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Abstract
Aiming at the problem that the rolling machine bearing is prone to failure during operation, and the
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traditional BP neural network model is easy to fall into local optimum, slow convergence speed and
limited diagnostic accuracy in fault diagnosis, this paper proposes a fault diagnosis method based on
genetic algorithm (GA) to optimize BP neural network. By building a tumbling machine bearing vibra-
tion signal acquisition platform, the vibration data under four working conditions of inner ring fault,
outer ring fault, rolling element fault and normal state are collected. After low-pass filtering and Min-
Max normalization of the original signal, a total of 72 dimensions of time domain and frequency domain
features were extracted, and principal component analysis (PCA) was used to reduce the feature di-
mension to the top 11 principal components, with a cumulative variance contribution rate of 90.94%.
The genetic algorithm is used to optimize the initial weights, thresholds and key hyperparameters of
BP neural network, and the GA-BP fault diagnosis model is constructed. The experimental results show
that the overall diagnostic accuracy of the model on the test set is 93.16%. The recall rates for inner
ring fault, outer ring fault and normal state are 96.8%, 100% and 100%, respectively, and the recall
rate for rolling element fault is 96.7%. Compared with PSO-BP and WOA-BP models, GA-BP has ad-
vantages in accuracy, recall rate and F1 score (0.967), which verifies the effectiveness and stability of
this method in bearing fault diagnosis of tumbling machine.
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Figure 1. BP neural network structure
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Figure 2. Principle diagram of genetic algorithm
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Figure 3. Flowchart of genetic algorithm
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Figure 5. Experimental platform
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Table Al. Bearing model and key parameters
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Table A2. Time domain, frequency domain feature name and formula

F A2, BEL SUEAHERIRR AR

R 4 AR
Bt X, = max (x,)
& /MA Xpin = min(x,.)
A X, = max\xi\
lll% m%’fg xk = xmax - xmin
Ji% a:%Zﬁ
7 b= 2
i=1
YoM %=§§MI

DOI: 10.12677/airr.2026.153085 941 NILERESHLE AT


https://doi.org/10.12677/airr.2026.153085

B

L N =E%Zﬁj
U T C =%ﬁ(x,~—x)“/x4m

. max (x; )
MR T Ky ==

X

WA T C=-"
HRETAT C, =
$5E TR AR
o =3 101)f$0.0)
Y977 4 [ffp,(f) Zp,-(f)j
DI [(f—fb)*l’i(f) 2P (f)]

DOI: 10.12677/airr.2026.153085

942

ANTHEBRESHLEATT


https://doi.org/10.12677/airr.2026.153085

	基于GA-BP神经网络模型的滚揉机轴承的故障诊断研究
	摘  要
	关键词
	Research on Fault Diagnosis of Tumbler Machine Bearings Based on GA-BP Neural Network Model
	Abstract
	Keywords
	1. 引言
	2. 算法原理
	2.1. BP神经网络
	2.2. 遗传算法原理
	2.3. 模型结构

	3. 实验与评估
	3.1. 数据预处理
	3.2. 特征提取与主成分分析
	3.2.1. 特征提取
	3.2.2. 主成分分析

	3.3. 实验验证

	4. 结论
	参考文献
	附录：轴承故障植入方法与关键几何参数

