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Fig.1 Schematic diagram of the EWT algorithm calculation process
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Fig.3 Structural schematic diagram of the rolling bearing
fault signal acquisition test platform for the agricultural machinery

equipment
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Rolling bearing fault diagnosis of agricultural machinery equipment based
on the improved EWT algorithm

LU Yunfei' U Yongchang® WANG Yu' SHEN Tao'

(1. Department of mechanics Engineering, Henan Vocational College of Agriculture, Zhengzhou 451450, China)
(2. College of mechanical & Electrical Engineering, Henan Agricultural University, Zhengzhou 451450, China)

Abstract: [Objective] Under low-speed and heavy-load conditions, the frequency band division of vibration signals of
rolling bearings in agricultural machinery equipment is easily disturbed by low-frequency background energy, which reduces the
accuracy and stability of fault diagnosis. To solve this problem, an improved empirical wavelet transform (SEW-EWT) algorithm
with collaborative optimization of spectral smoothing and low-frequency energy enhancement was proposed. [Methods] Firstly,
the amplitude spectrum was obtained by Fourier transform of the original signal. Gaussian kernel convolution smoothing was
adopted to suppress high-frequency random spikes. The frequency band boundaries were initially determined based on local
extrema of the smoothed spectrum, and an energy proportion threshold was introduced to eliminate low-energy pseudo-
segments, so as to improve the stability of frequency band division. Secondly, on the premise of maintaining the energy
conservation of the filter bank, a low-frequency weighted enhancement function was constructed. Higher weights were assigned
to the low-frequency interval to strengthen the modal energy proportion of weak impact features and realize adaptive purification
of key components. Then, Hilbert transform was performed on the selected effective modes and envelope spectrum features were
extracted to provide input for fault state discrimination. Finally, the diagnostic performance of the algorithm was verified based
on a rolling bearing test dataset containing 4 operating states. [Results] The results show that the precision, recall and F1-score
of SEW-EWT reach 97.2%, 97.8% and 97.5% respectively, which are about 3.8% higher than those of traditional EWT. The
mean square error is stable at about 0.03, which is about 30% lower than that of the baseline method. The average recognition
accuracy reaches 97.75%, and the standard deviation drops to 0.58%, which is about 66.3% lower than that of EWT. Compared
with mainstream diagnostic methods, the overall accuracy is 3.25 to 8.0 percentage points higher, with balanced recognition
performance for various faults. This algorithm can improve the identifiability of bearing fault features and diagnostic consistency
under low-speed conditions, and provides reference for condition monitoring of rolling bearings in agricultural machinery
equipment.

Key words: Agricultural machinery equipment; Rolling bearings; Empirical wavelet transform; Low-speed vibration

signals; Feature extraction; Fault diagnosis (%% . Z=um)



