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Fault identification of electromechanical system combined with
FDA and ML-KELM
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(School of Mechanical Engineering, Nanjing University of Science and Technology, Nanjing 210094, China)

Abstract; To accurately identify the faults of electromechanical systems in a tank autoloader, a fault identification
method combining functional data analysis (FDA) and multi-layer kernel extreme learning machine ( ML-KELM)
is proposed. Firstly, the feature information of time series data with smooth characteristics during the
electromechanical system operation is mined from a functional perspective, and the change features of time series
data are characterized as feature parameters from different spaces by functional principal component analysis and
principal differential analysis. Secondly, the extracted features of the multi-sensor time series data are screened by
Relief-F to obtain features strongly correlated with the classification. Finally, ML-KELM is used to perform deep
feature learning on the strongly correlated features to achieve a more abstract feature representation, thereby
realizing accurate fault identification. The fault identification experiment is carried out using an experimental setup
consistent with the principle of the chain conveyor in a tank autoloader. Experimental results show that functional
principal component analysis and principal differential analysis can extract effective fault features of time series data
from different feature spaces, and the features extracted by the two methods are complementary. The ML-KELM
with three hidden layers can realize more accurate fault identification based on the strongly correlated features in the
multi-sensor time series data features. The proposed method proves to be feasible and effective, providing a
reference for the research on fault identification of the electromechanical systems in the tank autoloader.
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Tab.1 Coefficient parameters and goodness-of-fit of different order differential operators
FEAS e B K /;4 ﬁ3 léz /;1 ,éo drsq
2 1.000 18.823 -15.287 0.298
X, 3 1.000 72.649 -80.587 159.150 0.932
4 1.000 71.567 1 654.566 11 386.338 -12530.217 0.896
2 1.000 48.486 104.295 0.219
X, 3 1.000 112.885 7 468.523 9 400. 694 0.965
4 1.000 117.543 7 106.728 160 212. 131 -77 269. 675 0.969
2 1.000 84.441 105. 168 0.833
X5 3 1.000 87.488 1232.825 2 573.576 0.966
4 1.000 115.846 5247.252 19 067.336 2 337.406 0.978
®2 R
Tab.2  Characteristic roots
FEA T 2 3 M4
X, 0.561 —1.358i 0.561 +1.358i -73.771
X, 0.472 —-40.761 -38.627 -50.214i -38.627 +50.214i
X5 -0.127 -3.831 —-55.944 -40.917i —-55.944 +40.917i
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Tab. 3 10 times identification accuracy of ML-KELM with

different number hidden layers %
ML-KELM Fiiial F tection
ke J2EH P bRfEE OV bR
1 JZ (B KELM) 98.83 1.50 97.33  2.00
2 2 96. 50 3.20 95.83  2.71
32 95.00 4.72 99.67  0.67
42 82.17 9.31 98.33 1.29
52 69.00 10.20 93.83  4.72

% 3 A%, i KELM #l 2 2B & 2w
ML-KELME, 36 F F, ., BB R 5 485 S 4 45 24
ML-KELM [ & 25 H it 2 B LT F .,
RETR 45 A 9F H 3 R RS2 0 ML-KELM i1
TSR e A, 100 W I 38 TR 50 o B R G SF N
99.67% ARifEZE N 0. 67% , {5 [ 250 H 4k S 18 hin
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X5 BT EM IR IR 2 ML-KELM B3 280 H
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YRR IR IR R R AT, e 3 2
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Tab.4 Fault identification accuracy based on different features

PIURRAE BEPRRAAE

10 R B
10 YR J BB % LB

ISt Wl AR %
FOlr o 22 ERI3 K4 KPS HKile CFINE ARifEx
Fivea 10 3 73.85 57.23 49.25 67.21 73.56 78.03 66.17  7.64
Frves 10 5 93.46  89.56 68.57 58.88 92.55 90.90 81.00 10.75
FiPA 3 3 74.86 77.08 48.10 85.91 76.07 82.80 73.67 10.58
FaveA 10 5 84.58 78.30 93.56 90.71 85.24 97.50 88.83  6.75
FAves 10 8 89.58 100.00 94.59 92.85 98.89 95.18 95.33  2.87
FiPA 4 2 91.57 96.78 86.62 97.80 85.75 63.72 86.83  6.43
FiPeA 10 4 87.83  96.39 90.48 92.32 97.57 98.12 93.33  5.53
Fires 10 7 87.30 1 93.63 77.87 90.90 100.00 100.00 90.83  5.49
FiPA 4 3 91.90 98.18 86.08 69.85 99.00 86.15 88.33 8.40
[ FiPCA FIPCA ptDA 23 11 93.46 88.80 93.47 94.97 98.00 90.42 92.83  5.82
[ FEPCA FEPCA pFDA ) 24 15 95.63 97.22  96.89 94.12 96.95 100.00 96.50  1.38
[ FFCA pIPCA pEDA] 24 14 91.83 94.03 97.00 98.75 98.17 100.00 97.17  2.11
[ FIPCA RYPCA pEDA pIPCA REPCA DA ] 47 26 97.35 98.52 96.08 96.67 100.00 97.75 97.67  1.53
[ FYPCA FFPCA pFDA pEPCA RFPCA pEDA | 47 25 98.89  98.89 96.87 99.17 98.46 98.23 98.33  1.05
[ FSFCA pIPCA pEDA pIPCA pIPCA pEDAT 48 29 100.00 100.00 100.00 100.00 99.00 99.83 99.83  0.50
Fiial 71 40 99.10  99.10 100.00 100.00 100.00 99.67 99.67  0.67
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