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Fig. 1  Architecture of Informer model
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AR 53 32
Input(Time) (B, 1, 1024)
TimeConv-Block 1 (B, 32,512) Input
TimeConv-Block2 (B, 64, 256) TimeConv-Block1
TimeConv-Block3 (B, 128, 128) TimeConv-Block2
Time-Informer (B, 128, 128) TimeConv-Block3
Time-GAP (B, 128) Time-Informer
I 470 52
FFT Transform (B,512) Input
Input(Frequency) (B, 1,512) FFT Transform
FreqConv-Blockl (B, 16, 256) Input(Frequency)
FreqConv-Block2 (B, 32, 128) FreqConv-Block1
FreqConv-Block3 (B, 64, 64) FreqConv-Block2
Freq-Informer (B, 64, 64) FreqConv-Block3
Freq-GAP (B, 64) Freq-Informer
FHIERLG 512k
Concatenate (B, 192) Time-GAP+ Freq-GAP
FC-Layerl (B, 128) Concatenate
FC-Layer2 (B, 64) FC-Layerl
Output Layer (B, 3% FC-Layer2
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Table 2 Rolling bearing fault types
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Table 4 RMS values of each fault type under different loads

i RMS {/g WAL
bR%E 0 hp 1 hp 2 hp 3hp  F/%
N 0.0738  0.0664  0.0643  0.0659  -10.7
IRO7 02915  0.2929  0.2995  0.3136 7.6
ORO7 ~ 0.1392  0.1391  0.1473  0.1536 10.3
REO7  0.6695 05919 05702  0.5804  -13.3
IR14  0.1978  0.1655  0.1631  0.1808 -8.6
ORI4  0.1527  0.1409  0.1435  0.1337  -125
REI4  0.1007  0.0936  0.0968  0.0947  -5.9
IR21  0.5254 04418 04889  0.4487  -14.6
OR21  0.1356  0.1291  0.1073  0.1180  -13.0
RE21 05832  0.5614 0.5700 0.5590  -4.1

MRBP AR E 1, EWIRET , RMS {E M 0 hp 1Y
0.0738g [ % 2 hp 1Y 0.0643¢, & B B % 3 in i)l 7R iz 47 3 Jom
VR s TR BRAR SR L AN IR RE 2R B 1 RS A Bl 67 2028 1k 2
AT #, il a0 IREO7 V& s AR B % 76 0 hp B RMS Ji &
(0.6695g) , Fifi 71 2 34 fin 2 Wi B AL 2 3 hp 19 0.5804¢, T REO7
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Fig. 10 Wind turbine bearing fault diagram
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Table 6  Characteristics of different types of vibration data
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Table 8 Ablation experimental results
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Table 9  Contrast experimental results
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FAULT DIAGNOSIS OF WIND TURBINE HIGH-SPEED
BEARINGS BASED ON TIME-FREQUENCY DUAL-DOMAIN FUSION

Liu Jie, Li Shixin, Yang Na, Guo Meiru
(School of Mechanical Engineering , Shenyang University of Technology , Shenyang 110870, China)

Abstract: To address the challenges of insufficient feature extraction, inadequate feature fusion mechanisms, and limited diagnostic

capability under complex operating conditions in rotating machinery fault diagnosis, a novel FFT-CNN-Informer fault diagnosis method

based on dual-domain feature fusion is proposed. A parallel time-frequency domain feature extraction architecture is constructed.
Specifically, Fast Fourier Transform (FFT) is employed to extract frequency-domain features, a multi-scale Convolutional Neural

Network (CNN) is designed to capture local temporal features, and a Probabilistic Sparse Self-Attention mechanism is introduced to

capture long-range dependencies, enabling multi-dimensional feature extraction of vibration signals. Furthermore, residual learning and

an adaptive feature fusion mechanism are incorporated to enhance the ability to extract fault features under varying operating conditions.

Experimental results on the Case Western Reserve University bearing dataset demonstrate the superiority of the proposed method. On

wind turbine bearing datasets, the proposed method outperforms baseline Transformer and LSTM models by 6.73% and 9.77% in

diagnostic accuracy, respectively. Ablation studies further validate the necessity of the dual-domain feature extraction architecture and

the adaptive feature fusion mechanism, confirming the effectiveness and robustness of the method in practical wind farm applications.

Keywords: wind turbines; fault diagnosis; deep learning; frequency domain analysis fusion; bearing; data fusion



