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Abstract
To address the severe data imbalance and the difficulty of feature extraction in fault diagnosis of
plunger-type injection pumps, we propose a fault diagnosis algorithm that integrates metric
learning with a sampling-adaptation mechanism. First, we design a feature extractor based on
Laplacian wavelet convolution and a multi-scale attention mechanism to capture critical fault
features and adaptively assign feature weights. Second, we introduce a metric-learning module
driven by dual-center loss, imposing inter-class and intra-class distance constraints in a
high-dimensional embedding space to promote clustering of samples from the same fault class
and thus enhance fault recognition capability. Finally, we adopt a class-balanced batch sampling
mechanism to adaptively strengthen the model, overcoming the performance limitations
imposed by data imbalance and further improving overall accuracy. Validated on a real,
imbalanced injection-pump dataset, the proposed method achieves a diagnostic accuracy
of 97.11%.

Keywords: imbalanced fault diagnosis, Laplacian wavelet transform, metric learning,
dual-center loss

1. Introduction

As the heart of oilfield water injection systems, water injec-
tion pumps critically determine production efficiency and
operational safety across oil extraction sites. Among vari-
ous pump types, plunger-type water injection pumps stand
out due to their high operational efficiency, making them
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particularly suitable for high-pressure, high-power scenarios
requiring precise flow regulation, especially in medium-small
oilfields during mid-to-late exploitation phases that demand
sustained injection pressures. The intricate mechanical design
of plunger-type water injection pumps, combined with pro-
longed operation under high-pressure, high-vibration, and
fluctuating load conditions, as well as frequent exposure to
corrosive substances and solid impurities in injected fluids,
contributes to frequent pump failures.

To overcome the limitations of existing maintenance
strategy, the petroleum exploration and development industry
urgently requires the implementation of predictive mainten-
ance for water injection pumps [1]. This method employs real-
time equipment monitoring to proactively identify potential
faults, perform fault localization and root-cause analysis, and
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establish a scientific basis for formulating efficient and precise
maintenance strategies. Consequently, it reduces downtime,
lowers maintenance costs, and extends equipment service life.
Prognostics and health management (PHM) technology [2–
5] is widely recognized as an effective solution to achieve
these goals and has been extensively adopted across produc-
tion and manufacturing industries. By appropriately applying
PHM technology, operators can not only ensure system reliab-
ility and safety but also significantly enhance operational effi-
ciency and reduce operational costs, making it a critical com-
petitive advantage in the industry.

Similar to fault diagnosis methods for other mechan-
ical equipment, fault diagnosis methods for water injec-
tion pumps can be broadly categorized into two types:
mechanism-based models and data-driven approaches [6].
Mechanism-based fault diagnosis methods [7] involve mod-
eling the physical characteristics and operational patterns of
the water injection pump system. While these methods offer
strong interpretability, their implementation is constrained by
the numerous factors influencing pump operation in oilfield
environments, limiting the applicability of these knowledge-
dependent approaches. Data-driven methods, on the other
hand, leverage the vast amounts of data generated during the
operation of water injection pumps to develop and optim-
ize diagnostic models through machine learning [8] or deep
learning algorithms [9, 10], establishing a direct mapping
between historical operational data and fault types for fault
diagnosis. For instance, Li et al [11] proposed converting one-
dimensional vibration signals collected from the hydraulic
end of plunger pumps into three-channel three-dimensional
images, which were then classified using the deep neural net-
work AlexNet, achieving an average diagnostic accuracy of
98.00% for multiple fault types. Tang et al [12] transformed
vibration signals into time-frequency images and utilized a
Gaussian process-based Bayesian optimization algorithm to
automatically select the hyperparameters of convolutional
neural networks (CNN), enabling efficient fault diagnosis of
axial plunger pumps.

While these methods demonstrate satisfactory performance
under experimental conditions, their deployment in real-world
water injection pump operations remains challenging.

Although research on data imbalance fault diagnosis tech-
niques for plunger-type water injection pumps is relatively
limited, the issue of data imbalance has consistently attracted
widespread attention from both academia and industry, with
numerous studies on other mechanical equipment providing
valuable insights. Currently, solutions to this issue are primar-
ily approached from three perspectives: data optimization, fea-
ture optimization, and training process optimization [13, 14].

Data optimization methods aim to balance datasets by
directly adjusting the sample sizes, which include various
sampling techniques and generative adversarial networks
(GANs) [15]. For instance, Wang et al [16] proposed an
improved technique which weights the samples of themajority
class while oversampling the samples of the minority class and
validated the effectiveness and innovativeness of the method
on three different datasets, turbine rotors, bearings and gears.
Wang et al [17] integrated Fourier transforms with GANs for

data augmentation, achieving simultaneous fitting of data dis-
tributions in both the time and frequency domains, with exper-
imental results demonstrating that, compared to alternative
methods, the bearing fault signals generated by this approach
were closer to real data in both domains. However, data optim-
ization methods have certain limitations in practical applica-
tions. The quality of the generated samples is difficult to guar-
antee, and they may introduce noise or outliers.

Feature optimization methods address the issue of dom-
inant feature space generation caused by the overrepresenta-
tion of majority class samples by imposing constraints on the
feature space constructed for fault diagnosis models, ensur-
ing that the features of minority class samples are adequately
expressed. For instance, Zhou et al [18] proposed a local
feature selection algorithm based on multi-objective binary
particle swarm optimization, which directly utilizes the local
distribution of data to obtain near-optimal feature subsets,
achieving optimal results in experiments across various simu-
lation and real-world datasets with different imbalance ratios.
Jian and Ao [19] introduced a semi-supervised ensemble
learningmethod that combines multiple base models to extract
information from unlabeled data, and employs weighted vot-
ing and dynamic subset adjustment strategies to ensure model
diversity and stability, effectively preventing the drowning
out of minority class features. However, feature optimization
methods generally lack interpretability.

Training process optimization methods primarily focus on
model training strategies, with cost-sensitive learning being a
representative technique. Specifically, cost-sensitive learning
mitigates the impact of data imbalance by assigning differ-
ent weights to different classes or samples and adjusting the
loss function, ensuring that the model gives adequate attention
to minority class samples during training. For instance, Zhao
et al [20] designed a misclassification cost-sensitive matrix
that considers both data quantity and practical industrial costs,
and utilized a multi-objective multi-universe optimization
algorithm to automatically search for the optimal hyperpara-
meter combination for an improved weighted extreme learn-
ing machine, demonstrating its effectiveness on reciprocating
pump and bearing datasets. Mao et al [21] proposed a trans-
ferable dynamic-enhancement cost-sensitive network, which
integrates maximum classifier discrepancy with Wasserstein
distance to match the feature distributions between the source
and target domains, and introduces dynamic-enhanced focal
loss, significantly improving the model’s focus on hard-
to-classify and minority class samples, thereby enhancing
the model’s generalization ability and diagnostic accuracy.
However, while training process optimization methods are
intuitive and straightforward, they are prone to introducing the
risk of overfitting.

When applying metric learning methods to industrial sites
for end-to-end imbalanced fault diagnosis of water injection
pumps, the disparity in fault severity and the complexity of
the operating environment hinder the full utilization of met-
ric learning capabilities, leading to diminished algorithm per-
formance. In contrast, metric-learning-based methods [22],
which combine the advantages of feature optimization and
training-process optimization, design loss constraints in the
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embedding space so that the distance between samples of the
same class is reduced while the distance between samples of
different classes is enlarged. This has become one of the effect-
ive approaches to addressing the difficulty of extracting fault
features for mechanical equipment and its components.

Accordingly, this study proposes a method that integrates
metric learning with a sampling-adaptation mechanism. First,
Laplacian wavelet convolution combined with a multi-scale
spatiotemporal attention mechanism is employed to capture
key fault features across multiple temporal and spatial scales,
thereby optimizing the model at the feature level. Next, a
metric-learning module based on dual-center loss is intro-
duced to constrain the sample distribution in the embedding
space and thus enlarge decision boundaries between classes,
optimizing the model at the training level. Finally, a class-
balanced sampling-adaptation mechanism is adopted to fine-
tune the model, further enhancing the focus on minority-class
samples and optimizing the model at the data level. Together,
these components effectively alleviate the adverse impact of
data imbalance on the fault-diagnosis performance of water
injection pumps.

2. Methodology

2.1. Framework

The proposed two-stage model comprises two phases: pre-
training and sampling adaptation, facilitating end-to-end fault
diagnosis of water injection pumps. The input signals are the
raw vibration data collected from the operational environment
of water injection pumps, while the output is the fault category
determined by the model.

The pre-training stage consists of three modules: a fea-
ture extractor based on Laplace wavelet convolution (LWC)
and multi-scale convolutional attention mechanism (MCAM)
(referred to as the LWC and MCAM-based feature extractor,
LMFE), a metric learning module based on dual center loss
(DCL), and a classifier. Initially, the vibration signals pass
through the LMFE, where fault information across differ-
ent scales is thoroughly extracted, and weights are adapt-
ively allocated, resulting in an embedded vector mapped onto
a high-dimensional embedding space. Simultaneously, the
DCL-based metric learning module is applied to compute the
DCL of the feature vectors in the embedding space, guiding
the samples to cluster more effectively and optimizing the
mapping relationship between the samples and the embedding
space. Subsequently, a fully connected classifier is employed
to convert the embedded vectors into fault classification labels,
with parameters updated through multiple iterations of train-
ing to obtain the optimal pre-trained model.

In the sampling adaptation stage, the Class-Balanced Batch
Sampling Mechanism (CBBSM) is utilized to fine-tune the
parameters of the feature extractor and classifier obtained from
the pre-training phase, leading to the construction of the final
fault diagnosis model for water injection pumps.

In this methodology, the optimization strategy is system-
atically structured across three distinct levels: feature extrac-
tion, training, and data optimization. Firstly, the integration of

LWC with the multi-scale spatiotemporal attention mechan-
ism effectively captures critical fault features across diverse
spatiotemporal scales. This synergistic approach enhances
model performance by optimizing the extraction of pertin-
ent features, thereby enriching the representation of input sig-
nals. Secondly, the introduction of a metric learning module
utilizing DCL establishes a robust framework for constrain-
ing the sample distribution within the embedding space. This
mechanism facilitates tighter clustering of similar fault cat-
egories while broadening the decision boundaries between dif-
ferent classes, thereby optimizing the training process and
improving classification accuracy. Lastly, the implementa-
tion of a class-balanced sampling adaptation mechanism stra-
tegically concentrates attention on minority class samples
during training. This methodology not only strengthens the
representation of underrepresented classes but also mitig-
ates the adverse effects of data imbalance, fostering a more
equitable learning process. Consequently, it enhances the
overall performance of the fault diagnosis model for water
injection pumps across multiple dimensions. This compre-
hensive optimization approach significantly augments dia-
gnostic capability, equipping the system to effectively address
the complexities inherent in imbalanced fault diagnosis
scenarios. The flowchart of the model is shown in figure 1.

In real-world scenarios where only streaming operational
signals are available and fault labels are absent, the pro-
posed model supports online adaptation by freezing the pre-
trained LMFE feature extractor to preserve established fault
feature representations. During deployment, only the classi-
fier and attention module parameters are updated using new
unlabeled data, thus avoiding disruption of the original dia-
gnostic knowledge. This can be achieved through strategies
such as pseudo-labeling, where the model iteratively uses its
own high-confidence predictions as temporary labels, or self-
supervised clustering, which groups incoming feature embed-
dings to reflect evolving operational conditions. By select-
ively fine-tuning the decision layers while keeping the fea-
ture extractor fixed, the model can incrementally adapt to
changes in the data distribution, maintaining reliable dia-
gnostic performance without manual annotation or retraining
from scratch.

2.2. Pre-training stage

2.2.1. LWC and MCAM-based feature extractor. The pro-
posed LMFE primarily consists of two components: LWC and
MCAM, which are designed to comprehensively capture fault
information within the input vibration signals.

The first convolutional layer of a CNN significantly influ-
ences the network’s performance, as this layer directly pro-
cesses high-dimensional data and is particularly suscept-
ible to the vanishing gradient problem in deeper network
architectures [23]. Furthermore, the convolutional kernels
learned during the training process of a CNN often exhibit
noisy and incoherent multi-band shapes, which can comprom-
ise their interpretability. Therefore, it is essential to care-
fully design the convolutional kernel in the initial layer of
the model, enhancing feature extraction capabilities while
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Figure 1. Imbalanced fault diagnosis model fusing metric learning and sampling adaptation mechanism.

ensuring that the convolutional waveforms possess physical
significance.

Continuouswavelet transform (CWT) is awidely employed
technique in the field of signal processing. By selecting appro-
priate wavelet basis functions, it decomposes time-domain
signals into sub-bands of varying scales and frequencies,
effectively representing non-stationary signals and revealing
detailed information at different scales. Wavelet Convolution
incorporates the concept of CWT within the CNN frame-
work by utilizing predefined wavelet basis functions as con-
volutional kernels. As a result, wavelet convolution not only
inherits the effective representation capabilities of wavelet
transforms for non-stationary signals but also facilitates auto-
matic feature extraction through the convolution operation.
Compared to traditional convolutional layers, wavelet convo-
lution enables the model to achieve higher diagnostic accuracy
with fewer parameters, while generating more interpretable
feature maps [24].

Common fault types in water injection pumps, such as
wear and loosening, frequently manifest as transient impacts
within the vibration signals, characterized by distinct unidirec-
tional decaying oscillations. To address this phenomenon, the
Laplace wavelet basis function is identified as an ideal can-
didate for the wavelet convolution kernel due to its distinctive
waveform characteristics. As illustrated in figure 2, the wave-
form of the function alignswell with the form of impact signals
caused by faults in the water-injection pump. The function can
be expressed as follows:

ψ u,s (t) = Ae
−ζ√
1−ζ2

2π f( t−u
s −τ)

sin

(
2π f

(
t− u
s

− τ

))
(1)

where ψ u,s (·) represents Laplacian wavelet basis function, t
represents time, A represents wavelet normalization function,
ξ represents damping ratio, τ represents time parameter, u rep-
resents translation parameter, s represents scale parameter, f
represents signal frequency.

The waveform of this function exhibits a strong correlation
with the impact signals induced by faults in water injection
pumps, as shown in the figure 3, thereby facilitating the accur-
ate capture of both time-domain and frequency-domain fea-
tures within the vibration signals. Consequently, LWC is des-
ignated as the initial convolutional layer of the LMFE, and
the output generated by the LWC layer can be mathematically
represented as follows:

L= B(δ (ψ u,s (t) ∗ xt)) (2)

where L represents LWC output, xt represents input vibration
signal, B represents batch normalization operation, δ repres-
ents RELU activation function, ∗ represents convolution.

Traditional CNN typically employ fixed-size convolutional
kernels for feature extraction; however, this configuration
presents significant limitations when applied to fault diagnosis
in plunger-type water injection pumps [25]. Firstly, the diverse
fault signals in plunger-type water injection pumps exhibit
high heterogeneity, necessitating different kernel scales for
various fault modes. For instance, high-frequency vibration
signals often signify micro-defects or localized damage, mak-
ing smaller-scale convolutional kernels more suitable for pre-
cise local feature extraction. In contrast, low-frequency vibra-
tion signals reflect global patterns, revealing the overall opera-
tional state and structural characteristics of the water injection
pump, which are better suited to larger-scale convolutional
kernels.
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Figure 2. Illustration of the Laplace wavelet basis function.

Figure 3. Time-domain vibration signals under different fault conditions.

As a result, a single-scale convolutional kernel struggles
to capture features across multiple scales adequately, thus
impairing the accuracy and generalization capabilities of
model. Additionally, as operational parameters of the water
injection pump fluctuate, the scale of fault characteristics also
varies, rendering a single-scale convolutional kernel ineffect-
ive in adapting to these dynamic changes. This dynamic situ-
ation heightens noise sensitivity and compromises the reli-
ability of fault diagnosis. Therefore, after performing ini-
tial feature extraction using LWC, the proposed method
incorporates MCAM. The whole process is demonstrated in
figure 4.

Specifically, MCAM implements convolutional operations
utilizing kernels of varying sizes [26, 27], thereby facilitating
the hierarchical extraction of features from fault signals and

effectively capturing fault information present in the input sig-
nals across different scales, as demonstrated below:

Mi = B(δ (fi (P))) (3)

where P represents input feature map, fi represents the ith con-
volution operation, Mi represents the feature vector obtained
by the ith convolution.

Upon the successful extraction of multi-scale feature vec-
tors, it is imperative to address the limitations of conventional
methods that rely on fixed-weight feature fusion techniques,
such as concatenation or element-wise addition. To enhance
the feature fusion process, the convolutional block attention
module (CBAM) [28] is implemented. Initially, CBAM util-
izes a channel attention mechanism to assess the significance
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Figure 4. Multi-scale convolutional attention mechanism.

of each channel. Subsequently, a spatial attention mechanism
is employed to further refine the contribution of each spatial
location. This dual attention mechanism dynamically adjusts
the weight relationships among the various features, enabling
the network to adaptively prioritize the most salient features
while suppressing less relevant information, thereby augment-
ing the effectiveness of feature fusion and enhancing the over-
all performance of the network. The weights of Mi after pro-
cessing by CBAM can be expressed as follows:

bi =Mc (Mi)⊕Ms (Mi) (4)

whereMc represents channel attention mechanism,Ms repres-
ents spatial attention mechanism,⊕ represents broadcast addi-
tion operation.

In addition to improving the discriminative capability of
feature fusion, the incorporation of channel and spatial atten-
tion mechanisms offers valuable physical interpretability for
fault diagnosis. Specifically, the weights assigned by the atten-
tion modules can be regarded as quantitative indicators reflect-
ing the diagnostic importance of features extracted at differ-
ent scales or locations. For vibration signals in water injec-
tion pumps, the pulse-like transients captured in the prepro-
cessing stage (by the LWC) are closely associated with under-
lying mechanical faults. The subsequent attention mechanism,
by adaptively assigning higher weights to those features cor-
responding to impulse events, provides an interpretable meas-
ure of the significance of these transient phenomena in the dia-
gnosis process.

As a result, the model not only benefits from enhanced dia-
gnostic accuracy but also enables the quantitative assessment
of the relevance of pulse-type features, facilitating a more
transparent understanding of the fault characteristics embed-
ded in the raw signals. This interpretability bridges the gap
between data-driven model outputs and physical signal prop-
erties, offering practitioners actionable insights into which sig-
nal components most strongly influence the final diagnostic
decision.

Furthermore, to mitigate the risk of certain feature vectors
exhibiting disproportionately large weights that may induce

excessive dependence and contribute to overfitting, the LMFE
integrates a weight normalization operation to ensure that the
contributions of all feature vectors to the model remain within
a reasonable range, as illustrated below:

Q=
∑ bi∑

bi
⊗Mi (5)

where⊗ represents pointwise multiplication operation, bi rep-
resents the initial weights of the feature vector obtained by the
ith convolution, Q represents final output feature map.

The mentioned plug-and-play MCAM module, as detailed
above, replaces traditional fixed-size convolution and pooling
operations within the network and, in conjunction with LWC,
constitutes the proposed LMFE.

2.2.2. DCL-based metric learning module. In the pre-
training stage, the DCL-based metric learning module aims
to further optimize the distribution of samples within the
embedding space, enhancing the discriminability among the
embedded vectors of different classes. Traditional metric loss
functions, such as contrastive loss [29] and triplet loss [30],
typically focus on inter-sample distances without directly
optimizing intra-class compactness and inter-class separabil-
ity. Consequently, their limitations become particularly appar-
ent in scenarios characterized by high noise levels, substan-
tial intra-class variance, or complex data distributions. For
instance, contrastive loss depends on pair construction and is
easily biased in imbalanced data [31], negatives are mostly
trivial majority samples, while hard-negative mining can over-
fit to outliers/noise. The pairwise objective shapes only local
separations, offering little global control over class margins or
intra-class compactness, and is prone to false negatives when
classes partially overlap, while triplet loss training hinges
on costly triplet mining [32], most triplets are uninformat-
ive without mining, but aggressive mining overemphasizes
noisy cases. Its constraints are local, often yielding fragmented
intra-class structure and under-specified decision boundaries.
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Figure 5. Illustration for dual center loss.

Performance is highly sensitive to batch margins, and long-
tailed classes lack stable anchor–positive pairs, causing high
variance and overfitting.

In contrast, center loss [33] adopts a class-centric perspect-
ive by introducing a center point for each class to optim-
ize the clustering compactness of samples belonging to that
class, thereby capturing global information about the categor-
ies more effectively. However, traditional center loss has cer-
tain shortcomings in constraining inter-class distances and
may lead to ambiguous decision boundaries between spe-
cific classes. To address this limitation, the proposed metric
learning module based on DCL can enhance both intra-class
compactness and inter-class separability, thereby improving
the classification performance and robustness of the model in
complex scenarios.

Fundamentally, traditional center loss functions as an intra-
class loss Lintra by minimizing the Euclidean distance between
samples and their corresponding class centers, ensuring that
samples of the same class cluster tightly within the embed-
ding space and reducing intra-class variance, as mathematic-
ally expressed as follows:

Lintra =
1
N

N∑
i=1

∥Cyi −Ei∥2 (6)

whereN represents batch size, Yi represents the label of sample
Xi, CYi represents the embedding vector of the class center that
the sample belongs to in the embedding space, Ei represents
the embedding vector of the sample in the embedding space.

The proposed DCL builds upon traditional Lintra by incor-
porating an additional inter-class loss constraint Linter, utiliz-
ing cosine distance as the metric. This approach aims to con-
strain the angular relationship between sample points and their
corresponding class centers, ensuring that the sample points
are positioned close to the center of their respective classes
(i.e. positive class center) while maximizing their distance
from the centers of classes that are not associated with the
labels (i.e. non-labeled classes). Consequently, this mechan-
ism reduces the overlap between the distributions of different
classes. A geometric illustration of Linter in a two-dimensional
plane is presented in figure 5.

Under the condition that the Lintra remains constant, the dis-
tance from the sample points to the positive class center is
fixed. At this point, the angle between the vector connecting

the sample points to the positive class center and the vector
to the negative class center reflects the relative spatial posi-
tioning of the sample points within the embedding space. The
definition of cosine similarity is as follows:

cos(θ) =
(Ei−Cyi)

⊤
(Ei−Cm)

∥ Ei−Cyi∥2 ∥ Ei−Cm∥2
. (7)

Cosine distance exhibits a negative correlation with cosine
similarity. Therefore, a smaller angle indicates a reduced
cosine distance between the vectors, signifying that the sample
points are further from the negative class center. Conversely, a
larger angle results in an increased cosine distance, indicating
proximity to the negative class center. Notably, when the angle
approaches 0◦, the sample point aligns along the extended line
connecting the positive and negative class centers, resulting in
the maximum distance to the negative class center.

Consequently, during the optimization iterations, as the
cosine distance-based Linter decreases, the sample points move
progressively further away from the negative class center,
thereby clarifying the decision boundaries and effectively
enhancing the discriminability between classes. Ultimately,
the mathematical expression of the weighted Linter can be
written as:

Linter =
N∑
i=1

∑
m ̸=yi

km (1− cos(Ei −Cyi , Ei −Cm)) (8)

Furthermore, considering that fault diagnosis of water
injection pumps typically involves multi-class classification,
this study innovatively introduces a normalized weight term
to further adjust the cosine distance between sample points
and various negative class centers. Specifically, the weight
term allows negative class centers that are closer to exert a
greater influence on the overall Linter, while those that are
farther away have a relatively diminished impact. This weight-
ing design enables the model to prioritize the differentiation of
categories that are nearer to the current sample points, thereby
enhancing optimization efficiency while maintaining method-
ological rigor. The mathematical representation of the weights
is presented as follows:

km =
e−∥Cm−Ei∥2∑
j ̸=yi e

−∥Cj−Ei∥2
(9)
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where Ei represents feature vector of the sample point in the
embedding space, Cyi represents feature vector of the positive-
class center in the embedding space,Cm represents feature vec-
tor of the negative-class center in the embedding space, km rep-
resents weight corresponding to the loss term of the sample
point.
Lintra and Linter complement each other, and through their

synergistic interaction, the intra-class compactness of each
fault category is enhanced, the decision boundaries between
classes are broadened, and the overall distribution of samples
within the embedding space is further optimized.

2.3. Sampling adaptation stage

In contrast to directly applying techniques such as sample
generation, data augmentation, or down-sampling on the ori-
ginal imbalanced dataset, fine-tuning the already pre-trained
model using the sampling adaptation mechanism allows for
the effective utilization of data while mitigating the risk of
overfitting without significantly increasing the training burden
[34]. This approach proves to be an effective solution for water
injection pump fault diagnosis scenarios, as it enhances both
the stability and performance of the model, thereby demon-
strating considerable engineering practicality.

In the sampling adaptation phase of the fault diagnosis
algorithm proposed in this research, the CBBSM is employed
to partition the original dataset, thereby enhancing the
model’s ability to recognize minority class fault samples. The
model is then fine-tuned using the newly partitioned dataset.
Specifically, the original water injection pump fault dataset D
is divided intoM subsets based on the class labels yi, with each
subset Dm containing all samples belonging to class m, which
can be expressed as follows:

Dm = {(xi,yi) ∈ D|yi = m} , ∀m ∈ {1,2, . . . ,M} . (10)

Subsequently, to achieve a balanced sampling of samples
from each subsetDm within each batch, the inverse of the num-
ber of samples in each class is employed as the sample weight.
Accordingly, the weight Wm corresponding to the samples in
class m is defined as follows:

Wm =
1

|Dm|
. (11)

The weight vector W corresponding to the dataset D is
illustrated as follows, and it contains the sampling weights for
each sample {(xi,yi)}.

W= {Wyi}
|D|
i=1 . (12)

Regarding batch l, the CBBSM randomly samples N
samples from the dataset according to the weight vector W,
resulting in a sample set for updating the model parameters,
as shown below:

Bl = {(xi,yi) | (xi,yi)∼ R(D,W,N)} (13)

where R(·) represents random sampling function.

2.4. Model training process

In the pre-training stage, the overall loss function of the model
is a weighted sum of the classification loss and the DCL. To
mitigate the influence of outliers on the overall loss function,
a hyperparameter α is introduced to constrain the scale of the
loss function. Therefore, Ltotal can be defined as follows:

Ltotal = Lcls + αLdc (14)

Lcls evaluates the effectiveness of classification by comput-
ing the cross-entropy loss between the classifier output and the
true fault labels, which can be calculated as follows:

Lcls =
N∑
i=1

M∑
m=1

yi logpim (15)

where, M represents number of classes, pim represents the
probability that the model predicts sample xi belongs to
class m.

The Ldc incorporates both the intra-class loss and inter-
class loss introduced in section 2.2.2, with a hyperparameter
β implemented to achieve balance among the magnitudes.
Notably, employing the mean of the embedded features from
the entire training set as class centers can impose significant
computational burdens, which necessitates defining these class
centers as learnable parameters that are updated in each batch.

Ldc = Lintra + βLinter. (16)

In the sampling adaptation stage, no calculations or updates
are conducted on the class centers within the metric learning
module. Additionally, the parameters of LWC in the feature
extractor remain fixed, allowing only the parameters of the
MCAM and the classifier to be updated. The comprehensive
training process of the model is detailed in algorithm 1.

3. Experiments

3.1. Dataset and parameter settings

The dataset used in this experiment was collected from a three-
plunger reciprocating water-injection pump at an oilfield in
East China, as shown in figure 6.

During data acquisition, the injection pump was operated
at a working pressure of 60 MPa and a working frequency of
50 Hz. A vibration sensor was mounted on the pump head,
with a sampling frequency of 8 192 Hz. The dataset com-
prises operating data of the injection pump under 10 health
conditions; detailed fault-label information and the number of
samples used in the training and testing phases are given in
table 1.

In the experiments, the hyperparameters α and β during the
pre-training phase were set to 0.05 and 10, respectively. The
Adam optimizer was utilized to optimize the feature extractor,
metric learning module, and classifier. The pre-training phase
consisted of 300 epochs with an initial learning rate of 0.01.
To mitigate overfitting, a learning rate scheduler was applied,
halving the learning rate if no decrease in loss was observed for
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Algorithm 1. Training process of an imbalanced-dataset fault diagnosis model integrating metric learning and sampling-adaptation
mechanisms.

Input:
Training dataset D = {X,Y}
Hyperparameter α
Number of pre-training iterations epochpre
Pre-training learning rate for feature extractor & classifier η1
Pre-training learning rate for class centers η2,
Number of sampling-adaptation iterations epochsa,
Sampling-adaptation learning rate for feature extractor & classifier η3
Output:

Optimized feature extractor ˜̃F , Optimized classifier parameters ˜̃G
Training process:
1:Initialize randomly Feature extractor F parameters θF , Classifier G parameters θG , Class centers C = {Cm}Mm=1;
2:Split the training set D, into K mini−batches Bp = {Bk}Kk=1 ofsizeN
3: while t< epochpre do #Pre-training phase
4: for Bk in Bp do
5: For each sample Xi, compute embedding Zi = F (Xi,θF )

6: for embedding Zi, predict class probabilities by classifier Ŷi = G (Zi,θG)
7: compute Lclass by equations (3)–(9), compute Lcenter by equations (3)–(10), compute Ltotal by equations (3)–(11)
8: Update parameters of Feature extractor θF ← θF − η1 ·∇θF Ltotal
9: Update parameters of classifier θG ← θG − η1 ·∇θGLclass

10: Update class center parameters C ← C − η2 ·∇C (αLcenter);
11: end for
12: end while
13: Obtain the feature extractor parameters F̃ , classifier parameters G̃, class center parameters C̃ optimized during the pre-training
phase
14: while t< epochsa do # sampling-adaptation phase
15: Using equations (4)–(6), sample L batches from the training set DBs = {Bl}Ll=1;
16: for Bl in Bs do
17: for each sample in batch Xi, generate embedding Zi = F̃ (Xi,θF̃ ) by feature extractor

Figure 6. Three-piston reciprocating water injection pump.

15 consecutive epochs. During the sampling adaptation phase,
the entire dataset was again utilized as the training set, using
the Adam optimizer with a learning rate of 0.001, and training
for 50 epochs. To simulate a fault diagnosis scenario in a real
industrial environment, Gaussian white noise with a signal-to-
noise ratio (SNR) of 1 is added to the original vibration signals.

Table 1. Details of the water injection pump dataset.

Label Fault type Training samples Testing samples

C0 No Fault 2200 550
C1 Pump head spring failure 2200 550
C2 Journal bearing wear 2200 550
C3 Crosshead wear 2200 550
C4 Plunger wear 2200 550
C5 Pump head looseness 2200 550
C6 Valve core damage 1500 375
C7 Valve body wear 800 200
C8 Belt wear 800 200
C9 Motor eccentricity 800 200

In the experiments, the batch size was set to 64, and the
model’s detailed network parameters are listed in table 2.

To investigate the influence of the hyperparameter α, we
performed a series of sensitivity experiments to balance the
cross-entropy classification loss and the dual-center metric
loss. The results are shown in figure 7. When α is relat-
ively small, the impact of the metric loss is weak and the
model focuses mainly on classification accuracy, while the
structural constraints on the embedding space are insufficient.
As a result, the feature distribution remains blurred, inter-
class overlap is obvious, and misclassification is more likely,
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Table 2. Parameter settings and network layer of the model.

Network layer Parameter settings Output size

Input signal / (64, 1024)
Multi–scale convolutional attention layer Kernel size: 3/5/7

Output channels: 16
(64, 16, 1024)

Pooling layer Pool size: 4 (64, 16, 256)
Multi–scale convolutional attention layer Kernel size: 3/5/7

Output channels: 32
(64, 32, 256)

Pooling layer Pool size: 4 (64, 32, 64)
Multi–scale convolutional attention layer Kernel size: 3/5/7

Output channels: 64
(64, 64, 64)

Convolution layer Kernel size: 3 output channels:
32

(64, 32, 64)

Convolution layer Kernel size: 3 output channels:
16

(64, 16, 64)

Pooling layer Pool size: 4 (64, 16, 16)
Flatten layer / (64, 256)
Fully Connected layer Output neurons: 100 (64, 100)
Output layer Output neurons: 6 (64, 6)

Figure 7. Effect of hyperparameter α on model accuracy.

especially for complex samples. Conversely, when α is too
large, the model relies excessively on the metric loss, over-
emphasizing intra-class compactness and inter-class separa-
tion. This not only compresses feature diversity within classes
but may also spread class boundaries too far apart, lead-
ing to sparse embeddings and a reduced ability to describe
boundary samples. In extreme cases, such over-optimization
damages the adaptability of the model to the classification
task and introduces redundant representations, which reduces
efficiency and practical performance. Taking these findings

into account, we determined that setting α = 0.05 achieves
the best trade-off, with the model reaching an accuracy of
97.11% while effectively balancing classification objectives
and feature-space structuring.

3.2. Comparative experiments

In this section, accuracy, precision, recall, and the F1 score
are selected as evaluation metrics. The comparative experi-
ments include four state-of-the-art fault-diagnosis methods for
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Table 3. Results of comparison experiments.

Model Accuracy Precision Recall F1 Score

CNN-BiLSTM 0.9381 0.9371 0.9566 0.9399
MSCNN 0.9421 0.9452 0.9463 0.9461
SMOTE-CNN 0.9372 0.9359 0.9428 0.9322
MWKCNN 0.9453 0.9427 0.9446 0.9446
WavCapsNet 0.9527 0.9321 0.9536 0.9421
The proposed model 0.9711 0.9732 0.9695 0.9704

mechanical equipment: the multi-scale CNN (MSCNN), the
CNN–bidirectional long short-term memory network (CNN-
BiLSTM), the SMOTE-sampled CNN (SMOTE-CNN), the
multi-wavelet-kernel CNN (MWKCNN) [35] and wavelet-
capsule network (WavCapsNet) [36].

The experimental results in table 3 show that the method
proposed in this paper outperforms all comparison meth-
ods across every metric. Specifically, it achieves an accuracy
of 97.11%, representing improvements of 2.90% and 2.71%
over the traditional CNN-BiLSTM and MSCNN algorithms,
respectively; a 3.38% gain over the SMOTE-CNN that uses
sampling to address data imbalance; and a 2.28% increase
compared to the state-of-the-art MWKCNN integrating mul-
tiple wavelet convolution kernels. On the real imbalanced
injection-pump dataset, this method delivers the best overall
classification performance.

The detailed classification confusionmatrix of the proposed
method is shown in figure 8. From the results, it can be seen
that, except for C8 (belt wear), whose diagnostic accuracy is
relatively lower, the model achieves over 95% accuracy on all
other fault categories. The reduced performance on C8 can be
attributed to the inherently weak and gradual vibration char-
acteristics of belt wear, which are more easily obscured by
background noise compared with the strong impact signatures
of bearing or gear faults. Moreover, the spectral features of
belt wear partially overlap with those of other rotating faults,
leading to confusion in the embedding space, while the rel-
atively limited number of C8 samples constrains the model’s
ability to capture sufficient intra-class variability. Together,
these factors explain the increased misclassification rate for
belt wear. Overall, despite this challenge, the method proposed
in this paper delivers excellent fault-diagnosis performance on
the real injection-pump dataset.

In addition, to more intuitively evaluate the model’s per-
formance in feature extraction and classification at different
stages, this section employs the T-SNE algorithm for data visu-
alization, as shown in figure 9.

In the T-SNE plot of the raw data, samples from different
classes are scattered, highly mixed, and show large intra-class
dispersion, indicating severe intra-class variance and inter-
class overlap in the high-dimensional space, which makes dir-
ect classification difficult.

After feature extraction and optimization by the metric
learning module, the T-SNE visualization in the embedding
space shows a clear change: samples from the same class
gradually cluster together, while the boundaries between dif-
ferent classes become clearer. This demonstrates that the

Figure 8. Confusion matrix of proposed method.

model effectively captures intrinsic class-specific features
while enhancing inter-class separability, confirming the role of
the dual-center loss in improving the embedding distribution.

Finally, in the T-SNE visualization of the fully connected
layer, data points form compact clusters with further enlarged
inter-class margins. The separability between health states
reaches its best, indicating that the model ultimately achieves
strong clustering and class separation, enabling accurate fault
recognition and classification.

To further investigate the contribution of each compon-
ent in the proposed method, we conducted ablation studies.
LMFE denotes the baseline model that retains only the feature
extractor while removing both the metric learning module and
the sampling-adaptation mechanism. LMFE-CBBSM denotes
the model without the metric learning module, and LMFE-
DCL denotes the model without the sampling-adaptation
mechanism.

As shown in table 4, when only the proposed feature
extractor is employed, the model achieves an accuracy of
96.06%, already surpassing the comparison models, demon-
strating that this module greatly enhances fault feature extrac-
tion capability. On this basis, incorporating the metric learn-
ing module and the sampling-adaptation mechanism further
improves accuracy by 0.75% and 0.49%, respectively. When
both modules are integrated simultaneously, the accuracy
improves by 1.05%, which verifies the effectiveness of each
component in the proposed framework.

3.3. Impact of the degree of dataset imbalance on model
performance

To investigate the effect of dataset imbalance on model
performance, this subsection randomly samples the original
injection-pump dataset at different imbalance ratios for com-
parative experiments. Here, the imbalance ratio is defined as
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Figure 9. T-SNE visualization of feature extraction and classification performance at different stages.

Table 4. Results of ablation experiments.

Model Accuracy Precision Recall F1 Score

LMFE 0.9606 0.9647 0.9601 0.9613
LMFE-CBBSM 0.9655 0.9676 0.9657 0.9663
LMFE-DCL 0.9681 0.9744 0.9653 0.9697
The proposed model 0.9711 0.9732 0.9695 0.9704

the ratio of the number of samples in the majority classes (C0–
C5) to that in the minority classes (C6–C9). In the experi-
ments, the test-set sample counts for all classes are kept the
same as before. The training-set sample count for the majority
classes is held constant at 2200, while the training-set sample
count for the minority classes varies with the imbalance ratio.

Figure 10 shows the diagnostic accuracy and F1 score for
each model, the model TripletNet [37] using traditional met-
ric learning method is also introduced to compare. As the
imbalance ratio increases, both accuracy and F1 score of all
models exhibit a downward trend. However, under all imbal-
ance conditions, the proposed method outperforms the com-
parison models-especially at high imbalance ratios, where
its diagnostic performance advantage is most pronounced-
demonstrating the robustness of our model and its capability
to address imbalanced fault diagnosis in real-world injection-
pump scenarios.

Among all the comparison methods, the classical fault dia-
gnosis model CNN-BiLSTM showed the most pronounced
performance degradation. When the SNR dropped to 3 dB
or below, its accuracy and F1-score rapidly fell below 70%,
indicating that traditional deep learning models have lim-
ited robustness under strong noise interference. In contrast,
TripletNet and DSML, both metric-learning–based meth-
ods, performed relatively better, demonstrating the effective-
ness of metric learning in fault diagnosis tasks, especially
under noisy conditions where noise resistance was partially
improved. Notably, the proposed dual-center-loss–based met-
ric learning method exhibited strong noise robustness under
all SNR levels, with smaller declines in accuracy and F1-
score. Even when the SNR was reduced to 0 dB, our method
still maintained a clear advantage, outperforming the current
best baseline by 2.88% in accuracy and 3.22% in F1-score.

These results verify the superiority of the proposed method
and highlight its potential for practical engineering applica-
tions in complex noisy environments.

3.4. Model performance evaluation on public datasets

To comprehensively evaluate the model’s generalization cap-
ability, this subsection conducts detailed performance tests
using the publicly available centrifugal multistage impeller
blower dataset [38, 39]. The physical test rig, shown in
figure 11, is a well-established experimental platform that sim-
ulates typical rotating machinery faults under controlled oper-
ating conditions, making it suitable for benchmarking intelli-
gent fault-diagnosis methods. This dataset contains five health
states: healthy condition (C0), bearing outer-race fault (C1),
bearing inner-race fault (C2), bearing rolling-element fault
(C3), and gear fault (C4). Among them, C0–C2 are defined
as majority-class samples, while C3 and C4 are relatively rare
and serve as minority-class samples, which closely reflects
the class-imbalance characteristics encountered in real-world
industrial scenarios. The vibration signals are collected using
acceleration sensors installed on the blower housing, covering
both normal and fault operating states under stable speed and
load conditions.

Detailed fault-label information and the number of train-
ing and testing samples for each category are summarized in
table 5. Specifically, each majority class (C0–C2) contains
720 training samples and 180 testing samples, while each
minority class (C3–C4) includes 240 training samples and
60 testing samples. This balanced experimental design allows
us to rigorously assess the model’s performance not only on
dominant classes but also on underrepresented fault types,
thereby highlighting its robustness in imbalanced learning
scenarios.

In the generalization experiments, the hyperparameters α
and β during the pre-training phase were set to 0.05 and
10, respectively. The Adam optimizer was utilized to optim-
ize the feature extractor, metric learning module, and classi-
fier. The pre-training phase consisted of 300 epochs with an
initial learning rate of 0.01. To mitigate overfitting, a learn-
ing rate scheduler was applied, halving the learning rate if
no decrease in loss was observed for 15 consecutive epochs.
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Figure 10. Performance of the models at different imbalance rates.

Figure 11. Test rig of centrifugal multi-stage impeller blower.

Table 5. Details of the public dataset.

Label Fault type Training samples Testing samples

C0 No fault 720 180
C1 Bearing outer race

fault
720 180

C2 Bearing inner race
fault

720 180

C3 Bearing Rolling
Element Fault

240 60

C4 Gear fault 240 60

During the sampling adaptation phase, the entire dataset was
again utilized as the training set, using the Adam optimizer
with a learning rate of 0.001, and training for 50 epochs.
Furthermore, to simulate fault-diagnosis scenarios in real
industrial environments, Gaussian white noise with a SNR
of 1 was added to the raw vibration signals. The experi-
mental results are presented in table 6. The proposed method
achieved an accuracy of 99.29%, representing improvements
of 3.52%, 2.71%, 4.14%, and 0.81% over CNN-BiLSTM,
MSCNN, SMOTE-CNN, and MWKCNN, respectively, and
also attained the highest performance on all other evaluation
metrics, fully demonstrating its effectiveness on the public
dataset.

Table 6. Results of comparison experiments on public dataset.

Model Accuracy Precision Recall F1 Score

CNN-BiLSTM 0.9577 0.9570 0.9577 0.9578
MSCNN 0.9658 0.9661 0.9658 0.9658
SMOTE-CNN 0.9515 0.9520 0.9515 0.9514
MWKCNN 0.9632 0.9652 0.9744 0.9542
WavCapsNet 0.9757 0.9498 0.9676 0.9618
The proposed method 0.9929 0.9931 0.9929 0.9929

4. Conclusion

To address the challenges of extracting key fault features in
real-world injection-pump scenarios and the severe imbal-
ance in historical datasets, this paper proposes an imbalanced-
fault-diagnosis method that integrates metric learning with
a sampling-adaptation mechanism. The effectiveness and
superiority of this approach are validated on both a real
injection-pump dataset and a public dataset. The main con-
tributions are:

1. Development of a feature extractor based on Laplacian
wavelet convolution and a MCAM, which effectively cap-
tures fault information at different scales of the input sig-
nal and adaptively assigns weights, greatly enhancing fea-
ture fusion and overall network performance. Experimental
results show that the proposedmethod achieves an accuracy
of 99.29% on the public dataset, demonstrating its ability to
handle real-world industrial scenarios with added Gaussian
noise, and outperforming traditional models in accuracy.

2. Introduction of a metric learning module under the metric-
learning framework, driven by a dual-center loss. By
adding inter-class loss terms for samples, it effectively
expands decision boundaries in the embedding space,
improving the model’s fault-distinction capability in com-
plex data environments. Under a severe imbalance ratio
of 50:1, the model achieves a fault diagnosis accuracy of
86.94%, showcasing its robustness and superior perform-
ance even under challenging data imbalance conditions.

3. Proposal of a CBBSM that, without adding excessive com-
putational burden, significantly reduces the negative impact
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of dataset imbalance on model performance. This mechan-
ism offers an important solution for injection-pump fault
diagnosis in engineering applications. On a real injection-
pump dataset, the method achieves 97.11% accuracy,
demonstrating clear advantages over mainstream models,
further confirming the proposed method’s efficacy in real-
world applications.

Future work will extend to injection-pump fault diagnosis
in multi-sensor scenarios. Building on this method, the model
will be further optimized to enrich its ability to process multi-
source information, further enhancing its value for diagnosing
faults in industrial-site injection pumps.
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