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Abstract 
 

Multi-sensor information fusion plays a critical role in hydroturbine bearing fault diagnosis. Traditional approaches often 
struggle to capture complex spatiotemporal dependencies, limiting their ability to fully exploit the latent features in multi-
sensor data. To address this challenge, this paper proposes a novel Multi-Scale Spatiotemporal Graph Neural Network 
(MSTGNN) for hydroturbine bearing fault diagnosis, aiming to comprehensively model the spatiotemporal correlations within 
sensor data. First, an adaptive receptive field convolutional layer is designed to extract key information from each sensor. 
Then, a dynamic graph structure is constructed to capture spatial dependencies among sensors. A multi-scale spatiotemporal 
convolution module is subsequently introduced to extract temporal features, enhancing the model’s capability to identify 
fault patterns across different time scales. Extensive experiments on two bearing case studies demonstrate that MSTGNN 
achieves outstanding diagnostic performance, with accuracies of 99.96% on the Harbin Institute of Technology (HIT) bearing 
dataset and 99.27% on a thrust bearing dataset from a hydropower station in Sichuan Province. These results exceed the 
best-performing baseline method by 2.29% and 1.13%, respectively. Finally, ablation studies confirm the effectiveness of each 
proposed component, further validating the potential of MSTGNN in hydroturbine bearing fault diagnosis. 
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1. Introduction 

With the ongoing global transition toward clean energy, 

hydropower—recognized as a renewable, mature, and highly 

efficient energy source—continues to hold a central position in 

the global energy mix. According to a report released by the 

International Renewable Energy Agency (IRENA), by the end 

of 2024, the total global installed capacity of renewable energy 

had reached 4,448 GW, as illustrated in Fig. 1. Among this, 

hydropower accounted for 1,283 GW, representing 29% of the 

total capacity, with the majority of growth driven by China.[1] 

As the core mechanical component of a hydropower station, 

the hydroturbine plays a crucial role in determining the overall 

energy efficiency and operational safety of the generating 

unit.[2] Among its components, the hydroturbine bearing serves 

as a critical support element in the high-speed rotating system 

and operates under harsh conditions such as high load, high 

humidity, and intense vibration. These factors make it highly 

susceptible to failures including wear, excessive vibration, and 

lubrication degradation.[3,4] Hydropower, as a backbone energy 

source among renewables, is essential for enhancing grid 

regulation capabilities and increasing the share of clean energy. 

However, due to the complex and dynamic hydraulic 

environments in which hydropower units operate over 

extended periods, they are prone to faults such as rotor 

imbalance, shaft misalignment, and frictional contact. These 

issues may reduce operational efficiency or, in severe cases, 

lead to safety hazards.[5,6] Therefore, developing a fault 

diagnosis model with high accuracy and strong robustness is 

key to enabling intelligent maintenance and predictive 

condition monitoring of hydropower units. 

Currently, although end-to-end intelligent diagnosis 

methods based on deep learning have achieved remarkable 

progress, most studies still rely on single-sensor data, which 

results in limited information dimensions, insufficient feature 

representation, and inadequate adaptability to complex 
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Fig. 1: Growth in renewable energy capacity. 

 

operating conditions. A single signal channel often fails to 

comprehensively characterize the operating state of equipment, 

while traditional approaches face limitations in capturing 

cross-sensor correlations and multi-scale spatiotemporal 

dependencies, thereby constraining diagnostic performance. In 

contrast, multi-sensor fusion diagnosis methods enable 

complementary utilization of spatiotemporal information, 

providing an effective approach to improving fault 

identification capability and enhancing adaptability under 

complex conditions.[7,8] By integrating models such as CNNs, 

GRUs, and Transformers, multi-sensor frameworks exhibit 

enhanced capabilities in mining non-stationary signals and 

weak fault features. This research direction not only 

contributes theoretical innovation but also provides practical 

engineering value in ensuring the safe operation of 

hydropower equipment and promoting the development of 

intelligent power stations. 

With the increasing scale and parameterization of 

hydropower units, their operating conditions have become 

significantly more complex. Traditional signal processing 

methods based on single-sensor data-such as Fourier transform, 

wavelet packet decomposition, and empirical mode 

decomposition-often struggle to effectively extract accurate 

fault features from non-stationary vibration signals, thereby 

leading to less reliable diagnostic results.[9,10] As a result, the 

diagnostic accuracy deteriorates, especially in scenarios 

involving coexisting multiple faults or the early stages of weak 

faults, where single-source information is prone to ambiguity 

and misjudgment. In recent years, the development of deep 

learning technology has significantly advanced methods for 

mechanical fault diagnosis.[11,12] Intelligent algorithms based 

on models such as convolutional neural networks (CNNs), 

recurrent neural networks (RNNs), and long short-term 

memory networks (LSTMs) can effectively extract features 

and model complex nonlinear relationships, and have been 

widely applied to condition monitoring and fault diagnosis of 

rotating machinery.[13] However, the performance of deep 

learning models still heavily depends on the quality and 

completeness of input data features. Relying solely on single-

sensor signals often fails to comprehensively capture the 

operating state of complex equipment, thereby limiting the 

model’s generalization ability and robustness. 

To enhance diagnostic accuracy and stability, multi-sensor 

fusion technologies have emerged as a prominent research 

focus. Guo et al.[14] proposed a fusion method based on the 

improved cyclic spectral covariance matrix (ICSCM), which 

effectively captures the interactions among multi-source 

signals by combining current signals with vibration data. 

However, this method still has certain limitations when dealing 

with non-stationary signals or high-dimensional channel 

information. Wang et al.[15] Wang et al. extracted richer local 

feature information by altering the input channel dimensions 

and developed a collaborative self-attention module to 

enhance the model’s focus on important channels. However, 

systematic research on multi-sensor feature fusion and 

temporal dependency modeling is still lacking. Yan et al.[16] 

designed a Cross-Domain Time-Frequency Attention Fusion 

Network (CDTFAFN) that leverages the complementary 

nature of acoustic and vibration signals to maintain high 

recognition rates even under severe noise conditions. Li et al.[17] 

proposed a multi-level fusion strategy that combines graph 

convolution with an information entropy-based decision 

mechanism, significantly improving the robustness and anti-

interference capability of the fusion diagnosis system. Zhou et 

al.[18] extracted time-domain and frequency-domain features in 

parallel and introduced an attention mechanism to emphasize 

key feature dimensions, ultimately building a fusion model 

suitable for multi-fault pattern recognition. 

In addition, Sun et al.[19] enhanced the coupling learning 

between different sensors by adding a 2D convolutional layer, 

thereby improving the model's robustness and adaptability. 

Shao et al.[20] developed a stacked multi-granularity scanning 

module, which enhances the diversity of feature extraction by 

integrating the advantages of multiple base learners and 

effectively filters out irrelevant information. Yan et al.[21] 

employed a spatial–temporal fragment construction 

mechanism to reconstruct multi-channel vibration signals into 

feature sequences with strong spatial–temporal correlations, 

effectively alleviating the problem of coupled information loss 
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caused by traditional independent processing methods. Wang 

et al.[22] introduced a CNN-based method that converts multi-

source vibration signals into images and integrates them for 

recognition, significantly improving diagnostic accuracy. 

Zhang et al.[23] conducted a joint analysis of infrared images 

and vibration signals to achieve the identification and 

classification of coupled faults. Zhao et al.[24] employed 

Dempster-Shafer (D-S) evidence theory to perform 

confidence-weighted fusion of multi-source signals, greatly 

reducing the misjudgment rate. Guo et al.[25] combined wavelet 

transform with an enhanced wavelet reconstruction 

mechanism, effectively improving the separability and 

robustness of multi-channel signals. He et al.[26] proposed a 

dual-correlation adaptive gated graph convolutional network, 

which first employs a predefined dual-correlation graph to 

transform feature channel data into source and target matrices 

for creating an adaptive graph, thereby constructing an 

adaptive graph structure to enhance feature modeling 

capability. In summary, research on hydropower and rotating 

machinery fault diagnosis based on multi-sensor fusion has 

established a comprehensive technical framework 

encompassing data acquisition, feature extraction, fusion 

strategies, and deep modeling. This research direction provides 

essential support for building intelligent operation and 

maintenance systems with strong anti-interference capability, 

high diagnostic accuracy, and real-time processing capacity. 

Graph Neural Networks (GNNs)[27] have provided new 

avenues for multi-sensor information fusion due to their ability 

to explicitly model the spatiotemporal dependencies between 

sensor nodes. For example, Li et al.[28] proposed a Dynamic 

Graph Attention Network (DyGAT), which adaptively adjusts 

sensor node weights to achieve efficient fusion of cross-sensor 

features, thereby improving the accuracy of gearbox fault 

diagnosis in wind turbines. Liu et al.[29] designed a 

Spatiotemporal Graph Convolutional Network (ST-GCN) that 

combines dynamic temporal information with spatial 

topological structure, demonstrating exceptional feature 

extraction capabilities in rolling bearing fault diagnosis. 

However, existing GNN-based methods still have certain 

limitations: 

(1) Inadequate adaptability of the fixed convolution 

receptive field. Traditional convolution operations use static-

sized kernels to extract features from local regions, which 

struggle to adapt to the non-stationary characteristics such as 

rapid frequency changes and time-varying impacts in 

hydroturbine bearing signals. This leads to the weakening or 

omission of key diagnostic information during the convolution 

process, negatively affecting the model's responsiveness to 

early-stage faults. 

(2) Limited ability to model multi-source dynamic 

relationships. Current multi-sensor data processing 

frameworks still rely on a static input assumption, ignoring the 

inherent coupling patterns of sensor-acquired signals over time. 

This results in the failure to effectively integrate spatial layout 

and temporal evolution characteristics, thus restricting the 

expression and utilization of cross-sensor joint features. 

(3) Insufficient feature redundancy control and node 

attribute representation. Existing multi-sensor graph modeling 

strategies primarily focus on graph structure construction, 

lacking deep exploration and optimization mechanisms for 

node-level attribute information. 

To address the challenges in multi-sensor signal diagnosis 

of hydroturbine systems, such as the difficulty in extracting 

multi-scale impact features, insufficient modeling of dynamic 

spatiotemporal dependencies, and interference from redundant 

information, this paper proposes a Spatiotemporal Graph 

Neural Network Framework (MSTGNN) for multi-sensor 

applications. By introducing a dynamic receptive mechanism, 

adaptive graph convolution, and a sparsity-preserving strategy, 

the proposed method achieves a synergistic enhancement of 

feature representation and diagnostic performance, ultimately 

improving the accuracy of hydroturbine bearing fault 

diagnosis. The main contributions of this work are summarized 

as follows: 

(1) Proposed a dynamic receptive field convolution 

mechanism to enhance the model's adaptive perception of non-

stationary signal features. 

(2) Developed a multi-scale graph convolution structure 

integrated with contrastive learning, improving the accuracy of 

modeling multi-source spatiotemporal dependencies. 

(3) Introduced a sparsity-guided deep non-negative matrix 

factorization method, achieving a balance between 

information compression and the preservation of key features. 

(4) Constructed a hydroturbine fault diagnosis framework, 

validating its excellent performance on a real hydroturbine 

bearing dataset. 

The remainder of this paper is organized as follows: In 

Section 2, the relevant theoretical background and related 

work are introduced. In Section 3, the proposed method 

framework is described in detail. Section 4 presents 

experimental validation using the Harbin Institute of 

Technology (HIT) bearing dataset and the thrust bearing 

dataset from a hydropower station in Sichuan Province. 

Ablation studies are conducted at the end of each subsection to 

validate the effectiveness of each module. The conclusions are 

provided in Section 5. 

 

2. Basic concepts of graph neural networks 

2.1 GNN framework 

With the development of graph neural networks (GNNs), 

researchers have proposed various general frameworks, such 

as message passing neural networks (MPNNs),[30] hypergraph 

neural networks (HGNNs),[31] and graph convolutional 

networks (GCNs).[32] Among them, GCN as a fundamental 

model, performs convolution operations on graphs based on 

spectral graph theory, effectively capturing the relationships 

between nodes and their neighbors. It strikes a balance 

between computational complexity and interpretability, and 

thus serves as the foundation for many variants (e.g., GAT, 

GraphSAGE). 
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Fig. 2: Multi-sensor construction of spatiotemporal graph. 

 

In GNN modeling, a graph can be represented as 𝐺 =
(𝑉, 𝐸, 𝑋), where 𝑉 denotes the set of nodes, 𝐸 the set of edges, 

and 𝑋 the node feature matrix. Through the message passing 

mechanism, node features are iteratively updated among 

adjacent nodes, achieving the integration of local information 

and global structure. This mechanism enables flexible 

modeling of the correlation structures among multiple sensors 

in complex systems and enhances the extraction capability of 

spatiotemporal features. 

 

2.2 Fusion of multi-sensor data 

In hydroturbine bearing fault diagnosis, the vibration signals 

of bearings are often influenced by environmental factors and 

the operating conditions of the equipment. A single sensor is 

insufficient to comprehensively capture the fault features. 

Therefore, Multi-Sensor Data Fusion (MSDF) has become a 

key technology for enhancing equipment health monitoring 

and fault prediction capabilities.[33,34] By deploying multiple 

sensors at different locations on the turbine and collecting data 

from various physical channels, the bearing condition can be 

analyzed from multiple perspectives, providing richer and 

more accurate fault information. 

Current spatiotemporal modeling methods for multi-sensor 

data can be broadly categorized into two types. The first 

focuses on temporal dependencies using models such as RNNs 

and LSTMs, but mainly relies on single-sensor sequences and 

overlooks inter-sensor interactions, limiting joint feature 

extraction under complex turbine conditions.[35] The second 

emphasizes spatial features through CNNs or SOM, sometimes 

combined with LSTM for sequential modeling. While 

effective in capturing spatial-temporal features, these 

approaches often rely on fixed convolution kernels, which 

restrict generalization across different fault modes. 

Existing methods often assume fixed spatial relationships 

among sensors and focus only on features within the current 

time window, neglecting dynamic changes across time steps, 

which leads to incomplete spatiotemporal modeling. GNNs 

can efficiently capture sensor relationships through flexible 

graph structures. For example, Zhao et al.[36] proposed a multi-

graph convolutional network combining spatiotemporal 

attention and dynamic graphs for multi-sensor data fusion. 

However, many GNN-based approaches still rely on 

predefined adjacency matrices, making it difficult to adapt to 

dynamic correlation changes under different fault modes, 

thereby limiting their ability to fully model spatiotemporal 

dependencies. As illustrated in Fig. 2, sensor signals may 

remain relatively independent at the early stage of a fault but 

become more correlated as the fault progresses. 

In hydroturbine bearing fault diagnosis, the correlation 

between sensor signals varies across fault stages. This study 

proposes an adaptive receptive field convolution layer that 

dynamically adjusts the convolution kernel size to more 

effectively capture multi-scale features. Combined with a 

GNN, the model captures complex spatiotemporal 

dependencies and, by integrating global and local information, 

strengthens relationships between distant sensors, thereby 

improving fault diagnosis accuracy. 

 

3. Method 

3.1 Adaptive receptive field convolutional layer (ARFConv) 

Traditional convolutional layers have a fixed receptive field, 

typically expanding the receptive field by adjusting 

hyperparameters such as the kernel size and stride. However, 

for bearing fault diagnosis tasks, the time-frequency features 

of the signals may exhibit highly variable local structures and 

multiscale characteristics, which makes it difficult for fixed 

receptive field convolutions to fully capture key features at 

different scales. Therefore, in this paper, we design a new 

convolutional layer-Adaptive Receptive Field Convolutional 

Layer, as shown in Fig. 3, to efficiently extract features from 

multi-sensor bearing vibration signals. 

First, the width of the convolution kernel is learned, and its 

mathematical formulation is given in Eq. (1): 

𝑦𝑖 = 𝑓𝜃(𝑋) (1) 

where, 𝑋 ∈ ℝ𝐿×𝐶  , C represents the number of input data 

channels, where C=3, and L denotes the length of the signal in 

each channel. 𝑓𝜃 is the function for predicting the convolution  
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Fig. 3: Structure of ARFConv. 

 

kernel width, and the output feature map is represented as 𝑦𝑖 ∈
ℝ𝐿×𝐶. 

Secondly, the number of sampling points for the 

convolution kernel is selected as 𝑘𝑤, and the width feature is 

replicated 𝑘𝑤  times. The average value of y is computed to 

obtain the learned average width of the convolution kernel. 

The mathematical expression for the number of sampling 

points in the convolution kernel The mathematical expression 

for the number of sampling points in the convolution kernel is 

given in Eq. (2): 

𝑘𝑤 = 𝜙(
𝑦

𝑚
) (2) 

where, m represents the fine-tuning coefficient that maps the 

convolution kernel width to the number of sampling points. 

The mathematical expression for function 𝜙() is given as 

follows: 

𝜙(𝑥) = 𝑥 − [𝑥 is even] (3) 

when the width of the convolution kernel is given, a larger m 

value results in fewer sampling points, leading to a sparser 

signal distribution. From Eq. (3), it can be observed that we 

select a convolution kernel with an odd number of sampling 

points. If 𝑦/𝑚  is an even number, we choose the nearest 

smaller odd number. Finally, the sampling points are 

determined by N=kw. 

In standard convolution, this process involves sampling from 

the input feature map X using a regular grid G, followed by a 

weighted summation of these sampled values with weights w. 

The mathematical expression is given in Eq. (4): 

𝐺 = {(−1,−1), (−1,0),⋯ , (1,0), (1,1)} (4) 

The standard convolution operation at position 𝑝0  can be 

expressed as Eq. (5): 

𝑦(𝑝0) = ∑
𝑔𝑛∈𝐺

𝑤(𝑔𝑛) ⋅ 𝑥(𝑝0 + 𝑔𝑛) (5) 

where, y represents output feature map, w represents 

convolution kernel parameters, 𝑔𝑛 indicates the offset relative 

to position 𝑝0. 

For the adaptive receptive field convolutional layer 

proposed in this paper, 𝐺 ∈ ℝ𝑘𝑤 represents the offset matrix. 

The convolution operation is expressed in Eq. (6): 

𝑦(𝑝0) = ∑
𝑟𝑛∈𝑅

𝑤(𝑟𝑛) ⋅ 𝑡(𝑝0 + 𝑟𝑛) 
(6) 

where, the elements in G are represented by 𝑔𝑖 , defined as 

𝑔𝑖 = (2𝑖 − 𝑘𝑤 − 1)/2, and the offset matrix at positions 𝑝0 is 

denoted by R, defined as 𝑅 = 𝑍0⊙𝐺. 𝑍0 represents the scale 

matrix𝑝0, and ⊙ denotes element-wise multiplication. 

Hydroturbine bearing fault signals typically contain 

periodic impacts and non-stationary features. Fixed-size 

convolution kernels struggle to effectively capture features at 

different scales. Therefore, we apply the adaptive receptive 

field convolution layer defined above to feature extraction, 

allowing for more flexible capture of fault characteristics 

across varying scales. 

 

3.2 Multi-Scale chebyshev convolution and contrastive 

learning 

This paper uses a Graph Generation Layer (GGL) to learn the 

dynamic matrix A from multi-sensor input data and construct 

the instance graph.[37] The process is shown in Fig. 4. 

 
Fig. 4: Structure of GGL. 
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First, the extracted feature matrix is input into a Multi-Layer 

Perceptron (MLP) for nonlinear mapping. Then, by 

multiplying the MLP output features with their transpose 

matrix, the adjacency matrix is generated, thereby constructing 

the graph structure. The specific expression is given in Eq. (7): 

𝐴 = MLP(𝑋input) ⋅MLP(𝑋input)
𝑇 (7) 

To improve the model's capacity to capture fault 

propagation patterns, this paper introduces a cross-time-step 

sensor connection mechanism, allowing information from the 

same sensor at different time steps to interact, thereby better 

modeling temporal features.[38] 

Specifically, in the process of constructing the adjacency 

matrix mentioned above, time information is introduced, and 

the structure along the time dimension is defined in Eq. (8): 

𝐴time
(𝑡)

= 𝛼𝐴(𝑡) + (1 − 𝛼)𝐴(𝑡−1) (8) 

where,𝐴(𝑡) and𝐴(𝑡−1)  represent the adjacency matrices at the 

time steps t and t−1, respectively. 𝛼 is a balancing coefficient 

(0 ≤ 𝛼 ≤ 1), used to adjust the contribution ratio between the 

present and past time steps. 

Then, the cross-time-step information is added to the 

adjacency matrix 𝐴(𝑡) , as specifically expressed in Eq. (9): 

𝐴final
(𝑡)

= 𝐴(𝑡) + 𝐴(𝑡,𝑡−1) (9) 

Through the above process, each sensor at a given time step 

not only establishes connections with other sensors at the 

current time step but also interacts with relevant sensors from 

the previous time step, thereby more effectively modeling the 

fault propagation patterns across time. 

In this model, Chebyshev convolutions of different orders 

(K=1,2,3) are employed to capture multi-scale features [39]. 

The specific structure is shown in Fig. 5. For the multi-sensor 

input feature X, the output of the multi-scale Chebyshev 

convolution given in Eq. (10): 

𝐻multi = (∑ 𝑇𝑘(𝐿̃)𝑋𝑊𝑘
(1)𝑘1

𝑘=0 ||⏟            
Local (K=1)

∑ 𝑇𝑘(𝐿̃)𝑋𝑊𝑘
(2)𝑘2

𝑘=0 ||⏟            
Medium (K=2)

∑ 𝑇𝑘(𝐿̃)𝑋𝑊𝑘
(3)𝑘3

𝑘=0 )⏟            
Global (K=3)

  
(10) 

 

 
Fig. 5: Multi-scale Chebyshev convolution. 

 

where, || denotes feature concatenation, 𝑊𝑘
(𝑚)

∈ ℝ𝐶×𝑑𝑚  

represents the parameter matrix for each scale. 

During model training, a contrastive learning strategy is 

introduced to enhance the model's discriminative capability by 

constructing positive and negative sample pairs. The 

contrastive loss function is based on the Normalized 

Temperature-scaled Cross Entropy loss (NT-Xent),[40] and is 

defined in Eq. (11): 

𝐿contrastive = − ∑
(𝑖,𝑗)∈𝑃

𝑙𝑜𝑔
𝑒𝑥𝑝( sim(𝑧𝑖, 𝑧𝑗)/𝑇)

∑
𝑘≠𝑖
𝑒𝑥𝑝( sim(𝑧𝑖, 𝑧𝑘)/𝑇)

 (11) 

where, 𝑧𝑖  represents the node embedding after Multi-Scale 

Chebyshev processing, P denotes the index set of positive 

sample pairs, T is the temperature coefficient. sim(𝑧𝑖 , 𝑧𝑗) 

represents the similarity measure. 

In addition, a negative contrastive loss term is introduced to 

prevent the model from overfitting, as specifically expressed 

in Eq. (12): 

𝐿negative = − ∑
(𝑖,𝑗)∈𝑁

𝑙𝑜𝑔( 1 − 𝑠𝑖𝑛( 𝑧𝑖 , 𝑧𝑗)) (12) 

The overall loss function is defined in Eq. (13): 

𝐿 = 𝜆rec𝐿rec + 𝜆conc𝐿contrastive + 𝜆negc𝐿negative +

𝜆reg𝐿reg  
(13) 

where, 𝜆rec, 𝜆conc, 𝜆negc, 𝜆reg is a hyperparameter used to adjust 

the weight of each loss term. 

 

3.3 Deep non-negative matrix factorization 

To capture deeper information from the original network 

structure, this paper reconstructs the adjacency matrix A 

obtained earlier into a deeper structure to characterize the 

information representation at different levels. Specifically, the
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Deep Non-negative Matrix Factorization (DNMF) method is 

used, as shown in Fig 6, to extract community structures layer 

by layer and optimize node representations. The specific 

expression is given in Eq. (14): 

𝑚𝑖𝑛
𝑈𝑖,𝑉𝑝

𝐿𝐷 = ||𝐴 − 𝑈1𝑈2…𝑈𝑝𝑉𝑝||𝐹
2 

(14) 

𝑠. 𝑡. 𝑉𝑝 ≥ 0,𝑈𝑖 ≥ 0, ∀𝑖 = 1,2,… , 𝑝 

where, 𝑉𝑝 ∈ ℝ+
𝑟×𝑛 , 𝑈𝑖 ∈ ℝ+

𝑟𝑖−1×𝑟𝑖(𝑖 = 1,2,… , 𝑝) . ||||𝐹 

represents the Frobenius norm of the matrix. Each matrix 

𝑈𝑖(𝑖 = 1,2,… , 𝑝)  can be viewed as the ith feature matrix 

containing information at various levels. Matrix 𝑉𝑝 represents 

features after deep transformation, with each column reflecting 

the trend of a node across different communities. 

 
Fig. 6: Deep Non-negative Matrix Factorization (DNMF). 

 

To optimize the above decomposition problem and 

further enhance the model's generalization ability, this paper 

introduces non-negative constraints and regularization terms 

to convert the constrained optimization problem into an 

unconstrained one.[41] First, we define a transformation 

function f for any given matrix 𝐵 ∈ ℝ𝑎×𝑏  that satisfies the 

following conditions in Eq. (15): 

𝑓(𝐵) = {
𝐵𝑖𝑗 , 𝐵𝑖𝑗 < 0

0,𝐵𝑖𝑗 ≥ 0.
 (15) 

In short, the function f is used to convert the positive elements 

of the input matrix to 0, while leaving the negative elements 

unchanged. The penalty term for matrix 𝑈𝑖(𝑖 = 1,2, . . . , 𝑝) is 

defined in Eq. (16): 

{

𝑚𝑖𝑛
𝑈𝑖
𝑓(𝑈𝑖)𝐹

2

𝑚𝑖𝑛
𝑉𝑝
𝑓(𝑉𝑝)𝐹

2  (16) 

By combining Eq. (16), we transform the optimization 

problem in Eq. (14) into the following unconstrained objective 

function in Eq. (17): 

𝑚𝑖𝑛
𝑈𝑖,𝑉𝑝

𝐿𝐴 = ||𝐴 − 𝑈1𝑈2…𝑈𝑝𝑉𝑝||𝐹
2 +

𝛼( ∑

𝑖=1
𝑝

||𝑓(𝑈𝑖)||𝐹
2 + ||𝑓(𝑉𝑝)||𝐹

2)  
(17) 

where, 𝛼 > 0  represents the coefficient of the non-negative 

penalty. For the network's node feature matrix X, the following 

objective function is obtained in Eq. (18): 

𝑚𝑖𝑛
𝑊𝑗,𝐻𝑚

𝐿𝑋 = ||𝑋 −𝑊1𝑊2…𝑊𝑚𝐻𝑚||𝐹
2 +

𝛼( ∑

𝑗=1
𝑚

||𝑓(𝑊𝑗)||𝐹
2 + ||𝑓(𝐻𝑚)||𝐹

2)  
(18) 

The objective function for the DNMF term is obtained in Eq. 

(19): 

𝑚𝑖𝑛
𝑈𝑖,𝑉𝑝,𝑊𝑗,𝐻𝑚

𝐿𝐷𝑁𝑀𝐹 = 𝐿𝐴 + 𝐿𝑋 (19) 

Furthermore, to maintain the intrinsic topological relationships 

between nodes in the deep-layer representation, this paper 

introduces a graph regularization strategy.[42] This strategy 

ensures that the embedding representations genuinely reflect 

the network geometry by minimizing the trace norm of the 

graph Laplacian matrix, as shown in Eq. (20): 

1

2
∑
𝑖
∑
𝑗
𝐴(𝑖, 𝑗)||𝑉𝑝(: , 𝑖) − 𝑉𝑝(: , 𝑗)||2

2 = tr(𝑉𝑝𝐿𝑉𝑝
𝑇) (20) 

where, 𝐿 = 𝐷 − 𝐴  represents the Laplacian matrix of the 

graph, 𝐷 is the diagonal matrix and tr()represents the matrix 

trace. 

Finally, by minimizing the graph regularization across the two 

views, the objective function is obtained in Eq. (21): 

𝑚𝑖𝑛
𝑉𝑝,𝐻𝑚

𝐿𝑟𝑒𝑔 = 𝐿𝑟𝑒𝑔𝐴 + 𝐿𝑟𝑒𝑔𝑋 = tr(𝑉𝑝𝐿𝑉𝑝
𝑇) +

tr(𝐻𝑚𝐿𝐻𝑚
𝑇 )  

(21) 
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3.4 Proposed method 

This study proposes a multi-sensor information fusion fault 

diagnosis method for hydroturbine bearings based on a multi-

scale spatiotemporal graph neural network (MSTGNN). The 

overall framework is illustrated in Fig. 7, and the algorithmic 

workflow is presented in Table 1. The detailed steps are as 

follows: 

Step 1: Multi-sensor bearing vibration signal acquisition: 

The collected multi-sensor vibration signals are segmented 

using an overlapping rectangular sliding window. The 

resulting dataset is divided into training and testing sets to 

ensure the generalization capability of the model. 

Step 2: Multi-scale spatiotemporal feature interaction: First, 

adaptive receptive fields are employed to extract fault-related 

features from multi-sensor data. The resulting feature matrix is 

passed into a graph construction layer, where a spatiotemporal 

graph is built based on a cross-time-step connection 

mechanism. Subsequently, multi-scale Chebyshev graph 

convolutions (with orders K=1,2,3) are applied to the dynamic 

graph to capture spatiotemporal dependencies at varying 

receptive field sizes, thereby enhancing the model’s feature 

representation capability. 

Step 3: Graph structure reconstruction: The dynamic 

adjacency matrix is decomposed in a hierarchical manner. A 

non-negativity constraint is imposed to preserve physically 

interpretable fault propagation paths, thus improving the 

generalization and robustness of the model. 

Step 4: Bearing fault diagnosis: The bearing datasets 

corresponding to different fault types are split into training and 

testing sets with a ratio of 3:1. During the training phase, model 

parameters are optimized, and performance is evaluated on the 

testing set. 

This study proposes a multi-sensor information fusion fault 

diagnosis method for hydroturbine bearings based on a multi-

scale spatiotemporal graph neural network (MSTGNN). The 

overall framework is illustrated in Fig. 7, and the algorithmic 

workflow is presented in Table 1. The detailed steps are as 

follows: 

Step 1: Multi-sensor bearing vibration signal acquisition: 

The collected multi-sensor vibration signals are segmented 

using an overlapping rectangular sliding window. The 

resulting dataset is divided into training and testing sets to 

ensure the generalization capability of the model. 

Step 2: Multi-scale spatiotemporal feature interaction: First, 

adaptive receptive fields are employed to extract fault-related 

features from multi-sensor data. The resulting feature matrix is 

passed into a graph construction layer, where a spatiotemporal 

graph is built based on a cross-time-step connection 

mechanism. Subsequently, multi-scale Chebyshev graph 

convolutions (with orders K=1,2,3) are applied to the dynamic 

graph to capture spatiotemporal dependencies at varying 

receptive field sizes, thereby enhancing the model’s feature 

representation capability. 

Step 3: Graph structure reconstruction: The dynamic 

adjacency matrix is decomposed in a hierarchical manner. A 

non-negativity constraint is imposed to preserve physically 

interpretable fault propagation paths, thus improving the 

generalization and robustness of the model. 

Step 4: Bearing fault diagnosis: The bearing datasets 

corresponding to different fault types are split into training and 

testing sets with a ratio of 3:1. During the training phase, model 

parameters are optimized, and performance is evaluated on the 

testing set. 

 
Fig. 7: Fault diagnosis framework diagram. 
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Table 1: Training process. 

Algorithm1 MSTGNN Training Process 

Input: Multi sensor signal sequence 𝑆 ∈ ℝ𝑁×𝑇×𝐶 

Hyper-Parameters: Graph sparsity k, Chebyshev order K, DNMF decomposition layers p. 

Output: Fault diagnosis probability distribution𝑦 

1. Data Preprocessing: Sliding Window Segmentation, Z-score Normalization. 

2. Adaptive Receptive Field Feature Extraction:  

  ARFConv (𝑆) → 𝑋 

  GenerateGraph (𝑋) → 𝐺 

3. Multiscale Spatiotemporal Modeling: 

  ChebConv(G,X,K) {𝑘 = 1. . . 𝐾} ⊕→ 𝐻 

4. Interpretability reconstruction: 

  DNMF(𝐴，𝑝) → 𝐴′ 

  𝐿 = 𝜆rec𝐿rec + 𝜆conc𝐿contrastive + 𝜆negc𝐿negative + 𝜆reg𝐿reg. 

5.End 

Softmax(𝐻) → 𝑦 

Return 𝑦 

4. Validation of experiments 

This section aims to validate and analyze the application of the 

proposed MSTGNN method in bearing fault diagnosis, 

experiments will be conducted and results will be analyzed 

from different perspectives. All experiments were conducted 

on a computer with the following configuration: Pytorch 

1.12.0+cu113, CPU: i5-12400F, GPU: NVIDIA GeForce RTX 

2060 SUPER, 16 GB RAM. The batch size was set to 64, and 

the Adam optimizer was used to dynamically adjust the 

learning rate and update model weights, with an initial learning 

rate of 0.0001 and 200 training epochs. To ensure fairness in 

the experiments, all hyperparameters for the comparison 

methods mentioned in this paper were set the same as those of 

the proposed method. 

 

4.1 Comparison methods 

A comprehensive comparison was conducted between the 

proposed method and several state-of-the-art fault diagnosis 

approaches. The specific experimental conditions are as 

follows: all compared methods were trained on datasets of the 

same size, and all experiments were conducted under identical 

conditions. For data preprocessing, multi-sensor vibration 

signals were segmented using a sliding window and 

standardized via Z-score normalization. During model training, 

the batch size was set to 64, the Adam optimizer was used to 

dynamically adjust the learning rate and update model weights, 

the initial learning rate was set to 0.0001, and the number of 

training epochs was 200. 

(1) Convolutional Neural Network model for capturing 

spatial and temporal features in signals:[43] This model uses 

fixed convolutional kernels to extract useful features from raw 

vibration signals, making fault diagnosis more efficient. 

(2) FGDAE model utilizing fully connected graphs and 

graph-adaptive encoders:[44] This model aggregates multi-view 

feature information between channels by adaptively adjusting 

to varying operating conditions and flexibly adjusts the 

reconstruction loss weight. 

(3) Periodic MFD model for multi-source cross-speed:[45] 

By constructing periodic samples, this model captures periodic 

features to resolve the inconsistency in the feature dimensions 

of multi-source samples. 

(4) HAGCN model utilizing hierarchical attention graph 

convolutional networks:[46] This model designs regularized 

self-attention graph pooling to achieve effective information 

fusion from sensors. 

(5) DAGCN model utilizing graph convolutional networks 

and maximum mean discrepancy:[47] This model mines the 

structural feature relationships of samples, constructs instance 

graphs, and performs modeling through graph convolutional 

networks. 

 

4.2 HIT bearing dataset 

4.2.1 Data introduction 

The Harbin Institute of Technology (HIT) bearing dataset[48] 

used in this study is derived from real-world data collected 

from an actual aero-engine. The fault diagnosis testbed 

consists of a modified aero-engine—retaining the core dual-

rotor structure while removing rotor blades, the combustion 

chamber, and certain accessory housings-along with a motor 

drive system, a lubrication system, two eddy current sensors, 

and four accelerometers (the detailed structure is illustrated in 

Fig. 8). The sensor specifications are K900XL displacement 

sensors (positions 1 and 2) for measuring horizontal and 

normal displacements, and KISTLER 8776A50M1 

accelerometers (positions 3 and 4). Each group of sensor 

signals is sampled at a frequency of 25,000 Hz, with a 

continuous sampling duration of 15 seconds. 

The bearing dataset comprises four health conditions, as 

illustrated in Fig. 9 and detailed in Table 2. The fault types 

were fabricated using wire electrical discharge machining 

(EDM), including normal bearings (N), outer race faults (OF), 

and inner race faults (IF), with fault lengths of 0.5 mm and 1.0 

mm, respectively. The vibration signals under different health 

states from various sensors are visualized in Fig. 10. 
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Fig. 8: Specific Structure of the HIT Fault Diagnosis Test Bench. Reproduced from.[48] 

 

 
Fig. 9: HIT Bearing Health States. Reproduced from.[48] 

 

Table 2: Introduction to HIT bearing dataset. 

Health Condition Label Depth of fault/mm Depth of fault/mm 

Normal Bearing（a） 0 — — 

Outer Race Fault（b） 1 0.5 0.5 

Inner Race Fault（c） 2 0.5 0.5 

Inner Race Fault（d） 3 0.5 1.0 

 

 
Fig. 10: Visualization of vibration signals from each sensor. 

 

In engineering practice, fault diagnosis of mechanical 

bearing components aims to detect potential failures in a 

timely manner and prevent accidents. Therefore, accurate 

diagnosis of bearing faults is of critical importance. A sliding 

window approach is used to segment the fault data of bearing 

components under different health conditions, with each 

sample containing 1,024 data points. An overlapping sampling 

strategy is employed to enhance data diversity, and 360 

samples are collected for each category. Among them, 70% are 

used for training and 30% for testing. 

 

4.2.2 Results and analysis of the experiments 

This paper employs the t-SNE algorithm to visualize the 

feature distributions learned by different models, as shown in 

Fig. 11(1)-11(6), illustrating the effectiveness of fault feature 

extraction for each model. As observed in Fig. 11(6), the 

proposed method demonstrates significantly better 

classification performance compared to other approaches. The 

same fault types exhibit more compact distributions across 

different data domains, while the separability between 

different fault categories is more pronounced. This indicates 

that the proposed model can efficiently extract critical fault 

features from multi-sensor vibration signals. 

To further analyze the diagnostic performance of the multi-

sensor MSTGNN method under different health conditions, 

this paper presents the confusion matrix after the model has  
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Fig. 11: Feature visualization of different methods on the HIT dataset. 

 

 
Fig. 12: Confusion matrix results of different methods on the HIT dataset. 

 

stabilized, as shown in Fig. 12.  

The values on the main diagonal of the confusion matrix 

represent the diagnostic accuracy for each health condition, 

while the values in the off-diagonal positions reflect the 

misclassification between different categories. It can be 

observed that there is a noticeable feature entanglement 

between label 1 and label 2, resulting in a higher 

misclassification rate. The proposed method effectively 

alleviates the misdiagnosis caused by feature entanglement, 

significantly improving the overall diagnostic performance. 

To evaluate the stability and performance fluctuations of 

the proposed method during the training process, 10 repeated 

experiments were conducted. The performance data of each 

model at the final 50 training epochs were averaged, and the 

evaluation results are shown in Table 3, where the optimal 

value in each column is highlighted in bold. 

To analyze the classification performance of each model on 

different fault categories more intuitively, this paper conducts 

10 repeated experiments and averages the F1-Score metric 

from the last 50 epochs. The resulting donut chart is shown in 

Fig. 13. The gap in the chart represents the value of 100 - F1-

Score, with a larger gap indicating worse classification 

performance. This visualization method more clearly explains 

the classification performance of the proposed method on each  

https://www.espublisher.com/


Review article                                                                                                                                                                                Engineered Science 

 

12 | Eng. Sci., 2025, 38, 1882                                                                                                                                                                  Engineered Science Publisher 

Table 3: Evaluation metrics of different methods on the HIT dataset. 

Method F1 Pr(%) Re(%) Accuracy(%) 

FGDAE 94.32 95.25 94.21 94.48±0.018 

CNN 96.78 97.16 96.76 96.64±0.017 

PeriodicMFD 96.22 96.41 96.22 96.17±0.008 

DAGCN 96.57 96.97 96.94 96.69±0.022 

HAGCN 97.31 97.62 97.31 97.67±0.016 

MSTGNN 99.98 99.97 99.98 99.96±0.003 

 

Fig. 13: F1-Score performance of different models on different labels. 

 

fault label. 

 

4.2.3 Ablation study 

To better validate the diagnostic effectiveness of the proposed 

MSTGNN method, this section conducts an ablation study. In 

this study, the adaptive receptive field convolution layer 

module is named Module A, the multi-scale Chebyshev 

convolution module is named Module B, and the deep non-

negative matrix factorization module is named Module C. 

When all three modules are combined, they form the 

MSTGNN method proposed in this paper. The experiments run 

for 200 epochs, repeated ten times, and the average data from 

the last 50 epochs are taken for validation. The diagnostic 

results for all modules are shown in Table 4. 

The results in Table 4 indicate that the dynamic adaptive 

receptive field convolutional layer enhances local feature 

extraction, while the multi-scale Chebyshev convolution 

improves the model’s sensitivity to fault features at different 

scales, collectively boosting generalization ability. The 

ablation study shows significant synergy among the modules: 

A+B complements local features with multi-scale structural 

information, A+C leverages latent feature decomposition to 

assist local feature learning, and B+C further strengthens the 

representation of complex fault patterns. When all modules are 

integrated to form MSTGNN, the model achieves its highest 

performance (Accuracy = 99.28%), demonstrating that the 

module interactions are complementary rather than redundant, 

effectively enhancing the model’s robustness and diagnostic 

capability across multiple fault types. 

 

4.3 Sichuan province hydropower station thrust bearing 

dataset 

4.3.1 Data introduction 

The experiment uses the real measured thrust bearing data 

from a hydropower station in Sichuan Province for validation. 

The thrust bearing data from the Sichuan hydropower station 

were collected using three eddy current sensors, measuring the 

axial displacements A, B, and C of the unit. The sensors are 

evenly arranged at 120° intervals in a clockwise direction, 

using the +X direction as the reference, and are mounted on 

the upper surface of the unit’s mirror. The data were sampled 

at 10 kHz for 20 seconds, covering both normal operation and 
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Table 4: Accuracy and recall of each module. 

Method F1 Pr(%) Re(%) Accuracy(%) 

A 96.82 96.51 96.11 96.65±0.018 

A+B 97.14 97.37 97.86 97.33±0.008 

A+C 97.94 97.51 97.39 97.28±0.012 

B+C 98.78 98.73 98.98 98.48±0.007 

MSTGNN 99.70 99.61 99.55 99.28±0.003 

 
Fig. 14: Data collection flowchart of the thrust bearing in the hydropower station. 

 

various load conditions of the unit, as shown in Fig. 14. 

The collected thrust bearing data includes nine different 

health conditions. The health conditions and their 

corresponding labels are detailed in Table 5. The vibration 

signals under each sensor for different health conditions are 

visualized in Fig. 15. 

To evaluate the fault diagnosis performance of the proposed 

method, 1024 data points from each fault type are selected as 

a sample, using an overlapping sampling method. A total of 

300 samples are obtained from each health condition of the 

bearing, with 70% used for the training set and 30% for the test 

set. 

4.3.2 Results and analysis of the experiments 

Using the t-SNE method, the feature differences between 

different data formats are displayed to extract the high-

dimensional features of each label, as shown in Fig. 16. 

By comparing the high-dimensional features of different 

models, it is found that there exists some mutual coupling 

between features. The proposed method demonstrates a better 

clustering effect among similar features, indicating that it can 

accurately distinguish the data features of the same category. 

This explains the superior performance of the method in fault 

diagnosis and visually verifies the credibility of the diagnostic 

results. 

Table 5: Introduction to the thrust bearing data of the hydropower station. 

Health Condition Label Health Condition Label 

Normal Bearing 0 Corrosion Fault 5 

Wear Fault 1 Cavitation Fault 6 

Spalling Fault 2 Clearance Abnormality Fault 7 

Crack Fault 3 Shaft Misalignment Fault 8 

Scuffing Fault 4   

 

 
Fig. 15: Visualization of vibration signals from each sensor. 
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Fig. 16: Feature visualization of different methods on the thrust bearing dataset. 

 

 
Fig. 17: Confusion matrix results of different methods on the thrust bearing dataset. 

 

The confusion matrix results of each comparison model on 

the hydropower station thrust bearing dataset are shown in Fig. 

17. When handling labels 5, 6, and 7, some models exhibit 

feature entanglement, leading to inaccurate fault type 

diagnosis. In contrast, the proposed method demonstrates 

excellent performance in fault recognition across all label 

types, further validating the model's ability to effectively 

distinguish fault features under varying dataset conditions. 

To evaluate the stability and performance fluctuations of 

the proposed method during the training process, ten repeated 

experiments were conducted, and the performance data of each 

model at the final 50 training epochs were averaged. The 

evaluation results are shown in Table 6, where the optimal 

value in each column is highlighted in bold. 

As shown in the pie chart in Fig. 18, the proposed model 

exhibits good F1 scores across different categories. However, 

in the corrosion fault condition of the hydropower station 

thrust bearing, the classification performance of all models 

decreases. The main reason for this phenomenon is that the 

feature frequencies of faults such as wear and spalling are more 

distinct in the thrust bearing dataset, making them easier for 

the model to recognize. In contrast, the features of corrosion 

faults are relatively hidden, making them more difficult to 

detect accurately. 
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Table 6: Evaluation metric values of different methods. 

Method F1 Pr(%) Re(%) Accuracy(%) 

CNN 95.41 95.89 95.88 95.82±0.019 

HAGCN 97.27 97.38 97.47 97.18±0.006 

DAGCN 97.09 97.28 97.09 97.54±0.009 

FGDAE 97.85 97.76 97.20 97.69±0.007 

PeriodicMFD 98.27 98.38 98.26 98.14±0.006 

MSTGNN 99.25 99.27 99.24 99.27±0.004 

 
Fig. 18: F1 Score performance of different models for different labels. 

 

Table 7: Accuracy and recall of each module. 

Method F1 Pr(%) Re(%) Accuracy(%) 

A 96.25 96.58 96.83 96.88±0.020 

A+B 97.72 97.72 97.17 97.56±0.006 

A+C 97.84 97.84 97.27 97.12±0.013 

B+C 98.14 98.97 98.19 98.24±0.006 

MSTGNN 99.17 99.11 99.43 99.12±0.003 

4.3.3 Ablation study 

In this section, the impact of different component modules on 

the MSTGNN performance is evaluated through an ablation 

study, where each module is integrated for testing. The 

experiment uses the same training parameters, runs for 200 

epochs, and repeats the test ten times, taking the average of the 

last 50 epochs for stable data. The results are shown in Table 

7, with the conclusions as follows. 

The results in Table 7 indicate that each module contributes 

to the performance of MSTGNN. Module A enhances local 

feature extraction, achieving an F1-score of 96.25% and an 

accuracy of 96.88% when used alone. With the addition of 

Module B (A+B), the F1-score and accuracy increase to    

97.72% and 97.56%, respectively, demonstrating that multi-

scale graph convolution effectively captures spatiotemporal 

dependencies and improves model robustness. Module C 

(A+C) further optimizes feature extraction by uncovering 

deeper structural information within the network. The 

combination of B+C further strengthens the representation of 

complex fault patterns. When all modules are integrated to 
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form MSTGNN, the F1-score reaches 99.17% and the 

accuracy 99.12%, indicating that the modules work 

synergistically and complementarily, significantly enhancing 

the model’s robustness and diagnostic accuracy across 

multiple fault types. 

 

5. Conclusion 

To address the limitations of current multi-sensor fault 

diagnosis methods with low accuracy, this paper proposes a 

multi-sensor spatiotemporal correlation-based Graph Neural 

Network (GNN) method for hydropower turbine bearing fault 

diagnosis. This method combines adaptive receptive field 

convolution and multi-scale Chebyshev convolution to 

effectively extract both local and global spatiotemporal 

features, while integrating contrastive learning and deep non-

negative matrix factorization to further enhance the 

discriminative power of fault features. Experimental results 

show that, on the HIT bearing dataset and the thrust bearing 

dataset from a hydropower station in Sichuan Province, this 

method achieves a diagnostic accuracy of 99%, with a recall 

rate improvement of over 3.36% compared to baseline 

methods. These results fully validate the excellent 

performance and good adaptability of MSTGNN across 

different bearing datasets. 

Building upon the achievement of high-accuracy fault 

diagnosis, future research will focus on the following aspects: 

Exploring methods for cross-domain and multi-source data 

fusion to enhance the model’s robustness and adaptability 

across different sensor types and multimodal data. 

Future collaboration with hydropower enterprises will 

involve collecting thrust bearing data from various types of 

sensors to further validate the proposed method and improve 

the model’s interpretability and reliability. 
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