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Fig. 3 Raw vibration signals of different fault diameters
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Tab.3 Hyperparameter optimization results
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Fig. 4 Iterative curves of four optimization algorithms
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Tab.5 Diagnostic results of cross-validation of five algorithm models
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Abstract: In order to precisely diagnose the operational status and fault categories of rolling bearings, this paper employs a long short-term
memory (LSTM) neural network as a classifier to categorize and diagnose the rolling bearing dataset. Initially, time-domain and frequency-do-
main characteristic parameters are derived from the raw vibration signals of rolling bearings, creating a dataset with high-dimensional characterist-
ic parameters. The Kernel Principal Component Analysis method is utilized to reduce the dimensionality of the high-dimensional characteristic
set. The features with a high degree of significance are then selected to compose the input characteristic vector. Addressing the challenge of de-
termining hyperparameters for the LSTM neural network in rolling bearing fault diagnosis research, a fault diagnosis model (tSSA-LSTM) is pro-
posed based on the adaptive t-distribution sparrow search algorithm (tSSA) to optimize the LSTM neural network. Finally, several simulation ex-
periments, including fault diagnosis accuracy tests, generalization performance tests, and fault diagnosis performance tests in noisy environments,
are conducted using data from the Rolling Bearings Data Center at Case Western Reserve University. The proposed diagnostic model is experi-
mentally compared with SSA-LSTM, GA-LSTM, PSO-LSTM, and traditional LSTM diagnostic models. The experimental results demonstrate
that tSSA can more effectively optimize the hyperparameters of LSTM, such as the number of neurons in the hidden layer, the number of cycles,
and the learning rate. The proposed method achieves an average diagnostic accuracy of 98.86% and a cross-validation result of 98.57%. Further-
more, the fault diagnosis accuracy of the proposed method under noisy interference surpasses that of the compared methods. Consequently, the
tSSA-LSTM model not only accurately diagnoses the state of rolling bearing faults but also exhibits stronger generalization and anti-interference
capabilities, effectively enhancing the performance of rolling bearing fault diagnosis.

Key words: sparrow search algorithm; fault diagnosis; long short-term memory neural network; feature extraction; rolling bearing

(i RZMH)

343 : Zhou Yu,Fang Qian,Pei Zexuan,et al.Fault diagnosis of rolling bearing based on improved sparrow search al-
gorithm optimized LSTM[J].Advanced Engineering Sciences,2024,56(2):289-298.[J& &, b5 & 3675 & 5 K T ot e 18
RAEMACLSTMAY R Bl R B2 W 1] TR 5H0K,2024,56(2):289-298.]

LR S S SR S S S R R S S S SR S S R S S S R S S SR S R R S S SR S IR S SR R R S SR S S S 2

> o o o o
* o ®o ° -



	1 改进的麻雀搜索算法
	1.1 自适应t分布策略改进麻雀搜索算法
	1.2 改进麻雀搜索算法的时间复杂度分析

	2 基于改进麻雀算法优化LSTM的故障诊断模型
	2.1 LSTM神经网络原理
	2.2 tSSA–LSTM模型

	3 基于tSSA–LSTM的滚动轴承故障诊断分析
	3.1 实验数据分析及故障特征提取
	3.2 算法寻优比较
	3.3 测试样本诊断结果分析
	3.4 噪声环境下故障诊断性能分析
	3.4.1 噪声问题描述
	3.4.2 噪声环境下故障诊断实验


	4 结　论
	参考文献

