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Gear Fault Detection Based on Best Feature Selection by Particle Swarm Optimization
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Abstract

In this paper, a new method is presented for gear fault detection. The vibrational signals of gearbox set are
collected in three conditions: normal, chipped and worn teeth. These signals are adaptively decomposed into
a number of intrinsic mode functions (IMFs) by the empirical mode decomposition (EMD). Since, all of the
IMFs drived from the EMD are not appropriate for fault detection, the cross-corrolation concept is used to
select all most apptoptiate IMFs. Then, feature matrix corresponding to each condition, is extracted using
statistical functions. “One-against-one” support vector machine (SVM-OAO) is utilized to classify the faults.
Since, all of the extracted features are not suitable for fault detection and SVM has parameters to be set, the
particle swarm optimization (PSO) is used to select the best feature and detect optimal parameters of SVM.
Objective function in this paper is accuracy of the SVM classifier in predicting of gearbox condition.
Obtained results show that the selected features in this method and optimized SVM have the excellent ability
to classify the faults.

Keywords: Gearbox Fault Detection; Feature Selection; Empirical Mode Decomposition; Support Vector
Machine; Particle Swarm Optimization.
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Signals (faulty and healthy conditions)

v

Decomposing the signal using EMD

v

Correlation method for selecting
the best level

v

Training data

v

| Feature selection !:

v

Final test data

v

v

v

Training Validation

v

Feature selection by
optimization method

Building the SVM
classifier

optimization algorithm

Parameter selection using

Y

Training the SVM

classifier

\4

PSO based selection over?

Optimization process

> (SVM parameter &
Feature selection)

A\ 4

The best feature set & o
optimal SVM parameter

v

Fault diagnosis
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Healthy Chipped tooth Worn tooth
Characteristics Classifier
Method feature parameter
Train Test Train Test Train Test
(%) (%) (%) (%) (%) (%)
Standar deviation C=36774
SVM (OAO)+FFT+GA [5] Skewness e 100 100 100 100 100  96.875
X o = 0.2472
Kurtosis
Linear — SVM+ EMD [17] Local Gaussian correlation 100 100 100 99.33 100 99.33
SVM (OAO)+EMD [20]  Energy oc:=1008 947368 100 947368 100 100 100
IMF1 = shape factor C=1.7590
Presented method IMF2 = Standar deviation - =_ 0 5107 100 100 100 100 100 100

IMF3 = energy
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