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Abstract
Accurate fault diagnosis of water injection pump is essential for ensuring operational safety
and efficiency in oil and gas exploitation. However, traditional diagnostic methods often
struggle with non-stationary vibration signals and severe category imbalance in complex
industrial  environments.  To  address  these  challenges,  this  paper  proposes  a  multi-level
Inception-long  short-term  memory  (Inception-LSTM)  network  integrated  with  wavelet
packet decomposition (WPD) and efficient channel attention (ECA), termed the multi-level
Inception-LSTM network with WPD and ECA (MILN-WE). The proposed framework first
employs  WPD  to  decompose  complex  vibration  signals  into  fine-grained  frequency
sub-bands,  capturing  subtle  fault  characteristics.  Subsequently,  a  multi-scale  Inception
module  is  utilized  to  extract  diverse  spatial  features,  while  an  LSTM layer  captures  the
long-term temporal dependencies of the signals. The integration of the ECA mechanism
further  enhances  the  model’s  ability  to  focus  on  critical  diagnostic  information.  The
effectiveness of MILN-WE is validated using a private oilfield water injection pump dataset
and  a  public  rotating  machinery  dataset.  Experimental  results  demonstrate  that  the
proposed  model  achieves  higher  diagnostic  accuracy  and  robustness  compared  to
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state-of-the-art methods, particularly under conditions of strong noise interference and data imbalance. Specifically,
on the private oilfield water injection pump dataset, the model achieved an accuracy of 99.38%, improving upon
traditional convolutional neural network (CNN) and class-balanced-CNN models by 6.05% and 3.24%, respectively.
This study provides a high-precision and robust solution for the intelligent predictive maintenance of critical energy
equipment, offering significant theoretical and practical value for industrial health monitoring systems.

1. INTRODUCTION
Hydraulic water injection pumps play a vital role in modern oil and gas exploitation, where they are

responsible for injecting high-pressure fracturing fluids into underground formations to enhance

hydrocarbon production. The reliability of water injection pump systems directly affects operational safety

and production efficiency. Water injection pumps are critical flow-control elements that operate under

severe working conditions, including high pressure, intense vibration, and rapidly changing loads.

Long-term operation under such harsh environments may lead to valve wear, fatigue damage, and sealing

failures, which can eventually cause equipment malfunction or even catastrophic accidents. Therefore, the

development of reliable and accurate fault diagnosis techniques for water injection pump has become an

important research topic in industrial condition monitoring and predictive maintenance.

Traditional fault diagnosis approaches for rotating machinery mainly rely on signal processing techniques

combined with handcrafted feature extraction. Time-frequency analysis methods such as wavelet transform,

empirical mode decomposition, and variational mode decomposition have been widely applied to extract

representative features from vibration signals. These approaches aim to capture the nonstationary

characteristics of mechanical vibration signals and improve fault identification performance. For instance,

He et al.
[1]

 proposed a fault diagnosis framework integrating wavelet packet transform and convolutional

neural networks (CNNs), where time-frequency representations were used to enhance feature

discrimination. Guo et al.
[2]

 further improved the Morlet wavelet transform to enhance time-frequency

resolution and combined it with a shallow residual neural network for bearing fault classification. Zhai et

al.
[3]

 developed a diagnostic method based on synchro squeezing wavelet transform and a transfer residual

convolutional neural network to address feature extraction challenges caused by complex vibration signals.

Although these signal processing methods can effectively reveal certain fault characteristics, their

performance strongly depends on expert knowledge and manual feature engineering. In complex industrial

environments, vibration signals are often contaminated by strong noise and nonlinear disturbances, which

makes it difficult for handcrafted features to maintain stable diagnostic performance. Consequently,

traditional diagnostic approaches often suffer from limited adaptability and generalization ability when

applied to practical industrial scenarios.

With the rapid development of artificial intelligence technologies, deep learning has emerged as a powerful

tool for intelligent fault diagnosis. Compared with traditional methods, deep neural networks can

automatically learn hierarchical feature representations directly from raw sensor signals, thereby significantly

reducing the reliance on manual feature extraction. CNNs, in particular, have demonstrated strong capability

in feature learning and pattern recognition and have been widely adopted in rotating machinery fault

diagnosis.

Recent studies have reported significant progress in CNN-based diagnostic frameworks. Tan et al.
[4]

demonstrated the efficacy of coupling long short-term memory (LSTM) with CNNs for diagnosing

mixed-flow pumps under complex cavitation conditions, highlighting the potential of recurrent architectures

in capturing fluid-induced vibrations. Gao et al.
[5]

 introduced a diagnostic approach combining continuous

                                                                                             



Wu et al. Complex Eng. Syst. 2026, 6, 11 Page 3 of 21

wavelet transform and deep convolutional generative adversarial networks to address the issue of imbalanced

datasets in machinery fault classification tasks. Deng et al.
[6]

 further developed an attention-based CNN that

enhances feature representation capability by adaptively focusing on important signal components.

In addition to convolutional architectures, more advanced deep learning models have also been explored to

improve diagnostic performance. Transformer-based architectures have recently attracted considerable

attention due to their ability to capture long-range dependencies and global contextual information in

signals. Lai et al.
[7]

 proposed a residual attention vision transformer network for rolling bearing fault

diagnosis, which integrates convolutional feature extraction with self-attention mechanisms to capture both

local and global signal features. Liu et al.
[8]

 further proposed a Transformer transfer learning framework

capable of improving fault diagnosis performance under cross-condition scenarios.

Another important research direction focuses on improving the interpretability and physical consistency of

deep learning models. Several studies have attempted to integrate signal processing knowledge into neural

network structures. Hassannejad et al.
[9]

 proposed a physics-informed CNN in which wavelet-based feature

extraction was embedded into the network architecture to improve both interpretability and diagnostic

accuracy. Similarly, Deng et al.
[10]

 proposed a multi-sensor fusion framework for axial piston pumps, while

Kim et al.
[11]

 validated the superiority of Transformer-based models in identifying pressure signal anomalies.

Despite the promising results achieved by deep learning methods, most existing studies assume that training

and testing data follow the same distribution. However, in real industrial applications, operating conditions

such as load, rotational speed, and pressure frequently vary over time. These variations often lead to

distribution discrepancies between training and testing data, which can notably degrade the performance of

deep learning models. Therefore, improving the generalization capability of intelligent diagnostic models

under varying operating conditions has become a critical challenge in machinery fault diagnosis.

To address this issue, transfer learning has been widely investigated in recent years. Transfer learning aims to

transfer knowledge learned from a source domain to a target domain with limited labeled data, thereby

improving diagnostic performance under varying operating conditions. Zhao et al.
[12]

 proposed a wavelet

convolution-based transfer learning framework for cross-machine fault diagnosis, demonstrating improved

robustness under different working conditions. Yu et al.
[13]

 introduced a domain adaptation neural network

based on maximum mean discrepancy to align feature distributions between source and target domains.

Sun et al.
[14]

 further proposed an adversarial domain adaptation framework that employs a domain

discriminator to reduce distribution discrepancies across domains.

More recently, contrastive learning and self-supervised learning strategies have also been applied to improve

feature representation and transferability. Li et al.
[15]

 proposed a contrastive learning-based diagnostic

framework capable of learning more discriminative feature representations for rotating machinery faults.

Zhu et al.
[16]

 further developed a supervised contrastive transfer learning method that combines domain

adaptation with contrastive loss to enhance feature discrimination across different domains. Moreover, to

handle the distribution discrepancies in decentralized data, Zhou et al.
[17]

 proposed a modular federated

learning framework using dynamic routing to collaboratively optimize local models under multiple working

conditions.

In addition to domain adaptation strategies, several studies have explored other deep learning frameworks

for machinery health monitoring and fault diagnosis. Shao et al.
[18]

 proposed a deep autoencoder-based

feature learning method for rotating machinery diagnosis. Wang et al.
[19]

 developed a recurrent neural

network-based health indicator for equipment health monitoring and remaining useful life prediction.
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Zhang et al.
[20]

 optimized CNN architectures to improve diagnostic accuracy under complex working

conditions. Zhang et al.
[21]

 and Zhu et al.
[22]

 further demonstrated the effectiveness of deep convolutional

networks in machinery fault diagnosis tasks.

Beyond pure fault identification, the ultimate goal of machinery health monitoring is to facilitate systemic

and intelligent predictive maintenance. Recently, advanced prognosis and dynamic maintenance strategies

have attracted substantial attention in the industrial engineering field. For example, researchers have

developed prognosis-centered intelligent maintenance optimization frameworks that systematically account

for uncertain failure thresholds
[23]

, as well as customized multi-agent reinforcement learning approaches for

systemic condition-based maintenance under inspection uncertainties
[24]

. Furthermore, for large-scale

industrial systems, adaptive health prediction has been integrated with global dynamic maintenance

decision-making to optimize group machinery operations
[25]

. Since robust and dynamic maintenance policies

heavily rely on accurate condition sensing, developing a highly reliable fault diagnosis model under complex

industrial constraints becomes a critical prerequisite for successfully implementing these downstream

predictive maintenance systems.

Despite the promising results achieved by advanced deep learning methods, real-world industrial

applications still face critical challenges. A systematic comparison reveals the distinct limitations of existing

methods in handling non-stationary signals and severe data imbalance. First, traditional signal processing

methods struggle with the highly non-stationary nature of vibration signals, as they rely heavily on static,

handcrafted features that fail to dynamically capture transient fault shocks submerged in strong background

noise. Second, while standard deep learning models can automatically extract features, they fundamentally

assume a balanced data distribution. In practical scenarios, severe category imbalance is inevitable; critical

faults force immediate equipment shutdown, resulting in a severe scarcity of fault samples compared to

normal operating data. Consequently, traditional deep models tend to overfit the majority class while

ignoring minority fault states. Although some recent studies have employed generative models or data

resampling to supplement minority classes, these data-level approaches often introduce artificial noise and

struggle to extract truly discriminative features under extreme imbalance. Therefore, a critical research gap

exists: there is a lack of an integrated diagnostic framework capable of simultaneously isolating

non-stationary fault features under strong noise and achieving precise minority-class identification without

relying on potentially unreliable data resampling techniques. This distinct gap directly motivates the

development of our proposed robust diagnostic architecture.

To address the aforementioned challenges, this paper proposes a novel diagnostic framework termed the

multi-level Inception-LSTM network with WPD and ECA (MILN-WE), which employs wavelet packet

decomposition (WPD) to adaptively decompose non-stationary vibration signals into multiple frequency

sub-bands, thereby isolating subtle fault-related transients from background noise. To capture the complex

spatial-temporal patterns, a multi-scale Inception module is integrated to extract features across different

receptive fields, while a LSTM layer is utilized to model the long-term temporal dependencies inherent in the

water injection pump cycles. Importantly, instead of conventional feature concatenation, we uniquely embed

the efficient channel attention (ECA) mechanism to perform adaptive weighted fusion of the multi-scale

spatia l-temporal features extracted independently from each WPD sub-band. By ut i l iz ing a

non-dimensionality-reduction local cross-channel interaction strategy, the model autonomously assigns

higher fusion weights to the specific frequency sub-bands that contain critical minority-class fault signatures,

while actively suppressing noise-dominated sub-bands. This integrated architecture ensures high diagnostic

precision and robust performance under complex industrial operating conditions. The main contributions of

this paper are as follows:
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Figure 1. Three-level wavelet packet decomposition process.

(1) A novel hybrid diagnostic framework, MILN-WE, is proposed, which effectively integrates WPD,

multi-scale Inception-LSTM, and an ECA mechanism to isolate subtle fault-related transients from

background noise;

(2) The proposed model provides a robust solution for multi-scale feature extraction and precise

minority-class identification in scenarios characterized by severe category imbalance, without relying on

traditional data resampling techniques;

(3) Extensive empirical validation on both a private oilfield water injection pump dataset and a public

rotating machinery dataset demonstrates the model’s superior diagnostic accuracy, generalization capability,

and robustness against strong noise interference compared to existing state-of-the-art methods.

The remainder of this paper is organized as follows. Section 2 and 3 introduce the details of the proposed

framework and sub-modules. Section 4 presents the experimental study, and Section 5 concludes the paper

with a summary of findings and suggestions for future work.

2. PRELIMINARY MATERIALS
2.1 Wavelet packet decomposition

WPD, as an extension of the Discrete Wavelet Transform (DWT), provides a more refined time-frequency

analysis capability. Through recursive filtering and down-sampling processes, WPD not only iteratively

decomposes low-frequency parts but also further segments high-frequency parts, thereby achieving

multi-level decomposition. For an n-level decomposition, WPD can generate multiple different sets of

coefficients or nodes, rather than just (n + 1) sets as in DWT. Although the total number of coefficients

remains unchanged due to down-sampling, this provides greater flexibility in adapting to different signal

characteristics. The basic process of WPD is shown in Figure 1.

The formula for WPD is as follows:

𝑃(𝑡) =
∑∞

𝑗=−∞ 𝛼 𝑗 𝑘𝜑 𝑗 𝑘 (𝑡) +
∑∞

𝑗=0
∑∞

𝑘=−∞ 𝛽 𝑗 𝑘𝜑 𝑗 𝑘 (𝑡) (1)
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Figure 2. The structure of LSTM module.

2.2 LSTM module

LSTM is a variant of the Recurrent Neural Network that can process sequential data while addressing the

problems of gradient vanishing and gradient exploding that occur when training on long sequences. It allows

the model to retain information from previous data, thereby further enhancing the model’s capability to

capture the features of each sample, as shown in Figure 2.

An LSTM unit consists of an input gate, a forget gate, an output gate, and a cell state. The transition formulas

at time t are as follows:

where x
t
 represents the sequence of the input unit, h

t
 denotes the hidden state of the unit, and C

t
 signifies the

cell state. W
i
, W

c
, b

i
, and b

c
 are the weight matrices and bias terms for the input gate; W

f
 and b

f
 are those for

the forget gate; W
o
 and b

o
 are those for the output gate; and σ represents the sigmoid function.

2.3 ECA mechanism

The ECA mechanism is a lightweight attention module specifically designed for deep CNNs. It achieves

performance gains with minimal increases in complexity by utilizing an appropriate cross-channel

interaction strategy. This strategy is implemented via one-dimensional convolutions, which notably reduce

model complexity while maintaining performance, as shown in Figure 3. The kernel size (k) for the

convolution operation is adaptively selected based on the following formula to ensure adequate coverage of

local cross-channel interactions:

𝑘 = 𝜑(𝐷) =
��� log2 𝐷

𝛾 + 𝑏
𝛾

���
𝑜𝑑𝑑

(6)

Input gate :


𝑖𝑡 = 𝜎
(
𝑊𝑖 ·

[
ℎ𝑡−1 𝑥𝑡

]
+ 𝑏𝑖

)
𝐶𝑡 = tanh

(
𝑊𝑐 ·

[
ℎ𝑡−1 𝑥𝑡

]
+ 𝑏𝑐

)
Forget gate : 𝑓𝑡 = 𝜎

(
𝑊 𝑓 ·

[
ℎ𝑡−1 𝑥𝑡

]
+ 𝑏 𝑓

)
Output gate :



(2)

𝑜𝑡 = 𝜎 (𝑊𝑜 · [ℎ𝑡−1 𝑥𝑡] + 𝑏𝑜)
ℎ𝑡 = 𝑜𝑡 ∗ tanh (𝐶𝑡)

Cell state : 𝐶𝑡 = 𝑓𝑡 ∗ 𝐶𝑡−1 + 𝑖𝑡 ∗ 𝐶𝑡

(3)

(4)

(5)
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Figure 3. Schematic diagram of ECA mechanism.

Where k represents the size of the convolutional kernel. D represents the dimension of the input sequence.

|n|
odd

 indicates the nearest odd number to n. Additionally, the mapping parameters γ and b are fixed at 2.0

and 1.0
[26]

, which enables the network to adaptively determine the optimal kernel size k based on the channel

dimension D, ensuring efficient cross-channel interaction without manual tuning.

3. THE METHODOLOGY
3.1 Overall framework of MILN-WE

To achieve high-precision fault diagnosis of water injection pumps under complex industrial conditions, this

paper proposes a multi-level Inception-LSTM network integrated with Wavelet-enhanced attention

mechanism, termed MILN-WE. The overall architecture is designed to handle the non-stationary nature of

vibration signals and the challenges of feature extraction from imbalanced data.

The proposed MILN-WE framework consists of three main stages: signal decomposition, multi-scale feature

extraction, and feature fusion classification. The systematic flowchart of the MILN-WE is illustrated in

Figure 4.

Specifically, the raw vibration signals collected from the water injection pump are first processed using a

three-level WPD. A three-level decomposition was selected because it provides a sufficient frequency

resolution to isolate subtle fault characteristics without introducing excessive computational complexity or

over-segmenting the signal
[27,28]

. This process decomposes the original complex signal into eight distinct

frequency sub-bands. By transforming the 1D time-series signal into multiple frequency components, the

model can capture subtle fault characteristics that are often submerged in noise in the original domain.

Subsequently, the features extracted from the eight frequency sub-bands are individually processed through

the multi-scale Inception-LSTM branches. Within each branch, an ECA mechanism is integrated to

adaptively recalibrate the importance of various feature channels. Unlike conventional hybrid models that

typically rely on simple feature concatenation or late-stage attention pooling, this design leverages ECA to

perform a non-dimensionality-reduction local cross-channel interaction specifically tailored for the

independent WPD sub-bands. This advanced weighted fusion strategy allows the model to dynamically

evaluate and effectively highlight fault-related transients while simultaneously suppressing background noise.

To integrate information from different frequency domains, the enhanced latent features F
i
 from all branches

are fused into a global representation F
S
 via a weighted summation strategy, expressed as F

S
 = ∑

i
W

Ci
F

i
 (where
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Figure 4. Overall architecture of the proposed MILN-WE framework.

i = 1, 2, ... 8), where W
Ci

 denotes the learned contribution weight of the i-th sub-band.

Finally, this fused feature map is mapped into the label space through a fully connected layer. A Softmax

activation function is then employed to calculate the probability distribution across various fault types, where

the category with the highest probability determines the final diagnostic result of the water injection pump.

3.2 Inception-LSTM module

In the fault diagnosis of water injection pumps, the complexity of vibration signals and the severe category

imbalance in industrial environments present significant challenges. Traditional CNNs often employ a

single-size convolutional kernel, which results in a fixed receptive field that may fail to capture diverse and

subtle fault features, especially from minority class samples. To address this limitation, the proposed

MILN-WE model utilizes a multi-scale Inception module instead of the standard CNN architecture. By

incorporating parallel convolutional layers with different kernel sizes, the module can perceive local spatial

features across multiple scales simultaneously. This design notably enhances the model’s ability to extract

discriminative information from non-stationary signals and improves the diagnostic sensitivity for rare fault

types, as shown in Figure 5. Specifically, to further enhance the discriminative power of the spatial features,

local ECA modules are embedded within the Inception block following the Conv2-1 and Conv3-1 layers,

prior to the feature concatenation.

To complement these spatial features, the architecture further integrates LSTM layers to model the temporal

dependencies within the signal. The multi-scale feature maps generated by the Inception module are fed into

the LSTM unit, which leverages its unique gating mechanisms—the input, forget, and output gates—to

capture long-term correlations in the vibration sequences. By synergizing multi-scale spatial perception with

temporal sequential modeling, the MILN-WE framework can derive highly robust and representative
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Figure 5. Hybrid structure of the Inception-LSTM network.

features from the sub-bands decomposed by WPD, providing a solid foundation for accurate fault

classification under complex operational conditions.

3.3 Adaptive feature weighting via ECA

Traditional feature concatenation or simple averaging fusion methods often overlook the varying

contributions of different feature branches to the diagnosis of the current operating state, which can easily

introduce redundant information and increase subsequent computational overhead. Therefore, during the

feature enhancement and fusion stages, this paper introduces the ECA mechanism to perform adaptive

weighted fusion of multi-scale features. It achieves cross-channel local interactions with an extremely low

number of parameters, dynamically focusing on the most discriminative key features while avoiding

information loss from feature dimensionality reduction. Specifically, complementing the local ECA modules

inside the Inception blocks, an ECA-based global weighting mechanism is employed after the parallel

Inception-LSTM branches and before the final classification layer to evaluate the eight frequency sub-bands.

Through this design, the model captures cross-channel interactions via a non-dimension-reduction local

cross-channel interaction strategy. This enables the network to adaptively assign higher weights to key

feature channels that significantly contribute to fault diagnosis, while suppressing irrelevant background

noise, thereby further enhancing the architecture’s overall performance under complex interference, as

shown in Figure 6.

The ECA-based feature fusion process comprises three strategic phases. First, multi-scale features are

compressed into channel descriptors via Global Average Pooling (GAP) to capture a global receptive field.

Subsequently, instead of using computationally expensive fully connected layers, the module employs a

one-dimensional convolution (1D Conv) with an adaptive kernel size k = φ(D) to facilitate Local

Cross-Channel Interaction. This approach effectively captures local dependencies and avoids information

loss from dimensionality reduction. Finally, the generated attention weights W
C1

 to W
C8

 are applied to the

original features through element-wise multiplication and summation. By amplifying fault-sensitive features

and suppressing redundant noise, this adaptive strategy notably enhances the discriminative power of the

fused feature, ensuring precise identification of the 16 complex operating states.
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Figure 6. Schematic diagram of adaptive feature weighting via ECA mechanism.

4. EXPERIMENTAL VERIFICATION
4.1 Dataset processing

The private water injection pump dataset is derived from the field operation data of an oil field in China. The

water injection pump model used in this study is 3H-8/450II, as shown in Figure 7. Data collection was

performed using 15 vibration sensors installed at different locations, the collected data were treated as

independent single-channel input sequences. Additionally, all vibration signals were globally normalized

prior to model training to eliminate amplitude variations caused by differences in distance and mounting

positions between the sensors and the vibration sources, thereby ensuring that the diagnostic process is based

on inherent time-frequency fault patterns. The specific installation positions of these sensors are listed in

Table 1. The sampling frequency of the sensors is 8,192 Hz with a sampling duration of 1 s, meaning each

sample contains 8,192 sampling points.

During the operation of the water injection pump, the motor at the power end drives the crankshaft to

rotate, which in turn moves the plunger through the connecting rod, causing it to reciprocate within a

high-sealing cylinder. The resulting ultra-high pressure pumps the sand-bearing fluid out of the hydraulic

end. During this process, the pump head of the plunger pump is subjected to continuous high-intensity

impacts. Under the constant erosion of the sand-bearing fluid, sealing components such as the plunger and

valve seats are highly susceptible to wear and tear.

The dataset contains a total of 5,190 samples across 16 different states (including the normal operating state),

covering various common failures of plunger pumps, such as plunger wear, pump head spring wear, and

bearing bush wear. Figures 8-10 display the raw data sequence plots for some of these states. It can be

observed that when the equipment is in a normal state, the cycles are clear, noise is relatively low, and the

signal components are relatively simple. Conversely, when a fault occurs, the noise in the data increases

notably, the data cycles change, and the underlying components become much more complex.

The sample sizes collected for each state are shown in Figure 11. In actual operations, field engineers strive to

keep the machinery in a normal state as much as possible. When certain severe faults occur—such as plunger

looseness, bearing bracket damage, or motor bolt looseness—the machine may be shut down immediately,

forcing data collection to stop. This further increases the difficulty of diagnosing such faults. Consequently,
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Figure 7. Schematic diagram of the 3H-8/450II water injection pump structure and sensor layout (Photographed by the authors).

Table 1. Vibration sensor mounting areas

Sensor layout Sensor layout

Base Southeast West plunger stuffing box

Base Northeast Center plunger stuffing box

Base Northwest East plunger stuffing box

Base Southwest Directly above pump head

Crankshaft bearing Front of pump head

Motor East Pump inlet pipeline

Motor West Pump outlet pipeline

Crankshaft East /

there is a severe imbalance in the amount of data across different operating states, with the maximum gap

between sample sizes exceeding 20 times. Therefore, it is difficult to use data reconstruction methods like

resampling to supplement the number of minority class samples, and the quality of such supplemented data

is hard to guarantee.

To strictly prevent data leakage between the training and testing phases, the continuous raw data sequences

of each state are first chronologically divided into training, validation, and test sets. Specifically, based on the

temporal order of data collection, the first 80% of the continuous time period for each state is designated as
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Figure 8. Vibration data of normal state.

Figure 9. Vibration data with worn pump head spring.

Figure 10. Vibration data with worn plunger.

the training period. The subsequent 10% of the time period is allocated for validation, and the final 10% of

the time period is strictly reserved for testing. Following this strict chronological division, a sliding window

with overlap is independently employed to segment the data within each respective set to increase the data

volume and ensure better training performance, as shown in Figure 12. Specifically, the width of the sliding

window is 2,048 and the step size is 1,024. After independent segmentation, the total number of samples

effectively generated reach 36,330.
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Figure 11. Sample size statistics by state.

Figure 12. Data splitting with sliding window.

4.2 Experimental setup

In this experimental section, Accuracy, Precision, Recall, and F1-Score are employed as evaluation metrics to

assess the diagnostic performance of the proposed models. Class-balanced CNN (CB-CNN)
[29]

 and

SMOTE-CNN
[30]

 are selected as baseline methods, representing loss function-based improvement and

oversampling-based approaches for handling class imbalance in water injection pump fault diagnosis,

respectively. To further validate the contribution of individual modules in addressing sample imbalance, a

comprehensive ablation study is conducted with traditional CNN as the reference model. Several variant
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architectures  are  constructed  for  comparison,  including  CNN-LSTM,  Inception-LSTM,

Inception-LSTM-ECA, CNN-LSTM-WE, Inception-LSTM-WPD, supervised contrastive learning
[31]

 (SCL),

the deep-stable CNN
[32]

 (DSCNN), Inception-WE, and the proposed MILN-WE.

Each variant systematically excludes specific components from the complete architecture: CNN-LSTM

removes WPD, Inception, and ECA modules; Inception-LSTM excludes the WPD and ECA modules;

Inception-LSTM-ECA removes WPD module; CNN-LSTM-WE and Inception-WE remove the Inception

and LSTM modules, respectively; and Inception-LSTM-WPD excludes the ECA module. This systematic

comparison enables quantitative assessment of each module’s contribution to the overall diagnostic

performance under imbalanced data conditions.

Based on the PyTorch deep learning framework, the proposed Multi-level Inception-LSTM network was

constructed, integrating WPD and ECA mechanism. The hardware configuration included an Intel

i5-13500HX CPU, an NVIDIA 4060 GPU, and 16GB of RAM. Based on the aforementioned independent

data splitting strategy, the segmented samples from each state strictly maintain the 8:1:1 ratio for the training,

validation, and test sets, respectively. This rigorous procedure ensures zero information crossover, resulting

in 29,064 training samples, 3,633 validation samples and 3,633 testing samples.

Cross-Entropy Loss was employed as the loss function, and the Adam optimizer was used for model training.

The learning rate was set to 0.002. To ensure statistical reliability and mitigate the influence of random

initialization, all models evaluated in this study were independently trained and tested 5 times under the

same hardware and software configurations. Within the Inception module, the kernel sizes for each

convolutional layer are specified in Table 2, with a Batch Normalization layer added after each convolution.

The LSTM module was configured with 2 layers. Additionally, as depicted in Figure 5, local ECA modules

were integrated specifically after the Conv2-1 and Conv3-1 layers to enhance the cross-channel interaction

capability of the Inception module.

4.3 Experimental results

The confusion matrix for the diagnostic results of the MILN-WE model is shown in Figure 13, where the

horizontal axis represents the true labels and the vertical axis represents the predicted labels. The numbers

within each colored block correspond to the number of samples classified into that category. As can be

observed from the figure, except for fault samples of label 7, the number of misclassified samples for all other

faults is below 10.

To verify the effectiveness of the improved method and evaluate its performance against common fault

diagnosis algorithms for imbalanced data, other baseline models were trained using the same parameters for

verification. Figures 14 and 15, and Table 3 illustrate the diagnostic performance comparison between the

proposed model and eleven benchmark models: CNN, CB-CNN, SMOTE-CNN, CNN-LSTM,

Inception-LSTM, Inception-LSTM-ECA, CNN-LSTM-WE, Inception-WE, and Inception-LSTM-WPD,

SCL, DSCNN.

During the model training process, the proposed model achieved faster convergence speed in terms of both

training and testing losses compared to other models. Regarding the testing set, the SMOTE-CNN, which

incorporates SMOTE resampling, showed a performance similar to that of the traditional CNN model. This

indicates that when facing severe data imbalance, resampling methods struggle to generate appropriate new

data and fail to effectively distinguish minority class faults.
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Table 2. Network parameter settings

Network layer Parameter settings Data dimensions

Vibration signal / [256,1,2048]

Wavelet decomposition / [256,1,256]

Conv 1-1
Kernel size: 5
Output channel: 16

[256,16,252]

Maximum pooling layer
Pooling length: 3
Pooling stride: 2

[256,16,125]

Conv2-1 to 2-3
Kernel size: 5/7/9
Output channel: 48

[256,48,125]

ECA module Output channel: 48 [256,48,125]

Maximum pooling layer
Pooling length: 3
Pooling stride: 2

[256,48,62]

Conv3-1 to 3-3
Kernel size: 5/7/9
Output channel: 144

[256,144,62]

ECA module Output channel: 144 [256,144,62]

Maximum pooling layer
Pooling length: 3
Pooling stride: 2

[256,144,30]

Dropout layer / [256,144,30]

LSTM layer
Output dimensions: 256
Number of layers: 2
Dropout probability: 0.2

[256,256,30]

Fully connected layer Output dimensions: 960 [256,960]

Fully connected layer Output dimensions:16 [256,16]

ECA: Efficient channel attention; LSTM: long short-term memory.

The diagnostic Accuracy, Precision, Recall and F1-Score of the proposed model on the test set reached

99.38%, 99.42%, 99.27%, and 99.34%, respectively, all of which showed improvements over the other

benchmark models. Compared to the traditional CNN, the diagnostic accuracy improved by 6.05%.

Compared with CB-CNN, a representative imbalance-aware fault diagnosis model based on improved loss

function, the proposed MILN-WE model achieves a 3.24% improvement in diagnostic accuracy.

Furthermore, when compared with SMOTE-CNN, which employs oversampling techniques for handling

class imbalance, the diagnostic accuracy is enhanced by 5.28%. These results demonstrate that the proposed

MILN-WE model exhibits better performance in addressing the imbalanced data diagnosis problem of

plunger-type water injection pumps when compared with other advanced fault diagnosis methods.

Besides, during the process of network optimization, the diagnostic performance enhanced progressively. By

comparing the diagnostic results of the proposed model with the Inception-LSTM-ECA, CNN-LSTM-WE,

Inception-WE, and Inception-LSTM-WPD, SCL, DSCNN models, it is evident that each module contributes

to the improvement of the final diagnostic accuracy. In summary, these results demonstrate the effectiveness

and superiority of the proposed model for fault diagnosis under class-imbalanced conditions.

4.4 Public dataset verification

To verify the cross-platform robustness of the MILN-WE architecture, we extended our evaluation to a

widely recognized public repository: the centrifugal multistage impeller blower dataset
[33]

.

In this validation phase, five operational states are considered: normal baseline (C0), along with four

localized defects—outer-race (C1), inner-race (C2), rolling-element (C3), and gear (C4) failures. To mirror

the sparsity of fault samples in actual industrial production, we intentionally constructed a non-uniform
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Figure 13. Confusion matrix of diagnosis results.

Figure 14. Training loss function. (A) Overall training loss curve, (B) Local training loss curve (80-100).

distribution. As detailed in Table 4, for classes C0-C2, 600 training and 180 testing samples per class are used;

for minority classes C3 and C4, 200 training and 60 testing samples per class are used. Additionally, 10% of

the training samples from each class are partitioned as a validation set during the training process. By testing

the model on this skewed dataset, we can more effectively demonstrate MILN-WE’s proficiency in
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Figure 15. Testing loss function. (A) Overall test loss curve, (B) Local test loss curve(80-100).

Table 3. Comparison of diagnostic results

Model Accuracy Precision Recall F1-score

CNN 93.33 90.26 93.50 91.85

CB-CNN 96.14 95.83 96.68 96.25

SMOTE-CNN 94.10 92.37 94.19 93.27

CNN-LSTM 95.79 94.01 95.49 94.74

Inception-LSTM 96.31 95.14 97.17 96.14

Inception -LSTM-ECA 98.82 98.49 98.81 98.65

CNN-LSTM-WE 98.39 96.94 99.03 97.97

Inception-WE 97.84 98.42 96.35 97.37

SCL 98.03 97.86 97.21 97.53

Inception-LSTM-WPD 97.77 97.25 98.42 97.83

DSCNN 97.71 97.34 98.02 97.68

MILN-WE 99.38 99.42 99.27 99.34

*Bold values indicate the optimal results under different evaluation metrics. CNN: Convolutional neural network; CB: class-balanced; LSTM: long
short-term memory; ECA: efficient channel attention; SCL: supervised contrastive learning; WPD: wavelet packet decomposition; DSCNN: the
deep-stable CNN; MILN-WE: the multi-level Inception-LSTM network with WPD and ECA.

Table 4. Details of the public dataset

Label Fault type Training samples Testing samples

C0 No fault 600 180

C1 Bearing outer race fault 600 180

C2 Bearing inner race fault 600 180

C3 Bearing rolling element fault 200 60

C4 Gear fault 200 60

identifying underrepresented fault signatures amidst dominant healthy signals.

In the training process, the Adam optimizer was deployed for 50 epochs with a starting learning rate of 0.001.

To prevent the model from overfitting, a decay strategy was integrated: the learning rate was reduced by 50%

whenever the loss metric failed to decrease over 15 successive epochs. Additionally, we introduced Gaussian

white noise with a signal-to-noise ratio of 1 into the raw vibration data to replicate the complex noise

interference typically encountered in actual industrial operations.
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Table 5. Results of comparison experiments on public dataset

Model Accuracy Precision Recall F1-score

CNN 81.24 80.15 82.30 81.21

CB-CNN 84.50 83.92 84.88 84.40

SMOTE-CNN 82.10 81.05 82.95 81.99

CNN-LSTM 85.65 84.33 86.12 85.22

INCEPTION-LSTM 88.42 87.90 88.75 88.32

INCEPTION-LSTM-ECA 91.15 90.85 91.50 91.17

CNN-LSTM-WE 92.30 91.75 92.65 92.20

INCEPTION-WE 92.85 92.10 93.40 92.75

SCL 93.08 92.76 93.35 93.05

INCEPTION-LSTM-WPD 93.65 93.20 94.05 93.62

DSCNN 94.57 94.21 94.88 94.54

MILN-WE 95.82 95.60 96.15 95.87

*Bold values indicate the optimal results under different evaluation metrics. CNN: Convolutional neural network; CB: class-balanced; LSTM: long
short-term memory; ECA: efficient channel attention; SCL: supervised contrastive learning; WPD: wavelet packet decomposition; DSCNN: the
deep-stable CNN; MILN-WE: the multi-level Inception-LSTM network with WPD and ECA.

As detailed in Table 5, our MILN-WE framework attained a 95.82% diagnostic accuracy. This performance

shows higher diagnostic accuracy compared to the benchmark models, exhibiting improvements over CNN,

SMOTE-CNN, CNN-LSTM, INCEPTION-LSTM-WPD, SCL, DSCNN by margins of 14.58%, 13.72%,

10.17%, 2.17%, 2.74%, and 1.25%, respectively. Beyond accuracy, our approach consistently yielded

competitive results across the remaining evaluation metrics. These outcomes illustrate the model's capability

to maintain effective fault identification on the public dataset, even under severe background noise

conditions.

5. DISCUSSION
The study proposes a MILN-WE network for fault diagnosis of oilfield water injection pump and public

rotating machinery datasets. Experimental results demonstrate that MILN-WE is effective in processing

complex, non-stationary vibration signals. Dual validation on both private and public datasets confirms its

superior robustness and generalization across diverse mechanical structures and operating conditions. This

research contributes a high-precision feature extraction and classification scheme to address industrial

challenges such as class imbalance and strong noise, providing a theoretical foundation for intelligent

predictive maintenance.

6. CONCLUSION
This study addresses the critical challenges of non-stationary vibration signals and severe category imbalance

in the fault diagnosis of water injection pumps operating in complex industrial environments. Looking

forward, a prospective summary of our future research will focus on exploring cross-condition transfer

learning and few-shot learning to improve model adaptability in data-scarce environments, and pursuing

model lightweighting for real-time edge-side deployment.
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