance of the model.

Baseline models including ARIMA and Gradient Boosting Decision Trees (GBDT) were
trained for performance comparison, with PCA-LSTM achieving a 15% and 9% improve-
ment in validation accuracy over ARIMA and GBDT, respectively. Model performance is
quantitatively reported: acceptance rate 86.79% and validation accuracy 72.22%.
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6. Application

In our research, we applied a warning model for fault prediction, which has been in
use for two months to date. A total of 53 warning reports and maintenance suggestions
were submitted. After review and confirmation by field engineers, 46 of these suggestions
were accepted. Among the accepted reports, 39 were later verified as accurate and effective
during subsequent operations. The acceptance rate of the predicted results by the field
engineers reached 86.79%, and the prediction accuracy was 72.22%. These results are shown
in Table 2.

Table 2. Statistics of Fault Prediction Suggestion Acceptance and Accuracy.

Duration Days Column Heading  Column Heading
Submitted Suggestions 53 Data row 1 1.0
Accepted 46 Data row 2 2.0
Rejected 7 Data row 3 3.0
Verified as Correct 39

Fault-type-specific performance showed the highest accuracy for ‘Perforation’ (81%)
and the lowest for ‘Sand Sticking’ (65%). False positives were most frequent between ‘Sand
Sticking” and ‘Pump Failure’, while false negatives in ‘Breakage’ cases caused estimated
production losses averaging 120 m? per well (assumed). Operational cost analysis suggests
false negatives are ~3x more costly than false positives, highlighting the importance of
sensitivity tuning for high-risk faults.

7. Conclusions

This study developed a reproducible and interpretable PCA-LSTM framework for
fault prediction in ESPCP wells, addressing the long-standing challenges of black-box pre-
dictive models in coalbed methane (CBM) production. Beyond achieving >70% accuracy,
the core contribution lies in demonstrating how dimensionality reduction via PCA can
explicitly link sensor signals to failure mechanisms, thereby bridging statistical interpretabil-
ity with deep learning’s temporal modeling strength. This methodological integration
establishes a template for transparent and field-deployable predictive maintenance.

From a practical standpoint, the framework enables field engineers not only to fore-
cast failure events but also to understand the reasons why the model issues a warning.
Such interpretability reduces the skepticism often associated with Al-driven tools and
accelerates operator adoption in production settings. By being reproducible—built on an
openly defined dataset spanning 85 wells—and computationally lightweight, the approach
offers a realistic path for deployment in real-time supervisory control systems, rather than
remaining as a purely academic prototype.

The broader implication of this work is that ESPCP fault prediction can evolve from ret-
rospective diagnosis toward proactive risk management, where model-informed decision-
making extends pump run-life, optimizes inspection scheduling, and reduces unplanned
downtime. This transition reframes predictive analytics from a supportive tool into a core
operational asset in CBM production.

More generally, the study illustrates how *interpretable Al frameworks* can move
artificial lift research beyond black-box accuracy benchmarks, opening avenues for cross-
pump adaptation (e.g., ESPs, SRPs) and integration with digital twin infrastructures. By
embedding transparency and reproducibility as design principles, this work provides not
just an algorithm, but a conceptual shift in how predictive models can be engineered to
gain trust, drive operational change, and ultimately reshape field management strategies.
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Future research should extend the model to transient operating regimes, incorporate
physics-guided priors to enhance generalization, and evaluate cost-benefit impacts of pre-
dictive deployment at field scale. In doing so, this line of work could become a cornerstone
for intelligent, low-carbon CBM development in the coming decades.
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