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MKL and OC-ELM fault detection based on /,-norm constraint

LIU Xing't, ZHAO Jian-yin', ZHU Min?, ZHANG Wei®

(1. Naval Aviation University, Yantai 264001, China; 2. Unit 91576 of the PLA Troops, Ningbo 315020, China;
3. Military Representative Office of Naval Equipment Department in Xianyang, Xianyang 713100, China)

Abstract: Aiming at the problems of the shortage of fault samples for active new equipment and the low accuracy of
existing algorithms for fault detection, the multiple kernel learning (MKL) and the one-class extreme learning machine
(OC-ELM) are combined, and the /,-norm constrainted multiple kernel learning one-class ELM (/,-MKOCELM) is
proposed. Under the [,-norm constraint, a mathematical optimization form combining the MKL and the OC-ELM is
defined, and the update method of combination weights of the base kernel and Lagrange multipliers are derived. To
facilitate the implementation of fault detection, the test statistic and detection threshold based on the {,-MKOCELM are
defined. The approximate equivalence of different norm constraints is confirmed through experiments. The proposed
method is applied to the commonly used UCI data set and test data of an equipment. The experimental results show that,
compared with the traditional SVDD, PCA, OC-SVM, and OC-KELM, the proposed method can significantly improve
the detection accuracy while balancing missing alarm and false alarm.
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T3 —AOABRAEUCIBIEEMSENER
K g JivE Fl AUC G-mean  accuracy  YIZEIIE /s RIS /s SHEE
SVDD 0.4471 0.6186 0.6249 0.8181 0.8765 0.5203 o =>5.5123
PCA 0.4329 0.5202 04827 0.7653 0.7536 0.5128 n=3
Ecoli OC-SVM 0.4607 0.5317 0.5902 0.8175 — — v =0.0512
OC-KELM 0.5928 0.6304 0.7452 0.8116 0.8585 0.5986 C=1,0=3.1221
l,-MKOCELM 0.8593 0.8929 0.8604 0.928 1 1.0585 0.6697 C =0.01
SVDD 0.5943 0.5736 0.6010 0.5606 0.2165 0.2296 o = 13.435
PCA 0.5291 0.5301 0.5913 04811 0.1786 0.1239 n=3
Sonar OC-SVM 0.5912 0.600 1 0.560 1 0.5813 — — v =0.0152
OC-KELM 0.5612 0.4911 0.5426 03715 0.2878 0.1579 C =0.1, c =6.6293
l,-MKOCELM 0.6353 0.8167 0.6389 0.8956 0.7165 0.2321 CcC=1
SVDD 0.6611 0.6627 0.5617 0.5424 1.7542 0.946 8 o =3.4144
PCA 0.602'1 0.5435 0.6052 0.5196 1.3865 0.6397 n==~06
Diabetes OC-SVM 0.6013 0.5221 0.6171 0.5543 — — ~v = 0.0056
OC-KELM 0.628 1 0.6612 0.6541 0.5447 1.9764 0.6238 C =0.1, 0 =2.2492
lp—MKOCELM 0.6813 0.5911 0.7074 0.5792 3.4683 1.2876 C =0.01
SVDD 04145 0.5276 04741 0.3348 0.8756 0.9869 o =2.1125
PCA 0.4357 0.5406 0.4872 0.3589 0.6575 0.4895 n==>5
Liver OC-SVM 0.4228 0.5298 0.4912 0.3797 — — v =0.0326
OC-KELM 0.4257 0.5298 04768 0.3652 04264 0.7854 C =0.1, c = 3.8123
l»,-MKOCELM 04416 0.548 6 0.5271 0.3733 2.1399 1.0269 C =10
SVDD 0.3667 0.776 5 0.4847 0.6326 0.3108 0.3756 o =06.2352
PCA 0.3658 0.778 4 0.4998 0.726 1 0.3793 0.3459 n=3
Spectf OC-SVM 0.3752 0.796 5 04781 0.7368 — — v =0.0327
OC-KELM 0.3957 0.7657 04138 0.6864 0.5223 0.3789 C =0.01, 0 = 8.2669
1,-MKOCELM 0.4632 0.796 8 0.5134 0.783 1 1.166 1 0.4397 C =10
SVDD 0.4657 0.5128 0.4237 0.5957 3.9812 1.4895 o =1.3418
PCA 0.466 8 0.524 8 0.5928 0.5658 3.2466 1.7854 n=="7
Abalone OC-SVM 0.4885 0.5451 0.5309 0.5758 — — v =0.0321
OC-KELM 0.4069 0.5684 0.5625 0.5706 5.3491 1.5697 C=1,0=2.7853
lp—MKOCELM 0.5281 0.5772 0.756 5 0.6792 9.6569 2.4687 C=10"°

i OC-SYM R 4 it 77 15 Fe A 7 AN IR, e 18] P4 L350 T Ee .
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x4 BRNGENIENME
ik Fl AUC G-mean accuracy SEIGRITR] /s PR E] /s

SVDD 0.93434+0.0101 0.9384 4 0.008 8 0.9363 4 0.0094 0.9407 4 0.008 5 0.0299 0.007 1
PCA 0.9073 £ 0.009 3 0.9112 4 0.008 4 0.9074 £ 0.009 2 0.9117 4 0.008 1 0.0712 0.0053
OC-SVM 0.9303 4+ 0.020 1 0.932540.0185 0.93514+0.0171 0.9373 4+ 0.0164 — —

OC-KELM 0.9263 4 0.088 1 0.9314 4 0.0077 0.9289 + 0.008 3 0.9339 4 0.007 4 0.0021 0.0016
l,-MKOCELM 0.9450 4 0.0145 0.9465 4+ 0.0136 0.9480 + 0.0128 0.9499 4+ 0.0123 0.0921 0.0079
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