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Multi-scale time-frequency synergistic Transformer driven fault diagnosis
method for aero-engine

Lian Shuai

(China Flight Test Establishment,Xi'an 710089, China)

Abstract: As the core power component of aircraft, the operational reliability of aero-engines is directly related to flight
safety and efficiency, and fault diagnosis of intershaft bearings is a key measure to ensure their stable operation.
Aiming at the fault diagnosis problem of intershaft bearings in aero-engines, this study first analyzes the limitations of
existing 1D-CNN and 1D-Transformer methods: the self-attention mechanism is susceptible to high-frequency noise and
redundant information in raw vibration signals, which weakens the ability to focus on critical fault features;
meanwhile, the pure Transformer architecture shows insufficient capability in capturing subtle local features. To
address these issues, a Multi-Scale Time-Frequency Synergy Transformer based fault diagnosis method is proposed,
which integrates multi-scale time-frequency feature extraction with the global modeling capability of the Transformer,
enabling collaborative capturing of both subtle local features and global correlation features of vibration signals.
Experimental results indicate that in Gaussian white noise environments (SNR from —4 dB to 4 dB), the proposed
method exhibits excellent fault diagnosis performance for aero-engine intershaft bearings: both diagnostic accuracy and
F1-Score are optimal, reaching 96.04% under strong noise (—4 dB) and 99. 84 % under weak noise (4 dB), with
noise-resistance stability superior to five benchmark methods. On the CWRU benchmark dataset. in both noise-free
and noisy scenarios, it can stably identify different fault severities Cincluding slight inner-race faults), achieving
99. 01 % accuracy under strong noise (—4 dB) and 99. 78% under weak noise (4 dB) , thereby demonstrating its strong
generalization capability. In conclusion, the proposed MSTFS-Transformer effectively alleviates the insufficient feature-
focusing and weak local feature-capturing problems under noise interference, providing an efficient and robust solution
for aero-engine intershaft bearing fault diagnosis. Its strong noise immunity and accurate identification capability meet
the demands of complex vibration environments in practical engineering, and offer solid technical support for improving
fault-monitoring reliability.

Keywords: aero-engine; inter-shaft bearing fault diagnosis; multi-scale feature extraction; dual-channel dynamic
cooperative attention; wavelet time-frequency hierarchical Transformer
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Fig. 7 Detailed fault states of inter-shaft bearing in aero-engine
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Fig. 8 Confusion matrices of MSTFS-Transformer under different signal-to-noise ratios
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Table 5 Ablation study in Gaussian white noise environment %
SNR=—4 dB SNR=—2 dB SNR=0 dB SNR=2 dB SNR=4 dB
) 4% fi X F1- . F1- ) F1- . Fl1- i Fl1-
iRTIES IR RTINS IR RTINS

Score Score Score Score Score

1D-Vit 93. 47 93.48 95.76 95.76 97.55 97.90 98. 46 98. 46 99. 62 99. 62

+ AHSFPM 95.18 95.18 97. 06 97.06 98. 22 98. 22 98. 85 98. 85 99. 68 99. 68
+DCAM 94. 82 94. 82 96. 85 96. 85 98. 10 98. 10 98. 80 98. 80 99. 67 99. 67
+WRFH-Transformer  94. 91 94.91 96.92 96.92 98. 15 98. 15 98. 83 98. 83 99. 68 99. 68
MSTFS-Transformer 96. 04 96. 04 98. 46 98. 46 99. 43 99.43 99.72 99.72 99. 84 99. 84
RS AE—4 dB N HERR IR T 2.57% .46 0 dB B35 % 7 ERNEAEECWRUHBEE LISHERT LD

99.43% . 7E 4 dB 3K 9. 84 %, /KB T = & 7E S5 AE 1 5 | i GE

Table 7 Comparison and analysis of diagnostic results
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Table 8 Diagnostic results under different signal-to-noise ratios in Gaussian white noise environment %
(8 1 LENet-5 MobileNetV3 1D-Vit MCF-1DVit ResNet-06 MSTFS-Transformer
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Score Score Score Score Score Score
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