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Abstract  

Accurate monitoring of industrial equipment is important for production safety and reliability. This paper proposes a physical-

causal guided adaptive time-frequency and hypergraph co-evolutionary modeling method. The method constructs neural 
network representations with parameterized basis functions, enabling adaptive time-frequency decomposition with energy 

conservation and modal orthogonality constraints. Differentiable physical projection operators ensure hard constraint 

satisfaction during training. A transfer entropy-based causal discovery mechanism converts causal relationships into 
hyperedge generation rules for dynamic hypergraph construction. Bidirectional cross-attention mechanisms achieve 

collaborative updates between time-frequency and hypergraph features. Experiments achieve 98.73% fault diagnosis accuracy 

on CWRU dataset, 91.77% cross-working-condition transfer accuracy, 82.56% accuracy at -6dB SNR, and 82.4% cross-
dataset generalization accuracy on unseen equipment types. 

Keywords: physical-causal constraints, adaptive time-frequency decomposition, hypergraph neural network, co-evolutionary mechanism, industrial equipment 

monitoring 
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Highlights 

▪ A physical causal framework jointly learns adaptive time 

frequency representations and dynamic causal hypergraphs 

for equipment monitoring across operating conditions. 

▪ Differentiable physical projections enforce energy 

conservation, frequency nonnegativity, and modal 

orthogonality during adaptive basis function learning for 

physically plausible decomposition. 

▪ Transfer entropy hypergraphs and bidirectional cross attention 

improve diagnosis, noise robustness, condition transfer, and 

cross dataset generalization across different equipment. 

1. Introduction 

With Industrial IoT development, intelligent monitoring of 

industrial equipment has become essential for safe production. 

Modern industrial sites deploy numerous sensors collecting 

multimodal signals. However, monitoring data exhibit high 

dimensionality, strong coupling, and non-stationarity 

characteristics. 

Current research follows signal processing and deep 

learning routes. Hou et al. [1] proposed differential modal 

decomposition. Niu et al. [2] constructed multi-task bearing 

fault diagnosis based on deep residual CNNs. Wang et al. [3] 

introduced spatiotemporal graph neural networks for multi-

sensor fusion. However, these methods share several common 

limitations. Fixed basis functions are unable to adapt to time-

varying signal characteristics, binary graph edges are 

insufficient to characterize multi-body high-order interactions, 

and purely data-driven approaches tend to generalize poorly 

when training samples are limited. 

Wang et al. [4] proposed multilayer wavelet attention CNNs 

but lacked physical constraint guidance. Wang et al. [5] 

proposed tensor hypergraph neural networks, and Gao et al. [6] 

developed general hypergraph frameworks. However, most 

hypergraph methods use static prior knowledge without 

considering dynamic evolution. Miele et al. [7] proposed 
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physics-informed probabilistic deep networks. Liu et al. [8] 

proposed causal attention graph neural networks. 

This paper proposes a physical-causal guided adaptive time-

frequency and hypergraph co-evolutionary method, establishing 

bidirectional coupling between time-frequency extraction and 

hypergraph modeling with physical-causal constraints as the 

connecting link. 

Main contributions include:  

(1) A co-evolutionary framework with learnable 

parameterized basis functions, causally-driven dynamic 

hypergraphs, and bidirectional cross-attention.  

(2) Physical constraint regularized adaptive time-frequency 

basis function learning.  

(3) Causally-driven dynamic hypergraph modeling with 

transfer entropy-based causal discovery. 

2. Related work 

2.1. Adaptive time-frequency analysis methods 

Time-frequency analysis maps signals to time-frequency planes 

revealing local frequency characteristics. Traditional methods 

face difficulties optimizing time and frequency resolution 

simultaneously. Miao et al. [9] proposed feature mode 

decomposition. Chen et al. [10] designed anti-noise adaptive 

feature mode decomposition. Li et al. [11] designed adaptive 

synchrosqueezing transform. Chen et al. [12] proposed impact 

time-domain adaptive decomposition. These methods have 

made contributions to adaptive signal decomposition, but they 

generally rely on predefined mathematical basis functions and 

do not incorporate physical constraint guidance into the 

decomposition process. 

2.2. Hypergraph neural networks 

Hypergraphs allow one hyperedge to connect multiple nodes 

simultaneously. Yan et al. [13] proposed multi-resolution 

hypergraph neural networks. Zhao et al. [14] designed model-

assisted multi-source fusion hypergraph CNNs. Chen et al. [15] 

proposed interaction-aware graph neural networks. Wang et al. 

[16] proposed hypergraph-based coupled fault diagnosis. Qin et 

al. [17] designed fuzzy cognitive hypergraph models.  

A common limitation among these works is the reliance on 

static prior knowledge to define hyperedge structures, without 

mechanisms to update the topology in response to changing 

operating conditions or fault evolution. 

2.3. Physical constraints and causal analysis 

Integrating physical priors into deep learning improves 

interpretability. Ni et al. [18] proposed physics-informed 

residual networks. Xu et al. [19] designed physics-informed 

probabilistic networks. Liu et al. [20] proposed causal 

intervention graph neural networks. Zhang et al. [21] designed 

Granger causality-based graph neural networks. Wang et al. [22] 

proposed causal attention graph neural networks. A limitation 

shared by many physics-informed approaches is that physical 

knowledge enters the optimization as soft penalty terms in the 

loss function, which cannot guarantee that the learned 

representations strictly satisfy the underlying physical 

constraints throughout training. 

3. Overall framework 

Time-frequency feature extraction and multi-measurement-

point relationship modeling are two core elements for 

equipment monitoring. This paper constructs a physical-causal 

guided framework establishing bidirectional coupling between 

them. The overall framework is illustrated in Figure 1. The 

framework contains three collaborating modules. The first 

module extracts time-frequency features through neural 

networks with parameterized basis functions, with physical 

plausibility ensured through energy conservation, frequency 

non-negativity, and modal orthogonality constraints; 

differentiable physical projection operators based on Gram-

Schmidt orthogonalization transform these constraints from soft 

penalties into hard embeddings during training. The second 

module employs transfer entropy to quantify causal relationship 

strength among measurement points and converts the results 

into hyperedge connection rules for dynamic hypergraph 

construction; the causally-driven hyperedge generation captures 

high-order interaction patterns that binary graph edges are not 

designed to represent. The third module applies bidirectional 

cross-attention mechanisms to compute correlation matrices 

between time-frequency and hypergraph features, enabling 

mutual enhancement through iterative updates. The fused 

representations encode both time-frequency characteristics and 

causal structural information for final equipment condition 

monitoring output. 
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Figure 1. Physical-causal guided adaptive time-frequency and hypergraph co-evolutionary modeling method for industrial equipment 

monitoring.

4. Physical constraint regularized adaptive time-

frequency basis function learning 

Industrial equipment vibration signals have non-stationary 

characteristics with fault features manifesting as superposition 

of transient impacts and modulation patterns. Traditional time-

frequency methods use predefined basis functions whose 

characteristics are determined by mathematical definitions 

rather than signals themselves. 

4.1. Neural network representation with parameterized 

basis functions 

Given input signal 𝒙 ∈ 𝑅𝑇 , global features are obtained through 

𝒛 = 𝑓𝑔𝑙𝑜𝑏𝑎𝑙(𝒙) = GAP(Conv1D(𝐱))  . Basis function parameters 

are generated through hypernetworks as 𝜃𝑘 = 𝑔𝑘(𝒛) , 

containing center frequency𝜔𝑘 , bandwidth 𝛽𝑘 , and phase 𝜙𝑘 . 

The adaptive basis function is 𝜓𝑘(𝑡; 𝜽𝑘) = 𝑒𝑥𝑝( − 𝛽𝑘
2(𝑡 −

𝜏𝑘)
2) 𝑒𝑥𝑝( 𝑗(𝜔𝑘𝑡 + 𝜙𝑘)). 

Time-frequency coefficients are 𝑐𝑘(𝜏) = ⟨𝒙, 𝜓𝑘(⋅ −𝜏; 𝜽𝑘)⟩ =

∫ 𝑥
+∞

−∞
(𝑡)𝜓𝑘

∗(𝑡 − 𝜏; 𝜽𝑘)𝑑𝑡 . All components form the time-

frequency matrix 𝑪 ∈ 𝐶𝐾×𝑇. 

4.2. Physical constraint regularization 

Energy conservation constraint requires 𝐿𝑒𝑛𝑒𝑟𝑔𝑦 = |‖𝒙‖2
2 −

∑ ‖𝑐𝑘‖2
2𝐾

𝑘=1 | , ensuring decomposition does not create or lose 

signal energy. 

Frequency non-negativity constraint is 𝐿𝑓𝑟𝑒𝑞 =

∑ 𝑚𝑎𝑥(0, −𝜔𝑘)
𝐾
𝑘=1 + ∑ 𝑚𝑎𝑥(0, 𝜔𝑘 − 𝜔𝑚𝑎𝑥)

𝐾
𝑘=1  , preventing 

center frequencies from exceeding physically interpretable 

ranges. 

Modal orthogonality constraint is 𝐿𝑜𝑟𝑡ℎ = ∑ ∑ |⟨𝜓𝑖 , 𝜓𝑗⟩|
2𝐾

𝑗≠𝑖
𝐾
𝑖=1 , 

encouraging different basis functions to maintain approximate 

orthogonality. 

4.3. Differentiable physical projection operators 

Projection operators project intermediate results to feasible 

domains during forward propagation. For frequency non-

negativity, 𝛱𝑓𝑟𝑒𝑞(𝜔) = softplus(𝜔) = 𝑙𝑜𝑔( 1 + 𝑒𝑥𝑝(𝜔)) . For 

bandwidth positive definiteness, 𝛱𝑏𝑎𝑛𝑑𝑤𝑖𝑑𝑡ℎ(𝛽) = 𝜀 +

softplus(𝛽). 

For modal orthogonality, soft orthogonalization uses 𝜓̂𝑘 =

(1 − 𝛼)𝜓𝑘 + 𝛼𝜓𝑘
⊥, where 𝜓𝑘

⊥ = 𝜓𝑘 − ∑
⟨𝜓𝑘,𝜓𝑗

⊥⟩

⟨𝜓𝑗
⊥,𝜓𝑗

⊥⟩
𝜓𝑗
⊥𝑘−1

𝑗=1 . 

The total loss function is 𝐿𝑇𝐹 = 𝐿𝑟𝑒𝑐𝑜𝑛 + 𝜆1𝐿𝑒𝑛𝑒𝑟𝑔𝑦 +

𝜆2𝐿𝑓𝑟𝑒𝑞 + 𝜆3𝐿𝑜𝑟𝑡ℎ, where 𝐿𝑟𝑒𝑐𝑜𝑛 = ||𝒙 − ∑ Re(𝑐𝑘 ∗ 𝜓𝑘)||2
2𝐾

𝑘=1 . 

The Gram-Schmidt orthogonalization procedure described 

above is applied on a per-sample basis during each forward pass. 

For a given input sample, the hypernetwork generates initial 

basis function parameters, and the iterative projection is then 

carried out over the K basis functions associated with that 

sample alone. Because the procedure operates independently for 

Industrial

Equipment

Vibration Signal

Multi-point Data

1
Physical Constraint Regularized Adaptive 

Time-Frequency Basis Function Learning

Global Feature
Extraction

Hypernetwork
Parameter Generation

Parameterized Basis Function Representation

Physical Constraint Regularization

Energy
Conservation

Frequency
Non-negative

Modal
Orthogonality

Differentiable Physical Projection: 

Gram-Schmidt

Time-Frequency Representation Matrix

2
Causally-Driven Dynamic Hypergraph

Co-evolutionary Modeling

Transfer Entropy
Computation

Causal Adjacency
Matrix

Causally-Driven Hyperedge Generation Rules

Dynamic Hypergraph Update & Feature Aggregation

Dynamic Structure

Update:
Hypergraph Neural

Network + Causal Attn

Hypergraph Node Features

3 Bidirectional Cross-Attention Collaborative Fusion

Time-Frequency 

Features

Hypergraph 

Features

Bidirectional Cross-Attention Mechanism

Correlation Matrix Computation

TF Feature Update HG Feature Update

Multi-layer Stacking

Feature Fusion Layer

Encoding both TF characteristics 

and causal structural information

TF
Features

HG 

Features

Equipment

Condition

Monitoring Output

Normal Fault

Degradation Trend

Conv1D + GAP ( )k kg= zθ

2 2( ; ) exp( ( ) ) exp( ( ))k k k k k kt t j t    = − −  +θ

Π freq Πbandwidth

Tx R

causal N NA Rj iTE →

{ } ,cause N M
i ie i N =  H R

HGN d
HG

F R

( ) ( )hypert F= H

1/2 1 1/2( )T
v e e v − − − =X D HW D H D XW

TFN d
TF

F R HGN d
HG

F R

( )( )T
TF Q HG K

kd
=

F W F W
S

AttnTF TF
  +F F AttnHG HG

  +F F

( 1) ( 1) ( ) ( ), BiCrossAttn( , )l l l l

TF HG TF HG

+ + =F F F F

( ) ( )[ ; ]L L

fused TF HG fuse=F F F W



Eksploatacja i Niezawodnosc – Maintenance and Reliability Vol. 29, No. 1, 2027 

 

each sample without accumulating any state across the mini-

batch, it is fully compatible with standard stochastic gradient 

training. Samples within the same mini-batch undergo 

orthogonalization independently of one another, and the process 

admits efficient parallelization through vectorization across the 

batch dimension. 

5. Causally-driven dynamic hypergraph co-evolutionary 

modeling method 

5.1. Transfer entropy-based causal discovery mechanism 

Transfer entropy from measurement point j to i is 𝑇𝐸𝑗→𝑖 =

∑𝑝 (𝑥𝑖
(𝑡+1)

, 𝑥𝑖
(𝑡)
, 𝑥𝑗

(𝑡)
) 𝑙𝑜𝑔

𝑝(𝑥𝑖
(𝑡+1)

|𝑥𝑖
(𝑡)
,𝑥𝑗
(𝑡)
)

𝑝(𝑥
𝑖
(𝑡+1)

|𝑥
𝑖
(𝑡)
)

 , measuring the additional 

contribution of measurement point j's history to predicting 

measurement point i's future state. The causal adjacency matrix 

𝑨𝑐𝑎𝑢𝑠𝑎𝑙 ∈ 𝑅𝑁×𝑁  has elements 𝐴𝑖𝑗
𝑐𝑎𝑢𝑠𝑎𝑙 = 𝑇𝐸𝑗→𝑖 , reflecting causal 

relationship directionality. 

5.2. Causally-driven hyperedge generation rules 

For each measurement point i, causal neighborhoods are 

𝑁𝑖
𝑐𝑎𝑢𝑠𝑒 = {𝑗: 𝐴𝑗𝑖

𝑐𝑎𝑢𝑠𝑎𝑙 > 𝜃𝑐𝑎𝑢𝑠𝑒} . With measurement point i as 

center, all nodes in its causal neighborhood form hyperedge 

𝑒𝑖 = {𝑖} ∪ 𝑁𝑖
𝑐𝑎𝑢𝑠𝑒. The incidence matrix 𝑯 ∈ 𝑅𝑁×𝑀 is defined 

as 𝐻𝑣𝑒 = 1 if node v belongs to hyperedge e. 

Dynamic hypergraph update uses 𝑯(𝑡) =

𝐹ℎ𝑦𝑝𝑒𝑟(𝑨
𝑐𝑎𝑢𝑠𝑎𝑙(𝑡), 𝜃𝑐𝑎𝑢𝑠𝑒(𝑡)) , where 𝜃𝑐𝑎𝑢𝑠𝑒(𝑡) = 𝜇𝐴(𝑡) + 𝛾𝜎𝐴(𝑡)  is 

automatically determined from causal strength distribution 

statistics. 

5.3. Hypergraph neural network feature aggregation 

Hyperedge features are computed as 𝒀𝑒 =
1

|𝑒|
∑ 𝑿𝑣𝑣∈𝑒 𝑾𝑛2𝑒 . Node 

feature updates are 𝑿𝑣′ = 𝜎 (∑
1

|𝑒|𝑒:𝑣∈𝑒 𝒀𝑒𝑾𝑒2𝑛) . Unified 

representation is 𝑿′ = 𝜎(𝑫𝑣
−1/2

𝑯𝑾𝑒𝑫𝑒
−1𝑯𝑇𝑫𝑣

−1/2
𝑿𝑾). 

Causal attention weights node contributions within hyperedges 

as 𝛼𝑣,𝑒 =
𝑒𝑥𝑝(𝐴𝑣,𝑐𝑒𝑛𝑡𝑒𝑟(𝑒)

𝑐𝑎𝑢𝑠𝑎𝑙 )

∑ 𝑒𝑥𝑝
∑𝑢,𝑐𝑒𝑛𝑡𝑒𝑟(𝑒)
𝑐𝑎𝑢𝑠𝑎𝑙

𝑢∈𝑒

.  

5.4. Bidirectional cross-attention collaborative 

mechanism 

Given time-frequency feature matrix 𝑭𝑇𝐹 ∈ 𝑅𝑁×𝑑𝑇𝐹   and 

hypergraph feature matrix 𝑭𝐻𝐺 ∈ 𝑅𝑁×𝑑𝐻𝐺 , correlation matrix is 

𝑺 =
𝑭𝑇𝐹𝑾𝑄(𝑭𝐻𝐺𝑾𝐾)

𝑇

√𝑑𝑘
. 

Time-frequency feature updates are 𝑭𝑇𝐹′ = 𝑭𝑇𝐹 +

softmax(𝐒)𝐅𝐻𝐺𝑾𝑉
𝐻𝐺 . Hypergraph feature updates are 𝑭𝐻𝐺′ =

𝑭𝐻𝐺 + softmax(𝐒𝑇)𝑭𝑇𝐹𝑾𝑉
𝑇𝐹. 

After multi-layer collaborative updates, fused features are 

𝑭𝑓𝑢𝑠𝑒𝑑 = [𝑭𝑇𝐹
(𝐿)
; 𝑭𝐻𝐺

(𝐿)
]𝑾𝑓𝑢𝑠𝑒 , encoding both time-frequency 

characteristics and causal structural information. 

6. Experimental verification and analysis 

6.1. Dataset and experimental setup 

This paper uses the CWRU bearing dataset [23] for verification. 

The experimental platform consists of a 2-horsepower motor, 

torque sensor, power meter, and electronic controller. The 

bearing model is SKF 6205-2RS with 12 kHz sampling 

frequency. Fault types include ball fault, inner race fault, and 

outer race fault with diameters of 0.007, 0.014, and 0.021 inches. 

Combined with normal state, 10 fault patterns are formed. 

Motor speeds are 1797, 1772, 1750, and 1730 rpm 

corresponding to loads of 0, 1, 2, and 3 hp. Each sample extracts 

2048 sampling points. Training and test sets are divided in 7:3 

ratio with 5 repetitions. 

 

Figure 2. CWRU bearing dataset experimental platform and signal acquisition schematic. The left side shows the test rig structure 

including drive motor, test bearing, torque sensor, and load motor. The right side displays vibration signal waveforms from drive end 

and fan end measurement points with 12 kHz sampling frequency and 2048 sampling points per sample. 
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Vibration signals from both drive end and fan end 

accelerometers are used. Network training uses Adam optimizer 

with learning rate 0.001, batch size 64, and maximum 200 

epochs. The number of adaptive basis functions is 8, causal 

threshold γ is 1.0, and cross-attention layers are 3. Experiments 

are completed on NVIDIA RTX 3090. The experimental 

platform and typical signal waveforms are shown in Figure 2. 

6.2. Overall fault diagnosis performance comparison 

Multiple methods are selected for comparison: VMD [24], 

WDCNN [25], CNN [26], DRSN [27], MRF-GCN [28], TFT 

[29], and Attention-CNN [30]. For VMD [24], vibration modes 

are first decomposed using variational mode decomposition, 

and a fixed set of time-domain and frequency-domain statistical 

features—including root mean square, kurtosis, skewness, 

peak-to-peak value, and spectral centroid—are extracted from 

each mode. These features are concatenated into a feature vector 

and fed into a support vector machine classifier with a radial 

basis function kernel. The mode number K and the penalty 

coefficient C are jointly determined through five-fold cross-

validation on the training set, and the bandwidth constraint 

parameter is fixed at 2000 as recommended in the original VMD 

formulation [24]. The reported accuracy of 92.35% corresponds 

to this complete VMD+SVM pipeline. 

The proposed method achieves 98.73±0.21% accuracy, 

outperforming VMD (92.35%), CNN (95.67%), WDCNN 

(96.82%), DRSN (97.24%), MRF-GCN (97.56%), Attention-

CNN (97.83%), and TFT (98.12%). The proposed method also 

achieves the highest AUC of 0.9987, compared with TFT 

(0.9956), DRSN (0.9912), MRF-GCN (0.9878), WDCNN 

(0.9845), and CNN (0.9723). Compared with VMD, accuracy 

improves by 6.38 percentage points. Compared with MRF-GCN, 

accuracy improves by 1.17 percentage points, indicating that 

hypergraph representations offer advantages in high-order 

relationship characterization. 

The confusion matrix for 10-class fault recognition is 

presented in Figure 3. Diagonal elements show high values, 

indicating accurate identification of all fault types. 

Misclassified samples mainly concentrate between different 

damage degrees of the same fault type, conforming to the 

observation that adjacent damage degrees tend to produce more 

similar feature representations. 

 

Figure 3. Confusion matrix of the proposed method on CWRU 

dataset. The horizontal axis represents predicted labels and 

vertical axis represents true labels. Diagonal elements indicate 

correctly classified samples with color depth reflecting 

magnitude. Categories 0-9 correspond to normal, ball fault 

0.007"/0.014"/0.021", inner race fault 0.007"/0.014"/0.021", 

and outer race fault 0.007"/0.014"/0.021". 

6.3. Ablation experiments 

Systematic ablation experiments verify effectiveness of core 

components. The full model achieves 98.73% accuracy. 

Removing physical constraints causes 0.88 percentage points 

decrease. Removing causal discovery causes 1.31 percentage 

points decrease, the largest among all configurations, indicating 

that transfer entropy-based causal analysis plays an important 

role in capturing information flow directions among 

measurement points. Using fixed basis functions causes 1.20 

percentage points decrease, validating advantages of adaptive 

basis function learning. Replacing the hypergraph with an 

ordinary graph causes a 1.05 percentage point decrease, 

indicating that high-order relationship modeling contributes 

measurably to diagnostic performance. Removing cross-

attention causes 0.82 percentage points decrease. 

As shown in Figure 4, the accuracy distribution across fault 

types reveals that the full model shows most complete contour 

with high values in all directions. After removing causal 

discovery, performance decreases notably on inner race and ball 

fault recognition, possibly because these fault types exhibit 

complex causal transfer patterns across multiple measurement 



Eksploatacja i Niezawodnosc – Maintenance and Reliability Vol. 29, No. 1, 2027 

 

points. 

 

Figure 4. Radar chart of recognition accuracy for different 

ablation configurations across fault types. Each axis represents 

a fault type with values increasing outward. Different colored 

curves correspond to six configurations. Larger radar chart 

area indicates better overall performance. 

6.4. Variable working condition transfer experiments 

Cross-working-condition transfer experiments are designed 

with working conditions A, B, C, D corresponding to 0, 1, 2, 3 

hp loads. The proposed method achieves 91.77% average 

accuracy, improving by 2.93 percentage points over TFT 

(88.84%). For A→D transfer with maximum working condition 

span from 0 to 3 hp, the proposed method maintains 88.72% 

while VMD achieves only 71.23%. Physical constraints ensure 

learned time-frequency features conform to energy 

conservation principles that remain unchanged under different 

working conditions. Causally-driven hypergraph structures 

focus on causal transfer relationships rather than signal 

amplitudes, and causal relationships maintain working 

condition stability at the fault mechanism level. 

The performance comparison through heatmap is illustrated 

in Figure 5. The proposed method shows overall deeper colors 

and uniform distribution, indicating high and stable 

performance across transfer directions. The TFT method shows 

deeper colors near the diagonal but lighter colors in distant 

regions, indicating sensitivity to working condition changes. 

 

Figure 5. Accuracy heatmap of different methods under various working condition transfer scenarios. The horizontal axis is target 

domain working condition and vertical axis is source domain. Color depth represents accuracy level. Left side shows the proposed 

method and right side shows TFT method. 

6.5. Cross-dataset generalization experiments 

To verify the generalization capability of the proposed method 

across different equipment types and operating conditions, 

cross-dataset transfer experiments are conducted on four 

additional public datasets: PHM 2012 bearing dataset [31], 

MFPT dataset [32], Paderborn University (PU) dataset [33], and 

SEU gearbox dataset [34]. The PHM 2012 dataset contains run-

to-failure bearing degradation data with 2560 Hz sampling 

frequency [31]. The MFPT dataset includes bearing fault data 

collected under real industrial noise conditions with 48828 Hz 

sampling frequency [32]. The PU dataset provides vibration 

signals from bearings with artificial and real damages under 

various operating conditions [33]. The SEU gearbox dataset 

contains gearbox fault signals, which is used to validate method 

transferability to different equipment types beyond bearings 

[34]. 

The model trained on CWRU dataset is directly applied to 



Eksploatacja i Niezawodnosc – Maintenance and Reliability Vol. 29, No. 1, 2027 

 

these datasets without fine-tuning to evaluate zero-shot transfer 

capability. For fair comparison, all signals are resampled to 12 

kHz and segmented into 2048-point samples consistent with 

CWRU preprocessing. The cross-dataset generalization 

performance is illustrated in Figure 6. The proposed method 

achieves 89.3%, 87.2%, 85.7%, and 82.4% accuracy on PHM, 

MFPT, PU, and SEU datasets respectively, outperforming TFT 

[29] by 4.5, 5.2, 6.3, and 7.8 percentage points. Compared with 

MRF-GCN [28], the proposed method shows 5.8, 6.4, 7.2, and 

8.5 percentage points improvement. The performance gap 

between the proposed method and comparison methods 

increases on more challenging datasets, particularly on SEU 

gearbox dataset where equipment type differs from the source 

domain.  

The transfer from CWRU bearing data to SEU gearbox data 

involves two levels of domain shift. At the device level, bearing 

fault signatures are characterized by impulsive excitations at 

characteristic frequencies (BPFI, BPFO, BSF) determined by 

rolling element geometry, whereas gearbox fault signatures are 

governed by gear mesh frequency harmonics and modulation 

sidebands arising from shaft rotation. These two excitation 

mechanisms produce time-frequency patterns that differ in their 

structural organization. At the signal statistics level, gearbox 

vibration signals typically contain more complex multi-source 

coupling components, leading to differences in spectral 

envelope shape and degree of non-stationarity compared with 

bearing signals. 

The proposed method retains a relatively competitive level 

of performance in this scenario through two complementary 

aspects of its design. The physical constraints imposed on time-

frequency decomposition— energy conservation, frequency 

non-negativity, and modal orthogonality—are properties of 

physical signals that hold regardless of the source equipment 

type. As a result, the learned basis functions conform to 

physically interpretable frequency structures independent of the 

source domain. The transfer entropy-based hypergraph 

construction focuses on inter-sensor causal flow patterns rather 

than signal amplitude statistics. Under fault conditions, the 

tendency for drive-end sensors to exert stronger causal 

influence on downstream sensors reflects the mechanical 

transmission path. While the quantitative magnitude of these 

causal strengths differs between bearing and gearbox systems, 

the directional structure of the causal propagation pattern retains 

a consistent character that supports cross-equipment 

transferability. 

Physical constraints ensure that learned time-frequency 

features conform to universal energy conservation principles 

that remain valid across different equipment. Causally-driven 

hypergraph structures focus on fundamental causal transfer 

patterns rather than dataset-specific amplitude characteristics, 

enabling better cross dataset generalization. 

 

Figure 6. Cross-dataset generalization performance comparison. The horizontal axis represents four target datasets (PHM 2012 [31], 

MFPT [32], PU [33], and SEU [34]) and the vertical axis represents diagnostic accuracy. Different colored bars correspond to eight 

methods. The model is trained on CWRU dataset and directly tested on target datasets without fine-tuning. Error bars represent 

standard deviations from five repeated experiments. 
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6.6. Noise robustness analysis

Gaussian white noise of different intensities is added to test data 

with SNR of -6dB to 6dB. The diagnostic accuracy curves under 

different noise intensities are shown in Figure 7. At -6dB, the 

proposed method achieves 82.56% while CNN [26] only 

achieves 62.45%, a difference of 20.11 percentage points. At 6 

dB, the proposed method reaches 98.73%. Physical constraints 

make the model learn features that conform to physical laws 

rather than noise components. Causally-driven hypergraph 

structures focus on causal relationships that have greater 

stability under noise perturbations. 

 

Figure 7. Diagnostic accuracy curves of different methods under various SNR conditions. The horizontal axis shows SNR levels 

ranging from -6dB to 6dB and vertical axis shows diagnostic accuracy. Different colored curves correspond to six methods including 

Proposed, TFT [29], DRSN [27], MRF-GCN [28], WDCNN [25], and CNN [26]. 

6.7. Time-frequency feature visualization analysis

To understand performance in time-frequency feature extraction, 

visualization analysis is conducted. As shown in Figure 8, the 

proposed adaptive basis functions achieve better time-

frequency resolution balance near bearing characteristic 

frequencies compared with traditional Morlet wavelet. 

Traditional Morlet wavelet shows a fixed change pattern along 

the frequency axis, while the proposed method shows adaptive 

matching characteristics to fault characteristic frequency bands. 

 

Figure 8. Time-frequency resolution comparison between adaptive and fixed basis functions. The left side shows the proposed 

adaptive basis function resolution distribution and right side shows traditional Morlet wavelet. The horizontal axis is frequency and 

vertical axis is time resolution. 
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6.8. Hypergraph structure and causal relationship 

visualization 

The inter-measurement-point causal adjacency matrix is 

visualized in Figure 9. The asymmetric structure reflects 

information flow directionality. Drive end signals have higher 

causal influence on fan end signals than the reverse direction, 

which is consistent with the physical structure where the fault 

source is at the drive end bearing and vibration signals 

propagate to the fan end through the shaft system.  

Figure 10 compares the learned hypergraph structures 

between normal and fault states. The normal state shows  

a relatively sparse hypergraph with low causal association 

strength. The fault state shows a more complex topology with 

drive end measurement points showing higher node importance 

as fault sources. High-order hyperedges connecting multiple 

measurement points increase in number and weight, reflecting 

more active vibration energy transfer among measurement 

points under fault conditions. 

 

Figure 9. Heatmap visualization of causal adjacency matrix. 

Horizontal and vertical axes correspond to drive end X, drive 

end Y, fan end X, and fan end Y measurement points. Matrix 

elements represent causal strength from transfer entropy 

calculation. Deeper colors indicate stronger causal influence. 

Asymmetric matrix structure reflects causal relationship 

directionality. 

 

Figure 10. Comparative visualization of hypergraph structures under normal and fault states. The left side shows normal state 

hypergraph structure and right side shows inner race fault state. Nodes represent measurement points. Hyperedges are represented by 

closed curves surrounding multiple nodes. Curve thickness reflects hyperedge weight. Node size reflects importance in hypergraph.  

6.9. Physical constraint effectiveness verification 

Physical constraints are important components of the proposed 

method. As illustrated in Figure 11, with physical constraints, 

energy reconstruction error remains at approximately 0.8%. 

Without constraints, the error fluctuates with some samples 

exceeding 15%. Physical constraints effectively control energy 

reconstruction error within a reasonable range through energy 

conservation regularization terms in the loss function. 

Figure 12 compares the orthogonality of the learned basis 

functions. With orthogonality constraint, inner product absolute 

values between basis functions are generally small, with 



Eksploatacja i Niezawodnosc – Maintenance and Reliability Vol. 29, No. 1, 2027 

 

average non-diagonal element approximately 0.05. Without 

constraint, inner product values are larger with some exceeding 

0.3, indicating modal aliasing among components. 

The correspondence between learned basis function center 

frequencies and bearing theoretical characteristic frequencies is 

shown in Figure 13. Distribution peaks highly match rotation 

frequency 𝑓𝑟 , BSF, BPFO, BPFI, and resonance frequencies, 

indicating that the model learns frequency components related 

to fault mechanisms through a data-driven approach without 

requiring pre-specified characteristic frequencies. 

 

Figure 11. Analysis of energy conservation constraint satisfaction degree. The horizontal axis is sample index and vertical axis is 

energy reconstruction error ratio. Two curves correspond to configurations with and without physical constraints. Error closer to zero 

indicates higher satisfaction degree of energy conservation constraint. 

 

Figure 12. Orthogonality matrix between learned basis functions. Heatmap matrix rows and columns correspond to 8 adaptive basis 

functions. Matrix elements are inner product absolute values between two basis functions. Diagonal elements are basis function 

norms. Left side shows results with modal orthogonality constraint and right side shows results without constraint.  
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Figure 13. Histogram of adaptive basis function center frequency distribution and correspondence with theoretical characteristic 

frequencies. The horizontal axis is frequency in Hz and vertical axis is basis function occurrence count. Red dashed lines mark 

theoretical bearing characteristic frequency positions including  =29.95Hz for rotation frequency, BSF=69.8Hz for ball fault, 

BPFO=107.4Hz for outer race fault, BPFI=162.2Hz for inner race fault, and 2×BPFI=324.4Hz for second harmonic. Green dashed 

lines mark resonance frequencies at  =2500Hz and  =3000Hz. Background colors distinguish fault characteristic frequency band (0-

400Hz, orange), modulation band (400-1500Hz, purple), and resonance band (1500-3500Hz, green).

6.10. Parameter sensitivity analysis 

The proposed method involves multiple hyperparameters. As 

shown in Figure 14, when the number of basis functions K 

increases from 2 to 8, accuracy shows upward trend, indicating 

that more basis functions can better represent multiple 

frequency components. When K exceeds 8, accuracy stabilizes 

and slightly decreases, possibly because excessive basis 

functions introduce redundant components. K=8 is selected as 

default setting. 

Figure 15 shows influence of bidirectional cross-attention 

layer number on diagnostic performance. Single-layer cross-

attention shows relatively low performance, indicating that 

shallow feature interaction is insufficient for full fusion of time-

frequency and hypergraph representations. When the layer 

number increases to 2–3, accuracy improves. When the layer 

number exceeds 4, accuracy no longer improves, possibly due 

to overfitting. L=3 achieves optimal performance considering 

accuracy and model complexity. 

The sensitivity of diagnostic performance to the causal 

threshold parameter γ is also examined. This parameter controls 

the density of the constructed hypergraph topology through the 

adaptive threshold 𝜃𝑐𝑎𝑢𝑠𝑒(𝑡) = 𝜇𝐴(𝑡) + 𝛾𝜎𝐴(𝑡)  where 𝜇𝐴(𝑡) 

and 𝜎𝐴(𝑡) denote the mean and standard deviation of the causal 

strength distribution at time t. When γ is set too small, the 

threshold falls below the mean causal strength, admitting a large 

number of weak causal connections into the hyperedge structure 

and introducing noise into the relational modeling. When γ is 

set too large, the threshold becomes excessively restrictive and 

the hypergraph degenerates toward isolated nodes, which 

undermines the high-order interaction modeling capability that 

motivates the hypergraph formulation. The default value γ = 1.0 

retains connections that exceed one standard deviation above 

the mean causal strength, providing a balance between 

structural richness and noise suppression. 

To quantitatively characterize the effect of γ, experiments 

are conducted with γ varying over {0.5, 0.75, 1.0, 1.25, 1.5, 2.0} 

while all other hyperparameters are held at their default values. 

Each configuration is repeated five times. The results are 
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summarized in Table 1. 

Table 1. Diagnostic accuracy (%) of the proposed method under 

different causal threshold values γ on the CWRU dataset. 

Results are reported as mean ± standard deviation over five 

repeated experiments. 

γ Hypergraph Topology Accuracy (%) 

0.5 Dense (many weak connections admitted) 96.54 ± 0.38 

0.75 Moderately dense 97.82 ± 0.29 

1.0 Balanced (default) 98.73 ± 0.21 

1.25 Moderately sparse 98.35 ± 0.25 

1.5 Sparse 97.61 ± 0.31 

2.0 Highly sparse (isolated nodes appear) 96.08 ± 0.44 

The results confirm the analysis above: accuracy peaks at γ 

= 1.0 and decreases in both directions. When γ = 0.5, the 

hypergraph admits excessive weak causal connections, 

introducing relational noise that reduces diagnostic accuracy by 

2.19 percentage points relative to the default. When γ = 2.0, the 

threshold is too restrictive and the hypergraph degenerates 

toward an under-connected structure, resulting in a 2.65 

percentage point decrease. The proposed default of γ =  1.0 

provides a robust operating point, with accuracy remaining 

above 98% for γ in [0.75, 1.25], indicating that the method is 

not overly sensitive to moderate variations of this parameter. 

 

Figure 14. Influence curve of basis function number on diagnostic accuracy. The horizontal axis is basis function number K ranging 

from 2 to 16 and vertical axis is diagnostic accuracy. Error bars represent standard deviations from five repeated experiments. 

 

Figure 15. Influence curve of bidirectional cross-attention layer number on diagnostic accuracy. The horizontal axis is attention layer 

number L ranging from 1 to 6 and vertical axis is diagnostic accuracy. Model parameter counts are annotated for each layer number. 
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6.11. Computational complexity analysis 

The practical applicability of the proposed method depends not 

only on diagnostic accuracy but also on its computational 

demands during training and inference. The transfer entropy 

computation constitutes the most computationally involved 

preprocessing step. For a system with N measurement points, 

the estimation of causal adjacency matrix entries requires 

evaluating N(N-1) directional transfer entropy values, each of 

which depends on conditional probability density estimation 

from finite-length time series. In the present experimental 

setting with N = 4 measurement points (DE-X, DE-Y, FE-X, 

FE-Y), this amounts to 12 pairwise computations per signal 

segment. For deployments involving a larger number of sensors, 

approximate entropy estimators or sensor-pair pre-screening 

strategies based on physical proximity or known mechanical 

coupling paths can be employed to reduce computational 

overhead. 

The dynamic hypergraph update step runs once per forward 

pass and does not involve iterative optimization beyond 

standard neural network backpropagation, keeping inference-

phase cost proportional to the hyperedge count rather than to the 

full pairwise causal computation. Pre-computing causal 

neighborhoods in an offline calibration phase and refreshing 

them at a lower frequency than the classification cycle 

represents a practical approach to reducing online inference 

latency in deployment contexts. 

Table 2. Computational complexity comparison (NVIDIA RTX 3090, CWRU test set). 

Method Parameters (M) Training Time (s/epoch) ↓ Inference Latency (ms) ↓ 

CNN [26] 0.47 8.3 1.8 

WDCNN [25] 0.85 11.2 2.4 

DRSN [27] 1.52 19.6 3.7 

MRF-GCN [28] 1.83 26.4 5.1 

TFT [29] 2.11 33.8 6.9 

Proposed 2.40 47.2 9.6 

As shown in Table 2, the proposed method carries a higher 

computational cost than simpler baseline methods, attributable 

primarily to the transfer entropy preprocessing and dynamic 

hypergraph update. The inference latency of 9.6 ms per sample 

is compatible with quasi-real-time monitoring applications. For 

stricter latency budgets, the offline causal neighborhood pre-

computation strategy described above can further reduce online 

inference cost. 

7. Conclusion and future work 

This paper proposes a physical-causal guided adaptive time-

frequency and hypergraph co-evolutionary method for 

industrial equipment monitoring. The framework integrates 

three collaborating modules. The first module learns 

parameterized time-frequency basis functions with energy 

conservation, frequency non-negativity, and modal 

orthogonality enforced through differentiable physical 

projection operators, ensuring that decomposed components 

conform to physical plausibility throughout training. The 

second module employs transfer entropy to discover inter-

sensor causal relationships and converts them into dynamic 

hyperedge generation rules, constructing a hypergraph topology 

that captures high-order interaction patterns among 

measurement points. The third module applies bidirectional 

cross-attention to achieve iterative mutual enhancement 

between the time-frequency and hypergraph feature 

representations. The three modules are coupled through shared 

feature representations, so that the time-frequency 

decomposition informs the causal structure construction and the 

causal structure in turn guides the feature aggregation process. 

Experiments achieve 98.73% accuracy on CWRU, 91.77% 

cross-condition transfer, 82.56% at −6 dB SNR, and 82.4% 

cross-dataset generalization on unseen equipment. 

The method is primarily suited to multi-sensor rotating 

machinery health monitoring scenarios where vibration signals 

exhibit non-stationary characteristics and multi-source coupling. 

Its design requires that measurement points be physically 

connected through a mechanical transmission path, so that 

transfer entropy can meaningfully reflect fault propagation 

directions, and that a sufficient length of signal history be 

available for reliable causal estimation. Under conditions of 

severely limited training data or very short observation 

windows, the reliability of the causal adjacency matrix 

estimation may be reduced. The cross-dataset experiments 
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indicate that zero-shot transfer to equipment of a different 

mechanical type remains more challenging than within-type 

transfer, and domain adaptation strategies may offer further 

improvement in such settings. 

Future work will pursue three directions. The first concerns 

the development of lightweight transfer entropy computation 

schemes suitable for online deployment, including approximate 

conditional probability estimators and sliding-window update 

strategies that reduce per-sample processing time to a level 

compatible with the latency constraints of edge hardware. The 

second concerns model compression and knowledge distillation 

approaches that reduce the parameter footprint of the 

bidirectional cross-attention module, making the full 

framework deployable on processors with constrained memory. 

The third concerns extending the framework from fault 

classification to remaining useful life estimation and 

degradation trend prediction, where the dynamic causal 

hypergraph structure may provide additional interpretable 

information about the stage of fault progression.
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