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Abstract

Aiming at the problems of cross condition feature distribution drift, scarce target domain labels,
and lack of physical interpretability of deep models in rolling bearing fault diagnosis under variable
load conditions, a multimodal intelligent diagnosis architecture was proposed, which integrated multi-
dimensional manifold reconstruction, CNN-SVM feature decoupling, and semi supervised pseudo
label learning. Firstly, based on the detachment of the global steady-state trend, a high-dimensional
feature map was constructed by combining high-order time-domain statistics, frequency-domain
energy demodulation, and continuous wavelet transform. Principal component analysis (PCA) was
used to construct a low rank orthogonal projection manifold, which could filter out 19.5% of tail
redundant components while retaining the main explanatory variance. Secondly, a CNN-SVM serial
diagnostic network was constructed to extract high-order topological representations from the pre
CNN, and establish global decision boundaries based on the principle of minimizing the structural
risk of the back-end SVM. Thirdly, a pseudo label closed-loop iterative mechanism based on a dy-
namic confidence threshold was embedded to adaptively mine the implicit clustering structure of
unlabeled samples in the target domain to correct the decision surface, effectively suppressing local
overfitting under small sample constraints. Finally, a feature traceability operator based on integrated
tree Gini impurity was introduced to quantify feature weights, and comprehensive verification was
carried out through 0~3 HP gradientloading experiments. The results showed that the architecture
significantly alleviated the convergence blockage caused by distribution offset, and the diagnostic
accuracy under extreme overload reached 91.94%, and the evolution analysis of feature importance
revealed the frequency band energy transfer law induced by increasing load, and the diagnostic
core criterion shifted from basic amplitude frequency indicators (such as spectral centroid) to deep
topological indicators that could characterize signal complexity (such as spectral roll off and spec-
tral entropy). This method not only achieved high-precision prediction of complex working condi-
tions, but also established a physical mapping relationship between data-driven decision-making
and mechanical dissipative dynamics.
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Figure 1. Time frequency analysis of wavelet transform
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Figure 2. Relationship between time-domain RMS and frequency-domain total power
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Figure 3. 2D projection view of PCA principal components
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Table 1. Performance comparison of baseline models under varying loads

1 THATEEERMEREEER

WA PEM FEFR B THLO0 HP) FRER T (1 HP) FRER (2 HP) 2 R 2 453 HP)
Logistic Regres-  Accuracy 0.9524 0.9324 0.9405 0.9100
sion F1-Score 0.9522 0.9311 0.9365 0.8941
Accuracy 0.9215 0.9537 0.9386 0.9080
SVM F1-Score 0.9323 0.9520 0.9365 0.8994
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Gk
Accuracy 0.9847 0.9755 0.9687 0.9794
Random Forest
F1-Score 0.9822 0.9733 0.9682 0.9788
Accuracy 0.9554 0.9778 0.9693 0.9794
XGBoost
F1-Score 0.9517 0.9732 0.9682 0.9788
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Figure 4. Convergence curves of accuracy and loss for the CNN model in the base feature space
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Figure 5. Comparison of cross-domain convergence evolution of the model under varying load conditions (0 HP
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Table 2. Quantitative evaluation of pseudo-label learning performance under different load conditions

2. PR LR T hRESF SN EEITN

Ffar 0L TR % (Acc.) K2 (Pre.) F1 43 %((F1) H[Fl % (Rec.)
Load 0 0.9622 0.9630 0.9622 0.9620
Load 1 0.9560 0.9612 0.9560 0.9553
Load 2 0.8755 0.8807 0.8755 0.8741
Load 3 0.9194 0.9246 0.9194 0.9171
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Figure 6. Diagnostic decision distribution and feature importance evolution of the Random
Forest model under varying load conditions. (a) (c) (e) (g) Classification confusion matrices
under 0 HP, 1 HP, 2 HP, and 3 HP loads, respectively; (b) (d) (f) (h) Top 30 feature weight
distributions based on global Gini impurity reduction under the corresponding loads
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Figure 8. Feature importance ranking of pseudo-label learning under load 1 condition
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Figure 9. Feature importance ranking of pseudo-label learning under load 2 condition
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Figure 10. Feature importance ranking of pseudo-label learning under load 3 condition
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