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Fig. 1 Predation strategy of northern goshawk
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s (B¢ INGY [BCADACS
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1 0.177 8 TR Z{& Rolling element
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3 0.533 4 Y& 5K Rolling element
4 0.1778 N & Inner ring
5 0.3556 PN &l Inner ring
6 0.533 4 PP Inner ring
7 0.177 8 SN Outer ring
8 0.3556 418 Outer ring
9 0.533 4 51 Outer ring
10 0.177 8 iEH Normal
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0.00714  0.00738 000140 001305 002342 000170  0.00510  0.001 30

77 0.00808  0.00508  0.00072 001302 002135 000402  0.00364  0.00335

R 55 001404 001579 000104 000375  0.00400  0.00166  0.00588  0.000 64

Rolling element 001111 001396  0.00108  0.00384  0.00449  0.0090  0.00595  0.000 54

001447 000823 000123 000988 001359 000564  0.02064  0.001 52

03334 0.01148 000961  0.00052  0.00934  0.01337  0.00414  0.02210  0.00276

0.04403 023750  0.03159  0.05704 007239  0.08660  0.07496  0.027 74

177 0.04706 02468  0.02433  0.05798 007148  0.03161  0.06167  0.01649

A 055 0.03807 001088  0.00782  0.01931 003937  0.05091  0.02942  0.021 91

Inner ring 003419  0.00634  0.00315  0.02095 004481  0.01902  0.02878  0.007 57
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177 002722 003636 001870 031208 038325  0.14178 042625 023726
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Outer ring 0.00916  0.00395  0.00028  0.00367  0.00818  0.00936  0.03087  0.025 67

029375 021637  0.05730 048516 045454  0.68080  0.12455 057183

02334 030065 026679  0.04054 036305 043297  0.08104 012431  0.03201

s - 001234 007095  0.00104  0.00000  0.0000  0.00003  0.00044  0.000 03

Normal 001144 007814  0.00099  0.00002  0.00001  0.00001  0.0029  0.000 06
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Tab.5 Parameter optimization results
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Research on bearing fault diagnosis based on improved northern goshawk
algorithm optimizing SVM

WU Xiaojun LI Quwei
(School of Mechanical and Electrical Engineering, Xi’an University of Architecture and Technology, Xi’an 710055, China)

Abstract: An improved northern goshawk optimization (INGO) algorithm was proposed to address the local optimization
problem that swarm intelligence algorithms often encounter when optimizing support vector machine (SVM) models, and it
was applied to fault diagnosis of rolling bearings. By introducing an adaptive inertia weight factor based on the cosine
variation and a Cauchy mutation strategy, the northern goshawk optimization (NGO) algorithm was improved, and an INGO-
SVM fault diagnosis model was constructed using SVM. In order to evaluate the performance of the improved algorithm,
firstly, benchmark testing functions were used for experiments, and the improved algorithm was compared with existing
optimization algorithms such as NGO, particle swarm optimization (PSO), sparrow search algorithm (SSA), etc. The results
show that the performance of the improved algorithm is improved to a certain extent. At the same time, the original diagnostic
signals were feature extracted through wavelet packet decomposition and divided into 10 categories. The energy of each
frequency band in the 3rd layer was used as the feature vector and input into the fault diagnosis model. Finally, the
performance of the improved algorithm was compared with the other three algorithms in optimizing SVM parameters for fault
classification. The results show that the improved algorithm can effectively and accurately achieve different fault
classifications, with an accuracy rate of 99.39%, verifying the effectiveness and feasibility of this method.

Key words: Fault diagnosis; Improved northern goshawk optimization algorithm; Cauchy mutation strategy; Wavelet
packet decomposition; Support vector machine
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