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Abstract: To realize the intelligent diagnosis of bearing faults, an intelligent fault diagnosis method for
the thin-wall bearing of a robot based on information fusion was studied. First, a test and multi-infor-
mation data acquisition system of the thin-wall bearing of a robot was built by acquiring acoustic emis-
sion and vibration acceleration signals. Then, data from acoustic emission and vibration acceleration
signals detected during the test of thin-wall bearing under different fault types, equivalent loads, and
rotational speeds were obtained using an orthogonal experimental method. A thin-wall single-row an-
gular contact ball bearing (ZR71820) was used as the research object, and pitting and micro-crack de-

fects were produced on the bearing outer ring, inner ring, and rolling bod. Finally, the root mean
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square value and kurtosis index in the time domain, as well as the root mean square frequency in the
frequency domain, were selected as the characteristic parameters of the vibration and acoustic emission
signals. Fault diagnosis of thin-wall bearings based on single vibration or acoustic emission signals
was conducted. In addition, an intelligent fault diagnosis of thin-wall bearings were researched based
on the fusion characteristics of acoustic emission and vibration acceleration signals using Self-Organi-
zation feature Map (SOM) and Back-Propagation (BP) neural networks. Experimental results indicate
that the accuracies of fault diagnoses based on vibration signals, acoustic emission signals, and BP and
SOM neural network information fusion are 85. 7%, 81.0%, 93.5%, and 95. 2%, respectively. The
accuracy of intelligent fault diagnosis based on SOM neural network information fusion of the thin-
wall bearing is 9.5%, 14.2% ., and 1. 7% higher than that of single vibration, acoustic emission sig-
nals, and BP neural network information fusion, respectively.

Key words: thin wall bearings; multi-information fusion; fault diagnosis; neural network; intelligent
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Fig. 1  Whole structure chart of thin wall bearing

test and information acquisition system
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(a) Crack on bearing inner
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(b) Crack on bearing outer
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Fig. 3 Prefabricated defect on bearing inner and out-

er ring
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Tab.1 Load value of axial and radial loading
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Fig. 4 Natural logarithmic spatial distribution of char-

acteristic parameters of vibration signals
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Tab. 3 Center point coordinates of vibration signals
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Fig. 5 Spatial distribution range of vibration signals

data in different states
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Tab. 5 Fault diagnosis results of thin wall bearings based

on vibration signals
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Fig. 6  Natural logarithmic spatial distribution of

characteristic parameters of AE signals
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Tab. 6 Center point coordinates of AE signals
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Fig. 7 Spatial ellipsoid distribution range of AE sig-

nals data in different states
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Tab. 8 Fault diagnosis results of thin wall bearings based

on AE signals
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Tab. 9 Training and testing sample data of bearing

YIZRREA WA
B K= R GHE S s = R GHE S
Rms Kr Rms [ Rms Kr Rms [ Rms Kr Rms f Rms Kr Rms [
Jolk R K —0.978 —1.000 —0.971 —1.000 —1.000 —0.756 —1.000 —0. 950 —0.972 —1,000 —0. 677 —0. 986
—0.994 —0.997 —0.983 —0. 981 —0.843 —0.680 —0.994 —1.000 —0. 995 —0. 998 —0. 627 —0. 932
—1.000 —0.982 —1.000 —0. 827 —0.269 —0.818 —0.983 —0. 962 —1.000 —0. 982 —1.000 —1. 000
—0.984 —0.998 —0.969 —0.996 —1.000 —0. 777 —0.984 —0. 972 —0. 988 —1.000 —0. 666 —0. 977
—0.990 —0.991 —0.981 —0.986 —0.885 —0. 642 —0.990 —0. 983 —0.996 —0. 989 —0. 639 —0. 968
—1.000 —0.979 —1.000 —0. 833 —0.373 —0.807 —0.992 —1. 000 —0. 981 —0. 990 —1.000 —1. 000
ShEZIE: 0.775  0.219  0.414  0.000 0.570 —0.524 0.730 0.219 0.621 —0.433 0.528 —0.469
0.733  0.023 0.553 —0.423 0.500 —0.475 0.775 0.021 0.592 0.024 0.651 —0.473
0.872 0.233 0.715 —0.327 0.707 —0.329 0.845 0.233 0.425 —0.136 0.469 —0.474
0.764 0.220 0.459 0.010 0.544 —0.519 0.739 0.054 0.614 —0.407 0.550 —0.470
0.728 0.024 0.588 —0.420 0.513 —0.469 0.751 0.220 0.580 0.011 0.644 —0.469
0.869 0.231 0.706 —0.329 0.768 —0.318 0.774 0.187 0.477 —0.109 0.599 —0.474
HhRE S 0.870  0.318  1.000  0.154 0.015 0.644 0.956 0.293 0.981 0.128 0.564 0.984
0.847 0.496 0.954 0.135 —0.086 0.755 0.924 0.354 0.989 0.132 0.193 0.918
0.868 0.669 0.991 0.154 0.616 0.846 1.000 0.487 0.971 0.112 —0.252 0.792
0.871 0.324 1.000 0.148 0.020 0.653 0.950 0.290 0.988 0.126 0.538 0.975
0.850 0.490 0.974 0.136 —0.077 0.767 0.927 0.377 0.984 0.135 0.192 0.912
0.859 0.654 0.998 0.154 0.630 0.832 1.000 0.479 0.975 0.107 —0.211 0.800
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1586 e R TR 927 %
(8% 9)
YIZRFEAR DR
* RaiEs (2 s i e (2
Rms Kr Rms [ Rms Kr Rms [ Rms Kr Rmsf Rms Kr Rmsf
N 18 2 2 0.897 0.862 0.573 —0.423 0.500 —0.582 0.917 0.915 0.577 0.842 0.140 —0.886
0.903 0.792 0.569 0.923 0.336 —0.891 0.952 0.961 0.571 0.200 —0.046 —0.674
1.000 1.000 0.560 0.288 —0.064 —0.595 0.912 1.000 0.580 0.197 0.443 —0.784
0.888 0.859 0.576 —0.399 0.490 —0.580 0.940 0.933 0.566 0.830 0.130 —0.877
0.912 0.783 0.573 0.917 0.343 —0.889 0.950 0.959 0.578 0.333 —0.052 —0.672
0.997 1.000 0.555 0.349 —0.071 —0.600 0.927 1.000 0.583 0.181 0.418 —0.780
PN R 0.930 0.540 0.334 0.000 1.000 0.676 0.890 0.312 0.495 —0.239 0.871 1.000
0.925 0.301 0.532 —0.423 0.500 1.000 0.922 0.561 0.417 —0.206 1.000 0.419
0.976  0.554 0.490 —0.327 0.707 0.193 0.932 0.303 0.387 —0.265 0.740 0.406
0.944 0.533 0.327 0.027 0.981 0.728 0.888 0.304 0.488 —0.200 0.844 0.989
0.927 0.317 0.544 —0.420 0.442 0.986 0.914 0.558 0.416 —0.208 1.000 0.422
0.971 0.550 0.482 —0.319 0.737 0.209 0.937 0.311 0.342 —0.249 0.737 0.400
WahRRer  0.255 —0.125 0.047 0.635 0.173 —0.032 0.734 —0.055 0.064 1.000 0.773 —0.126
0.759 0.154 0.101 0.635 0.811 —0.378 0.246 0.117 0.114 0.500 0.617 —0.146
0.837 0.550 0.482 —0.319 0.737 0.209 0.422 0.106 0.115 0.722 0.604 —0.110
0.273 —0.1113 0.040 0.647 0.125 —0.012 0.752 —0.027 0.077 1.000 0.777 —0.123
0.760 0.167 0.115 0.631 0.819 —0.362 0.240 0.110 0.121 0.542 0.641 —0.133
0.844 —0.282 0.049 —0.386 0.764 —0.364 0.414 0.106 0.108 0.699 0.597 —0.105
wWahikiph 0,904 —0.208 0.981 1.000 0.176 —0.655 0.850 —0.054 1.000 0.836 0.285 —0.917
0.895 0.029 0.717 0.827 0.117 —1.000 0.851 —0.007 0.980 0.898 0.271 —0.656
0.939 —0.110 0.926 0.904 0.522 —0.565 0.909 —0.230 0.766 0.955 0.044 —0.626
0.912 —0.218 0.976 0.979 0.164 —0.670 0.850 —0.054 1.000 0.836 0.285 —0.917
0.890 0.049 0.738 0.832 0.120 —0.991 0.851 —0.007 0.980 0.898 0.271 —0.656
0.956 —0.121 0.899 0.921 0.548 —0.574 0.909 —0.230 0.766 0.955 0.044 —0.626
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Tab. 10 Test results of different neural network struc-

tures

P £ 25 g
4X4  5X5  6X6 7TX7 8X8 9X9

R

QE 0.872 0.715 0.604 0.411 0.339 0.263

TE 0.000 0.000 0.000 0.000 0.048 0.063
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Fig. 8 Classification effect of neurons on input vec-

tors at different training steps
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Fig. 9 Weight vector distribution in training 500 steps
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Fig. 10  Euclidean distance between neurons after

training
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Fig. 11 Classification of data after training by SOM
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Tab. 11 Result of intelligent fault diagnosis of thin wall

bearing based on information fusion
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