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Abstract

Accurate prediction of the state trend of pumped storage units (PSUs) is essential for timely
anomaly detection and preventive maintenance to improve the overall economic performance of
power plants. Nevertheless, the complex and time-varying characteristics of PSU vibration data
increase the difficulty of accurately modeling their dynamic evolution. In response to this prob-
lem, an integrated vibration trend prediction (VTP) method for PSUs is developed by combining
a temporal-enhanced generative adversarial network (TEGAN) with an improved bidirectional
long short-term memory network (IBiLSTM). Firstly, TEGAN expands the original dataset by
synthesizing artificial samples, thereby improving the structural diversity and representative-
ness of vibration data. Within TEGAN, a temporal characterization (TC) module is designed to
collaboratively guide the generator and the discriminator, while a data processing module is
adopted to incorporate structural priors into the learning process. Secondly, variational mode
decomposition (VMD) is applied to decompose the original vibration data into intrinsic modes,
followed by PSR to reconstruct the components of each modality into a higher-dimensional state
space representation. Subsequently, by incorporating the proposed multi-order Kolmogorov–
Arnold network (M-KAN) for high-order nonlinear fitting, IBiLSTM is employed to model each
reconstructed sub-sequence. Finally, the outputs of all sub-sequences are aggregated to produce
the final VTP results. The comparative evaluation verifies the advantages of the developed
method in terms of prediction accuracy and robustness for PSU vibration trend forecasting.

Keywords: PSUs; vibration trend prediction; temporal generative adversarial network;
VMD; IBiLSTM

1. Introduction
In recent decades, the increasing frequency of extreme weather events has led to greater

variability and uncertainty in energy supply, thereby accelerating the transition toward
low-carbon and sustainable energy systems [1]. Driven by global climate strategies, large-
scale deployment of renewable energy has been actively promoted worldwide [2]. Among
various renewable sources, wind and solar power have achieved rapid development and
large-scale integration. Nevertheless, their inherent intermittency and variability introduce
new challenges to grid stability and operational security. To address these issues, pumped
storage plants, as a mature and economically viable energy storage solution, have been
employed to enhance power system stability, including peak shaving, valley filling, and
frequency regulation [3,4].
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In the operation and maintenance of pumped storage power stations, as the operational
life of pumped storage units (PSUs) increases, the structural integrity and operational
condition of PSUs progressively degrade. This poses a potential threat to the operational
safety of the power station and the overall stability of the power system [5]. Generally,
this degradation is manifested in vibration data, which serve as a reliable indicator of unit
health status. Therefore, accurate vibration trend prediction of PSUs is critical. However,
the vibration data of PSUs is inherently nonlinear and non-stationary due to multiple
sources of interference, structural coupling, and varying operating conditions, which poses
significant challenges to accurate trend prediction. Thus, developing an efficient vibration
trend prediction model with robust generalization capability has become essential for
ensuring the long-term stable operation of PSUs.

Existing studies on vibration trend modeling of PSUs can be broadly categorized into
machine learning (ML) methods and deep learning (DL) methods. ML methods typically
rely on feature engineering applied to historical vibration data and regression models such
as support vector machine (SVM), random forest (RF), and kernel extreme learning machine
(KELM) for trend prediction [6–8]. These methods achieve high computational efficiency in
cases with small sample sizes, well-defined features, and low noise levels. However, given
the inherent nonlinearity of vibration data, ML methods often struggle to deliver precise
forecasts while maintaining reliable adaptability across different operating conditions.

With the rapid development of AI, DL has emerged as a key approach for time series
prediction and has been extensively studied in wind power, solar energy, and other energy-
related domains [9–14]. In pumped storage applications, the integration of deep learning
with signal processing and optimization techniques has attracted growing attention for
the vibration trend forecasting of PSUs. For example, to overcome the sensitivity of
conventional variational mode decomposition (VMD) to parameter configuration, Lu
et al. [15] introduced an adaptive decomposition scheme that enhances the quality of signal
decomposition. Yan et al. [16] combined VMD with a recursive method to develop a multi-
step prediction model for forecasting the vibration trends in hydropower units. Hu et al. [17]
developed a novel framework that integrated VMD optimized by bat algorithm with
wavelet threshold denoising. This framework enhanced the quality of signal decomposition,
effectively suppressed noise, and achieved high-precision vibration trend prediction.

Although the aforementioned methods can accurately predict vibration trends, they
are constrained by the limited diversity of vibration data distribution, leading to poor gen-
eralization to previously unseen dynamic patterns under real-world operating conditions.
Generative adversarial networks (GANs), known for their powerful sample generation ca-
pabilities, have been widely applied in data augmentation tasks [18]. Through the synergy
between the discriminator and the generator, GANs effectively enhance the diversity of data
distributions, thereby improving the model’s ability to capture complex vibration patterns.
However, traditional GANs rely solely on random noise vectors for sample generation and
lack mechanisms to guide the generation toward specific target characteristics, resulting in
highly stochastic and uncontrollable outputs. Conditional GANs (CGANs) address this
limitation by introducing class labels or domain features as conditional variables, which
are incorporated into both the generator and the discriminator during training [19]. Never-
theless, training instability and mode collapse remain significant challenges for CGANs,
particularly under complex or sparsely sampled conditional spaces. To further alleviate
these issues, Wasserstein GAN with gradient penalty (WGAN-GP) incorporates gradient
penalty term into the discriminator loss function, thereby enhancing discriminator stability
and effectively mitigating mode collapse [20]. Although these generative models can pro-
duce synthetic samples, their limited ability to capture latent data characteristics restricts
the quality of the generated samples.
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To further clarify the research gap between existing vibration trend prediction (VTP)
methods and the proposed method, a comparative summary is provided in Table 1.

Table 1. Comparison of representative vibration trend prediction methods.

Reference Method Characteristics Limitations

[17] BA-VMD + LSTM
LSTM is employed to model
temporal dependencies for
vibration trend prediction.

LSTM has limited capability in
capturing complex nonlinear
degradation characteristics.

[21] EEMD +
IDBO-CNN-LSTM

CNN-LSTM is introduced to
enhance local feature extraction and

temporal dependency modeling.

CNN-LSTM mainly focuses on
local feature extraction and lacks
sufficient capability for complex

nonlinear representation.

[22] WGAN-GP + VMD +
FBiLSTM

WGAN-GP is used for data
augmentation, and KAN enhances
the nonlinear mapping ability of

the model

Conditional generation can provide
richer temporal guidance, while the

model still lacks effective local
feature extraction capability.

This paper TEGAN + VMD + IBiLSTM

TEGAN performs temporal-guided
data augmentation, and M-KAN

adaptively integrates convolutional
features with multi-order

Chebyshev representations.

As summarized in Table 1, recent studies have demonstrated that integrating LSTM,
CNN, or KAN with signal decomposition techniques can effectively improve VTP accu-
racy. Specifically, LSTM-based models exhibit superior capability in modeling temporal
dependencies, CNN-based architectures enhance local feature extraction, and KAN further
strengthens nonlinear function approximation. Nevertheless, an effective fusion strategy
that combines CNN-based local feature extraction with KAN-based multi-order nonlinear
mapping within a unified module remains insufficiently explored. To address this gap,
the proposed M-KAN incorporates deep convolution, multi-order Chebyshev polynomial
mapping, and a gated fusion mechanism into a unified architecture, enabling adaptive
fusion and joint optimization of local patterns and high-order nonlinear representations.

Meanwhile, WGAN-GP-based data augmentation has been proven effective in enrich-
ing vibration data distribution and improving prediction robustness. Building upon this
framework, incorporating temporal structural representations as conditional information
can provide the generator with richer temporal information and improve the quality of
synthesized samples for vibration trend prediction. Based on the preceding analysis, a VTP
method for PSUs is developed by integrating a temporal-enhanced generative adversarial
network (TEGAN) with improved bidirectional long short-term memory (IBiLSTM). Firstly,
TEGAN is employed to generate synthetic vibration samples, thereby effectively increasing
diversity and representativeness of the vibration dataset. Then, the original vibration data
is decomposed into multiple intrinsic mode components via VMD, followed by phase space
reconstruction (PSR) to embed each subsequence into a higher-dimensional state space
representation. Subsequently, the reconstructed subsequences are fed into IBiLSTM for
temporal modeling, enhanced by multi-order Kolmogorov–Arnold network (M-KAN) for
high-order nonlinear fitting, yielding the final prediction results. Finally, the final PSU
vibration trend is obtained by aggregating the prediction results of all subsequences. The
main contributions are summarized as follows:

(1) TEGAN is proposed to augment time series samples and enhance the diversity of
data distributions. Firstly, K-means clustering is employed to categorize the original
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vibration sequences into distinct patterns. Then, a temporal characterization (TC)
module is designed to learn the feature distributions associated with each category.
Guided by the information from TC, the generator performs conditional synthesis
of samples corresponding to distinct structural patterns, thereby producing more
targeted and diverse data. Meanwhile, the temporal representations extracted by the
TC module are embedded into the discriminator as conditional conditions to jointly
assess the structural consistency and authenticity of the generated data.

(2) By embedding the multi-order Kolmogorov–Arnold network (M-KAN) module
within IBiLSTM, the proposed method can more effectively capture the complex
nonlinear and non-stationary characteristics of PSUs’ vibration patterns.

(3) A novel vibration trend forecasting method is developed, integrating TEGAN-based time
series data augmentation with IBiLSTM network. Experiment results demonstrate that
the proposed method significantly achieves the predictive accuracy of vibration trends,
providing an effective approach for subsequent engineering applications.

2. Methodological Foundations
2.1. VMD

As an adaptive decomposition method, VMD separates complicated non-stationary
data into a limited set of intrinsic mode functions, all of which possess narrow bandwidths
and well-separated central frequencies [23]. Its formulation is as follows:⎧⎪⎪⎪⎨⎪⎪⎪⎩

min
{uk},{ωk}

{︄
K
∑

k=1

⃦⃦⃦⃦
∂t

[︃(︃
δ(t) +

j
πt

)︃
uk(t)

]︃
e−jωkt

⃦⃦⃦⃦2

2

}︄
s.t.

K
∑

k=1
uk(t) = f (t)

(1)

where f (t) is raw data, uk(t) represents the k-th decomposed mode, ωk is its corresponding
center frequency, and t denotes time.

The constrained optimization problem is transformed into augmented Lagrange func-
tion L, which is calculated as follows:

L({uk}, {ωk}, λ) =

α
K
∑

k=1

⃦⃦⃦⃦
∂t

[︃(︃
δ(t) +

j
πt

)︃
uk(t)

]︃
e−jωkt

⃦⃦⃦⃦2

2

+

⃦⃦⃦⃦
f (t)−

K
∑

k=1
uk(t)

⃦⃦⃦⃦2

2
+

⟨︃
λ(t), f (t)−

K
∑

k=1
uk(t)

⟩︃ (2)

The mode functions uk(t) and center frequency ωk are obtained via ADMM-based
iterative updates as follows:

ûn+1
k (ω) =

f̂ (ω)− ∑
i ̸=k

ûi(ω) +
λ̂(ω)

2

1 + 2α(ω−ωk)
2 (3)

ωn+1
k =

∫︁ ∞
0 ω|ûk(ω)|2dω∫︁ ∞

0 |ûk(ω)|2dω
(4)

λ̂n+1(ω) = λ̂n(ω) + γ

[︄
f̂ (ω)−∑

k
ûn+1

k (ω)

]︄
(5)

where n denotes the number of iterations, and f̂ (ω), ûi(ω), λ̂(ω) and ûn+1
k (ω) denote the

Fourier-domain representations of f (t), ui(t), λ(t) and un+1
k (t), respectively.
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2.2. PSR

PSR transforms the original series into a reconstructed state space using delay em-
bedding, thereby revealing the underlying system dynamics [24]. The expression is as
follows:

X =
[︂

X1 X2 · · · XL

]︂T

=

⎡⎢⎢⎢⎢⎢⎢⎢⎣

x1 x1+τ · · · x1+(d−1)τ
...

...
. . .

...
xi xi+τ · · · xi+(d−1)τ
...

...
. . .

...
xN−(d−1)τ xN−(d−2)τ · · · xN

⎤⎥⎥⎥⎥⎥⎥⎥⎦
(6)

The corresponding target matrix is constructed as

Y =
[︂

X1+(d−1)τ X2+(d−1)τ · · · XN

]︂T
(7)

3. TEGAN-IBiLSTM
3.1. TEGAN
3.1.1. Data Processing Module

To endow TEGAN with initial classification capability in the absence of labeled data,
an unsupervised data processing module based on pseudo-labels is proposed. Specifically,
the vibration data is segmented into N equal-length time series segments, each of length T,
and each segment is then flattened into one-dimensional vector for subsequent analysis.
K-means clustering is then applied to assign pseudo-labels, which are used as supervisory
signals for subsequent model training [25]. Considering that the pseudo-labels are only
intended to provide weak structural guidance for learning temporal characterization repre-
sentations, they are exclusively used to pretrain the TC module. After pretraining, the TC
module is frozen during adversarial training, ensuring that the pseudo-labels only affect
the representation learning stage and do not directly constrain the generator optimization.

To reduce bias caused by imbalanced pseudo-label distributions, weighted sampling
mechanism based on class occurrence count is introduced. The sampling weight for the
i-th sample is defined as follows:

wi =
1

fyi + ε
(8)

where fyi represents the number of instances belonging to category yi and ε is a smoothing
term introduced to prevent division by zero. The sampling probabilities are obtained
by normalizing the sampling weights wi, enhancing the classifier’s ability to identify
underrepresented trend categories.

3.1.2. TC Module

The TC module is designed to extract representative temporal features that characterize
the structural patterns of vibration sequences. First, an LSTM network is employed to
capture sequential dependencies, followed by a multi-layer perceptron (MLP) to map these
dependencies into high-level feature representations. To enhance feature discriminability,
classification loss based on pseudo-labels derived from K-means is introduced to guide the
TC module in learning discriminative temporal representations. Finally, learned temporal
representations are used to guide the generator in producing structure-consistent samples,
while being incorporated into the discriminator as conditional information to improve the
quality of the generated data.

https://doi.org/10.3390/a19080698

https://doi.org/10.3390/a19080698


Algorithms 2026, 19, 698 6 of 23

By introducing a gating mechanism, LSTM effectively improves the stability of
RNNs [26]. As a result, the LSTM is well-suited for modeling vibration data with temporal
dependencies, as it preserves relevant information while effectively filtering out irrelevant
components. The architecture of the LSTM is shown in Figure 1.

 

Figure 1. LSTM architecture diagram.

Forget gate controls what information from the previous cell state Ct−1 should be
discarded, and its output is given by

ft = σ(W f ·[ht−1, xt] + b f ) (9)

where xt represents the current input vector, ht−1 contains the contextual information
transferred, Wf and bf are optimized during training to control the gate behavior, and σ

enables adaptive filtering of historical information.
The input gate regulates the storage of newly introduced information in the cell state.

It is given by
Ct = ft·Ct−1 + it ˜︁Ct (10)˜︁Ct = tanh(Wc·[ht−1, xt] + bc) (11)

it = σ(Wi·[ht−1, xt] + bi) (12)

The output gate controls the contribution of the cell state to the current output repre-
sentation ht, which is expressed as

ot = σ(Wo·[ht−1, xt] + bo) (13)

ht = ot·tanh(Ct) (14)

where Ct preserves historical information. In contrast, ht summarizes the current network
state and serves as the immediate representation used for output generation.

MLP architecture includes fully connected layer with ReLU activation, Dropout, and
final linear output layer that produces K-dimensional logits, which are transformed into
a probability distribution via softmax function. This distribution is used as conditional
information for both the generator and discriminator in TEGAN. The architecture of MLP
is illustrated in Figure 2.
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Figure 2. MLP architecture diagram.

3.1.3. CGAN

To enhance the generator’s control over structural patterns in the data, a conditional
mechanism is introduced within GAN, leading to the construction of CGAN [27]. Specif-
ically, the probability vectors output by the TC module are used as conditional inputs
to guide the generator in synthesizing samples that reflect specific temporal structural
characteristics. Meanwhile, the discriminator incorporates these conditional probabilities
as conditional information, improving its capacity to jointly evaluate the authenticity of
generated samples and their consistency with the specified structural categories. The
architecture of CGAN is shown in Figure 3.

Figure 3. CGAN architecture diagram.

Traditional CGAN optimizes the adversarial objective using a probability-distribution
discrepancy measure. When the generated and real distributions are significantly separated,
the optimization process may suffer from weak gradients, resulting in unstable convergence
and reduced sample diversity. To address the issue, TEGAN introduces Wasserstein
distance as an optimization objective, enhancing the stability of training and improving
the convergence between the generator and the discriminator [28,29]. The corresponding
formulation is given as

W(Pr, Pg) = inf
y∈∏(Pr ,Pg)

E(x,y)∼γ[c(x, y)] (15)

where Pr and Pg correspond to the distributions of observed and synthesized samples,
respectively. γ denotes the collection of admissible coupling distributions linking the two
domains, and c (x, y) measures the transportation effort required to transform a sample x
into y.

To enforce the Lipschitz constraint, the following penalty term is introduced:

LGP = Ex̂∼Px̂ [(∥∇x̂D(x̂)∥2 − 1)2] (16)

where x̂ denotes a point sampled along the line segment connecting real and synthesized
instances. D(x̂) is the discriminator output evaluated at x̂, and ∇x̂D(x̂) denotes its local
derivative with respect to the input.
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3.1.4. Self-Attention Module

As illustrated in Figure 4, self-attention is a fundamental mechanism in DL that
dynamically adjusts the relevance of each element by computing its relationship with all
other elements in the input sequence [30]. The core principle of self-attention is to capture
dependencies between different positions in a sequence by computing a weighted sum of
the value vectors, where the weights are derived from the similarity between query and
key representations.

 

Figure 4. Self-attention architecture diagram.

Let X = {x1, x2, · · · , xn} denote an input vibration sequence with length n, where each
element xi∈ Rd corresponds to the feature vector at the i-th position in the sequence. In
a standard self-attention mechanism, the query, key, and value are first obtained through
three separate linear transformations, which are defined as follows:

Q = XWQ, K = XWK, V = XWV (17)

where WQ, WK and WV are the learnable parameters.
Subsequently, the similarities between the queries and keys are computed to determine

the relationships among elements. The dot product is typically used to measure the
similarity between a query and a key. The corresponding formula is defined as follows:

Attention(Q, K) =
QKT
√

dk
(18)

where
√

dk is the scaling factor.

3.1.5. Overall Architecture of TEGAN

TEGAN incorporates an unsupervised data processing stage to provide supervisory
signals, based on which the TC module models vibration sequences and captures temporal
dependencies via LSTM. The extracted features are then passed through MLP to output a
probability distribution over structural category. This distribution serves as a conditional
input for both the generator and the discriminator. Conditioned on both random noise
and the probability distribution provided by the TC module, the generator first employs a
self-attention module to focus on critical time series segments. Subsequently, representative
vibration data samples exhibiting temporal characteristics are generated. Furthermore,
the discriminator, while evaluating the authenticity of input vibration data, incorporates
the probability vectors from the TC module as conditional inputs, thereby enhancing the
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consistency between the generated samples and the learned temporal structural distribution.
The architecture of TEGAN is illustrated in Figure 5.

Generator
Self-Attention

(Layer)

Random 

Z
Samples

Samples

Discriminator Loss
Real

Fake

Trend prob

Trend prob

Pre-training
 KMeans  

Real data

Figure 5. TEGAN architecture diagram.

3.2. IBiLSTM
3.2.1. BiLSTM

BiLSTM models temporal dependencies using forward and backward LSTM branches,
enabling more comprehensive temporal representation [31]. The structure of BiLSTM is

shown in Figure 6, comprising two parallel LSTMs, which process forward sequence
→
h t

and reverse sequence
←
h t, respectively. The calculation is as follows:

→
h t = f (W f xt + U f

⇀
h t−1 + b f ) (19)

←
h t = f (Wbxt + Ub

←
h t−1 + bb) (20)

where W, U, and b denote the learnable parameters associated with the bidirectional recur-
rent structure. The arrows indicate the information flow in opposite temporal directions.

Figure 6. BiLSTM structure diagram.

The network integrates contextual features learned from past and future sequences to
generate the hidden representation ht. The resulting output can be expressed as

ht =

[︃→
h t;
←
h t

]︃
(21)

3.2.2. M-KAN Layer

By representing a multivariate function as a combination of several univariate func-
tions, the Kolmogorov–Arnold network (KAN) effectively enhances the modeling of high-
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dimensional data [32]. The overall structure is depicted in Figure 7. KAN can be expressed
as follows:

f (x) = f (x1, x2, · · · , xn)

=
2n+1

∑
q=1

ϕq

(︄
n
∑

p=1
φq,p(xp)

)︄
(22)

where φq,p and ϕq denote nonlinear transformation functions involved in the representation
process.

Figure 7. KAN structure diagram.

During training, spline coefficients are automatically refined to enhance the model’s
representation flexibility. The corresponding mapping function is given by

ϕ(x) = w(b(x) + spline(x)) (23)

b(x) = silu(x) =
x

(1 + e−x)
(24)

spline(x) = ∑
i

ciBi(x) (25)

where Bi(x) denotes the corresponding B-spline basis function.
To improve the nonlinear representation capability, Huang et al. [33] proposed

TimeKAN, which includes an M-KAN module that integrates convolutional features with
multi-order Chebyshev KAN representations. Considering the computational cost and the
characteristics of PSU vibration data, the frequency decomposition and frequency mixing
components in the original framework are removed to reduce computational complexity.
Based on this simplified architecture, the proposed M-KAN further improves the feature
fusion mechanism of the original framework by introducing an adaptive weighting strategy.
Different from the original M-KAN, which directly combines convolutional features and
KAN representations, the proposed method enables more flexible integration of nonlinear
and local features according to the characteristics of input vibration data. Furthermore, a
learnable residual weighting mechanism and layer normalization are incorporated to en-
hance feature fusion stability and improve model convergence. The structure of the MKAN
layer is shown in Figure 8. As illustrated in Figure 8, the M-KAN layer comprises several
key components, including M-KAN, deep one-dimensional convolution (D-Conv), residual
weighting module, and layer normalization (Layer Norm). Specifically, M-KAN employs
multiple feature branches with varying orders, where each branch models the nonlinear
relationships between features using Chebyshev polynomials of the corresponding order,
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enabling multi-level modeling from low to high orders. The Chebyshev polynomial used
can be defined as follows:

Tn(x) = cos(n·arccos(x)) (26)

where n is the highest degree of the Chebyshev polynomial, with model complexity in-
creasing as the polynomial degree rises.

 
Figure 8. M-KAN Layer structure diagram.

The Chebyshev KAN of one layer can be formulated as follows:

ϕo(x) =
D

∑
j=1

n

∑
i=0

θo,j,iTi(tanh(xj)) (27)

KAN(x) =

⎧⎪⎪⎨⎪⎪⎩
ϕ1(x)

...
ϕD(x)

⎫⎪⎪⎬⎪⎪⎭ (28)

where o denotes the output neuron, D represents the polynomial order, and θ is the learnable
coefficient in the linear combination of Chebyshev polynomial.

A gated network is introduced to assign dynamic weights to the outputs of Chebyshev-
KAN branches corresponding to different polynomial orders. Specifically, global statistical
features of the input, such as the mean and maximum, are extracted and processed by a
fully connected layer with Softmax normalization to obtain fusion weights. These weights
are then used to adaptively fuse the outputs of each branch. To enhance the ability of the
model to capture local patterns in time series, the M-KAN layer incorporates a D-Conv
module. The process of D-Conv is as follows:

fi,1 = ConvD→D( fi, group = D) (29)

Simultaneously, the outputs of the multi-order Chebyshev KAN branches and the
D-Conv branch are combined via residual fusion, where the fusion weights are learnable
parameters optimized during training. A layer norm is further applied to enhance training
stability and ensure feature consistency. The formula for residual weighting is as follows:

Y = αXKAN + (1− α)XConv (30)
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where α is a learnable parameter that adaptively controls the proportion of information
contributed by the M-KAN and D-Conv branches during training.

3.2.3. Multi-Network Integration

To enhance the modeling capability for non-stationary vibration data of PSUs, this
paper proposes IBiLSTM that integrates BiLSTM with M-KAN. The model first employs
BiLSTM to capture temporal dependencies in the input sequence. The extracted features
are then fed into the M-KAN layer, which adaptively models multi-order nonlinear rela-
tionships. Finally, the refined feature representations generated by the M-KAN layer are
subsequently passed to a fully connected layer to produce the final prediction results. The
structure of IBiLSTM is shown in Figure 9.

 
Figure 9. IBiLSTM structure diagram.

4. The Overall Framework of the Proposed Method
Non-stationary characteristics in PSUs vibration data pose significant challenges for

accurate trend prediction. To address this issue, TEGAN and IBiLSTM are combined to
construct an effective vibration forecasting method. The overall process is illustrated in
Figure 10. The procedure can be summarized as follows:

Step 1: The raw vibration data of PSUs are acquired, and TEGAN is then applied to
generate additional samples, thereby enriching the data distribution.

Step 2: Decomposition of the composite data by VMD.
Step 3: Phase space reconstruction of each subsequence via PSR.
Step 4: Feeding the processed subsequences into the proposed IBiLSTM to obtain

individual predictions.
Step 5: Aggregate the VTP results of all subsequences to obtain the final VTP of PSUs.
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Figure 10. Overall prediction workflow.

5. Experimental Analysis
5.1. Data Description and Preprocessing

Vibration data collected from a pumped storage unit in China are used in this study.
Specifically, Y-axis vibration data from the lower frame structure (LFS) of Unit 2#, along with
the X-and Y-axis vibration data from the lower guide bearing (LGB) of Unit 3#, are selected
for vibration trend prediction analysis. Prior to model training, the proposed TEGAN is
employed to generate additional vibration samples with enhanced distribution diversity.
These generated samples are then fused with the original measured data to construct an
augmented dataset, which is subsequently used for model training and evaluation.

The vibration data were collected from the PSUs during 1 March and 30 June 2024
under normal operating conditions with sampling interval of 15 min. Considering the influ-
ence of unit start–stop processes and abnormal data, incomplete and abnormal operating
periods were removed during data preprocessing, and only continuous and valid operating
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data were retained. A total of 3045 valid samples were obtained. Considering the conti-
nuity of vibration trends in time series prediction, the first 1200 consecutive samples were
selected as the original training dataset. In addition, vibration data collected from 1 De-
cember to 15 December 2024 were processed using the same data screening procedure, and
300 valid samples were reserved as an independent testing dataset for final performance
evaluation. To prevent data leakage, the testing samples were completely isolated before
the data augmentation process and were not involved in the training of either TEGAN
or WGAN-GP. Based on the original training dataset, both TEGAN and WGAN-GP were
employed for data augmentation, and 450 synthetic samples were incorporated into the
training dataset. Before model training, the vibration data were preprocessed using LOESS
smoothing for noise reduction and Z-score normalization for feature scaling.

5.2. The Value of K

To effectively evaluate the impact of the clustering number K on the quality of gener-
ated samples in TEGAN and determine an appropriate clustering configuration, the silhou-
ette coefficient was employed to assess the clustering validity on three datasets. The results
are presented in Figure 11. Considering both intra-cluster compactness and inter-cluster
separability, the candidate range of K was set to [3,12]. As shown in Figure 11, by jointly
considering the silhouette coefficient evaluation and practical engineering knowledge re-
garding vibration pattern categorization, the clustering number was finally determined as
K = 4.

 
(a) 

(b) (c) 

Figure 11. Silhouette coefficient: (a) Y-axis of LFS (b) X-axis of LGB; (c) Y-axis of LGB.

5.3. Vibration Data Decomposition

To address the nonlinearity and non-stationarity of vibration data, VMD is applied to
decompose complex data. To improve parameter selection, particle swarm optimization
is integrated with VMD, and permutation entropy is utilized as the objective function
during the search process. The optimized parameters are determined as follows. For Y-axis
vibration data of the lower frame structure, the optimal values are K = 9 and α = 2822, as
shown in Figure 12a. For the lower guide bearing, the X-axis and Y-axis data yield optimal
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configurations of K = 6 and α = 2513 and K = 10 and α = 2777 respectively, as shown in
Figure 12b,c.

 
(a) 

 
(b) 

(c) 

Figure 12. VMD decomposition results: (a) Y-axis of LFS; (b) X-axis of LGB; (c) Y-axis of LGB.

5.4. Parameter Settings

As model performance is highly dependent on parameter configurations, appropriate
parameter settings are essential for reliable and accurate results. For IBiLSTM, key training
parameters are updated using an Adam optimizer, while other conditional parameters are
determined empirically through extensive experimentation and iterative testing to balance
model accuracy and stability during training. All models including BiLSTM, BiLSTM-KAN,
IBiLSTM, and the proposed method are all configured with aligned parameter settings.
The learning rate across all models is uniformly set to 4 × 10−4. Detailed parameter
configurations are provided in Table 2.
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Table 2. Method parameter settings.

Parameters Values

TEGAN

Cluster number K 4
The maximum number of iterations

for data processing 50

drop rate 0.2
Learning rate 1 × 10−3

Number of LSTM layers 256

IBiLSTM

Batch size 32
Hidden layer dimension 128

Network depth 2
Maximum order s5

Time step number 10

PSR
τ 1
d 10

5.5. Prediction Accuracy Metrics

The evaluation metrics used to assess prediction performance include MAE, RMSE
and MAPE and R2. The corresponding formulations are presented below:

MAE =
1
n

n

∑
i=1
|yi − ŷi| (31)

RMSE =

√︄
1
n

n

∑
i=1

(yi − ŷi)
2 (32)

MAPE =
1
n

n

∑
i=1

⃓⃓⃓⃓
yi − ŷi

yi

⃓⃓⃓⃓
× 100% (33)

R2 = 1−

n
∑

i=1
(yi − ŷi)

2

n
∑

i=1
(yi − y)2

(34)

where n denotes the number of samples; yi is the actual value of the i-th sample; ŷi represents
the predicted value of the i-th sample; and y is the average of the actual values, that is

y = 1
n

n
∑

i=1
yi.

5.6. Ablation Experiment

To comprehensively evaluate the effectiveness of each component in the proposed
method, an ablation study was conducted by progressively introducing different modules.
Specifically, BiLSTM, BiLSTM-KAN, IBiLSTM (BiLSTM-MKAN), and IBiLSTM-W (incorpo-
rating WGAN-GP-based data augmentation) were selected as the ablation variants. Since
the ablation experiments mainly focus on investigating the contributions of the proposed
prediction architecture and data augmentation strategy, VMD and PSR were not included
as ablation factors. To ensure a fair comparison, identical VMD and PSR procedures were
adopted for all prediction models. The prediction results and evaluation metrics of all
ablation variants are presented in Table 3. As summarized in Table 3, the proposed method
consistently achieves the lowest RMSE, MAE, and MAPE together with the highest R2

across all three VTP tasks, demonstrating superior prediction accuracy and generalization
capability compared with the other ablation variants.
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Table 3. Evaluation metric results of all methods in the ablation experiments.

Case Methods RMSE MAE MAPE R2

Y-axis of the
LFS

BiLSTM 4.2447 3.2304 3.3897 0.7562
BiLSTM-KAN 3.0805 1.9445 2.0745 0.8716

IBiLSTM 1.5495 0.9513 1.0222 0.9675
IBiLSTM-W 1.3659 0.9532 0.9856 0.9747

The proposed 1.0902 0.8256 0.8509 0.9839

X-axis of the
LGB

BiLSTM 0.8992 0.6692 1.1247 0.9523
BiLSTM-KAN 0.7408 0.5536 0.9246 0.9676

IBiLSTM 0.7414 0.5306 0.8897 0.9676
IBiLSTM-W 0.6748 0.4973 0.8392 0.9731

The proposed 0.6377 0.4632 0.7873 0.9760

Y-axis of the
LGB

BiLSTM 2.8484 2.3307 4.0003 0.7580
BiLSTM-KAN 0.9033 0.7348 1.2279 0.9757

IBiLSTM 0.5943 0.4683 0.7775 0.9895
IBiLSTM-W 0.7209 0.5783 0.9735 0.9845

The proposed 0.4907 0.3990 0.6706 0.9928

Furthermore, the comparison among BiLSTM, BiLSTM-KAN, and IBiLSTM verifies
the effectiveness of the proposed M-KAN architecture. By incorporating MKAN as a multi-
level nonlinear mapping module, the proposed method achieves more effective nonlinear
feature representation and temporal dependency modeling compared with the conven-
tional BiLSTM and BiLSTM-KAN. In addition, although WGAN-GP-based augmentation
improves prediction performance, the proposed TEGAN consistently achieves further
reductions in prediction errors and higher R2 on all datasets. These results indicate that
the trend-aware conditional generation mechanism can generate higher-quality vibration
samples, thereby providing more effective augmented data for VTP of PSUs.

Overall, the experimental results demonstrate that the proposed method achieves
superior prediction accuracy and robustness for VTP of PSUs, thereby providing an effective
approach for intelligent health management of pumped storage systems.

The fitting performance of representative method variants across three VTP tasks is
presented in Figure 13. As shown in Figure 13, in terms of the Y-axis of the lower frame
structure, BiLSTM captures the overall trend reasonably well. However, it exhibits no-
table prediction deviations at sharp amplitude transitions, particularly within the range
of 130 to 160. BiLSTM-KAN shows slight improvements over BiLSTM in the early and
middle intervals, notably within the 50–130 range, but it still underperforms in accurately
capturing certain local variations. Compared with the above two models, IBiLSTM demon-
strates improved local fitting within the 100–150 interval but still falls short of optimal
performance, especially in segments with abrupt changes where prediction deviations
persist. In contrast, the proposed method exhibits the most consistent overall performance
and demonstrates a superior ability to capture underlying temporal trends and handle
non-stationary behaviors.

For X-axis of the LGB, several regions exhibit pronounced oscillatory behavior, par-
ticularly around sample point 50. While BiLSTM and BiLSTM-KAN capture the overall
trend effectively within the initial segment (0–50), their performance degrades significantly
in segments characterized by intense data fluctuations, such as between sample points
80 and 100. IBiLSTM demonstrates improved fitting in most regions but still struggles
to capture localized spike patterns. In contrast, the proposed method achieves the most
accurate fitting performance, particularly at critical sample points such as 80 and 140, where
it effectively captures subtle amplitude variations.
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(a) 

 
(b) 

 
(c) 

Figure 13. The forecasting outputs of all methods: (a) Y-axis of LFS; (b) X-axis of LGB; (c) Y-axis of LGB.

Regarding the Y-axis of the LGB, the signal exhibits a complex structural pattern
with frequent intense fluctuations, especially sharp peak variations occurring between
sample points 80 and 100. BiLSTM and BiLSTM-KAN perform reasonably well in relatively
stable segments. However, they exhibit notable deviations in regions characterized by
strong oscillations. Specifically, near sample points around 85 and 145, predicted peaks are
significantly misaligned with the actual values, indicating limited capability in accurately
capturing abrupt changes. IBiLSTM maintains relatively low prediction errors across most
segments but lacks sufficient sensitivity to local transient features. In contrast, the proposed
method demonstrates superior fitting accuracy across the entire time series and effectively
aligns with the actual signal at multiple abrupt change points.

Figure 14 presents error comparisons for three different vibration trend prediction
tasks. The Y-axis error trend of the lower frame structure reveals that BiLSTM exhibits
substantial prediction errors between time steps 60 and 120, with the maximum error
exceeding 12 µm. Although BiLSTM-KAN reduces error compared to BiLSTM, its peak
error remains close to 10 µm. In contrast, IBiLSTM achieves a significantly lower overall
error and exhibits improved stability, especially between time steps 180 and 300. The
proposed method consistently maintains the lowest prediction error across all time steps,
and its performance is especially notable in the interval between time steps 120 and 150,
where it demonstrates superior predictive accuracy.
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(a) 

(b) 

(c) 

Figure 14. Error distribution charts for all methods: (a) Y-axis of LFS; (b) X-axis of LGB; (c) Y-axis of LGB.

The X-axis error trend of the LGB indicates that BiLSTM exhibits pronounced oscilla-
tions during the early sample indices (20–60), reflecting a certain degree of instability. In
contrast, both IBiLSTM and the proposed method maintain consistently low error magni-
tudes throughout the entire time period, with absolute errors not exceeding 1.5 µm. Among
them, the proposed method achieves the smallest error overall and demonstrates minimal
fluctuation, indicating superior prediction stability.

With respect to the Y-axis error trend of LGB, the results reveal that BiLSTM exhibits
the highest error at sample indices 60 and 180, with the maximum error approaching 6 µm.
The error surface shows multiple oscillations, notably around sample indices 90 and 300.
Although the error of BiLSTM-KAN is reduced compared to BiLSTM, distinct error peaks
persist, and oscillations are not fully suppressed. IBiLSTM shows a further reduction in peak
errors. However, localized fluctuations remain observable, such as around sample index
240. The proposed method demonstrates the best overall performance, maintaining errors
consistently within ±3 µm and exhibiting no prominent spikes throughout the entire time
range. In summary, the proposed method achieves superior comprehensive performance
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across all three experimental cases, consistently achieving the lowest prediction errors and
the smoothest error surfaces, highlighting its strong accuracy and robustness.

5.7. Comparative Experiment

To comprehensively evaluate the prediction performance of the proposed method,
several representative deep learning-based prediction methods were selected for compar-
ison, including BiLSTM, BiGRU, TCN, Transformer, and BiLSTM-KAN. Specifically, the
channel numbers of TCN were set to 32, 64, and 128. BiLSTM and BiGRU adopted the same
hyperparameter settings as the proposed method, while Transformer was implemented
using its standard architecture. The remaining experimental configurations were kept
consistent with those in the ablation study. To ensure fair comparison, identical VMD and
PSR were applied to all comparison methods. The prediction results and evaluation metrics
of each method are presented in Table 4.

Table 4. Evaluation metric results of all methods in the comparative experiments.

Case Methods RMSE MAE MAPE R2

Y-axis of the
LFS

BiLSTM 4.2447 3.2304 3.3897 0.7562
TCN 1.2408 0.8338 0.8905 0.9792

Transformer 1.8388 1.7180 1.7810 0.9542
BiGRU 4.1673 3.0945 3.2517 0.7650

BiLSTM-KAN 3.0805 1.9445 2.0745 0.8716
The proposed 1.0902 0.8256 0.8509 0.9839

X-axis of the
LGB

BiLSTM 0.8992 0.6692 1.1247 0.9523
TCN 1.4954 1.3156 2.2318 0.8680

Transformer 0.9422 0.7250 1.2414 0.9476
BiGRU 0.7752 0.6031 1.0077 0.9645

BiLSTM-KAN 0.7408 0.5536 0.9246 0.9676
The proposed 0.6377 0.4632 0.7873 0.9760

Y-axis of the
LGB

BiLSTM 2.8484 2.3307 4.0003 0.7580
TCN 1.0177 0.8354 1.3691 0.9691

Transformer 1.8513 1.7688 2.9832 0.8978
BiGRU 2.0749 1.6694 2.8596 0.8716

BiLSTM-KAN 0.9033 0.7348 1.2279 0.9757
The proposed 0.4907 0.3990 0.6706 0.9928

As summarized in Table 4, the proposed method achieves the best prediction perfor-
mance across all three VTP tasks with different datasets. It obtains the lowest RMSE, MAE,
and MAPE values while achieving the highest R2 values among all comparison methods.
These results demonstrate that the proposed method effectively improves prediction ac-
curacy and generalization capability, providing reliable technical support for the health
management of PSUs.

5.8. Sensitivity Analysis of the K Value

To evaluate the robustness of the model prediction performance under different
K values, sensitivity analysis was conducted with K = 3, 4, and 5. The experiments were per-
formed using the X-direction vibration data collected from the LGB, and the corresponding
results are summarized in Table 5.
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Table 5. Sensitivity analysis of K value on prediction performance.

K RMSE MAE MAPE R2

3 0.6318 0.4789 0.8045 0.9764

4 0.6377 0.4632 0.7873 0.9760

5 0.6989 0.5073 0.8621 0.9712

As shown in Table 5, when K = 5, all evaluation metrics achieve the worst performance,
indicating that excessive clustering may weaken the effectiveness of temporal characteriza-
tion. The performance of K = 3 and K = 4 is highly similar, demonstrating the stability of
the proposed framework within this range and supporting the selection of K = 4.

6. Conclusions
To improve prediction accuracy for the non-stationary and nonlinear vibration data of

PSUs, a novel prediction method integrating TEGAN and IBiLSTM is proposed. TEGAN
is first introduced to synthesize representative vibration data with enhanced diversity,
improving the quality of training data. Subsequently, IBiLSTM, incorporating the M-
KAN module, strengthens the representation of nonlinear dynamic characteristics. The
experimental evaluation confirms the reliability and robustness of the developed method
in PSU vibration trend prediction. The main conclusions are as follows:

(1) The comparison among BiLSTM, BiLSTM-KAN, and IBiLSTM demonstrates the
effectiveness of M-KAN. Compared with BiLSTM, IBiLSTM achieves lower RMSE,
MAE, and MAPE values and higher R2 values across all datasets, indicating that
MKAN effectively enhances the nonlinear fitting capability of the model and improves
prediction accuracy. Moreover, IBiLSTM consistently outperforms BiLSTM-KAN,
demonstrating that MKAN is more effective than the conventional KAN in capturing
complex higher-order nonlinear relationships.

(2) Compared with IBiLSTM, the proposed method achieves lower prediction errors
across all datasets. This improvement indicates that TEGAN can effectively enrich the
diversity of training samples and provide a more comprehensive representation of
the underlying data distribution, thereby facilitating more effective model training.

(3) The proposed model achieves the best performance in all evaluation metrics across
all datasets, with the highest R2 values of 0.9839, 0.9760, and 0.9928, respectively,
demonstrating its superior robustness and generalization capability.

Future work will focus on improving model interpretability and further enhancing
predictive performance.
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