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Abstract: An improved Weighted One Cliss Support Vector Machine (WOCSVM) algorithm—Local Density WOCSVM
(LD-WOCSVM) was proposed to solve the problems of poor classification performance and weak robustness of the data-based
turboshaft engine fault detection algorithm. Firstly, for each training sample, k nearest neighbor samples contained in the
body of the ball were selected, and the ball was centered on this sample with a radius of 2% of the Mahalanobis distance from
the center of all training samples to the farthest samples. Secondly, the distance from this sample to the center of selected k
training samples was used to evaluate the probability that this sample is a fault sample, and based on this, the normalized
distance was used to calculate the weight of the corresponding sample. An algorithm of weight calculation based on rapid
clustering namely FCLD-WOCSVM was proposed to deal with the problem that the present algorithms were not able to reflect
the characteristics of sample distribution very well. In this algorithm, by obtaining two parameters of the local density of each
training sample and the distance from the sample to the high local density, the distribution position of this sample was
determined, and the weight of the sample was calculated by using the two obtained parameters. The classification
performance of both algorithms was improved by assigning small weights to the possible fault samples. In order to verify the
effectiveness of the two algorithms, simulation experiments were carried out on 4 UCI datasets and T700 turboshaft engines
respectively. Experimental results show that, compared with Adaptive WOCSVM (A-WOCSVM) algorithm, LD-WOCSVM
algorithm improves the AUC (Area Under the Curve) value by 0. 5%, and FCLD-WOCSVM algorithm improves the G-mean
(Geometric mean) by 12.1%. These two algorithms can be used as candidate algorithms for turboshaft engine fault
detection.
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Tab. 2 Experimental results on 4 UCI datasets when fault samples account for 5% or 10% of the total training set

WA BTN ZRAE TP o5 L

btk ik 5% 10%
AUC G-mean AUC G-mean
FCLD-WOCSVM 0.6598+0.0106 0.5542+0.0125 0.6456+0.0119 0.5247+0.0138
LD-WOCSVM 0.6591+0.0089 0.5527+0.0143 0.6462+0.0114 0.4215+0.0143
A-WOCSVM 0.6582+0.0078 0.5519+0.0161 0.6428+0. 0089 0.4245+0.0117
WOCSVM 0.6578+0.0082 0.5508+0.0116 0.6446+0.0095 0.4213+0.0115
Set ] 0CSVM 0. 6584 +0.0080 0.5475+0.0133 0.6458+0. 0092 0.4220+0.0123
WSVDD 0.6586+0.0072 0.5524+0.0207 0.6451+0.008 4 0.4217+0.0128
LOF 0.6307+0.007 1 0.5512+0.0132 0.6433+0.007 6 0.4133+0.0121
IFOREST 0.6415+0.0058 0.5411+0.0133 0.6425+0.0083 0.4207+0.0153
FCLD-WOCSVM 0.9963 +0.0023 0.8874+0.0245 0.9534+0.0125 0.8130+0.0158
LD-WOCSVM 0.9958+0.0033 0.8660+0.0202 0.9465+0.0142 0.8089+0.0174
A-WOCSVM 0.9958+0. 0040 0.8636+0.0303 0.9453+0.0172 0.8078+0.0168
WOCSVM 0.9940+0.0032 0.8639+0.0277 0.9473+0.0127 0.8083+0.0186
Set2 0CSVM 0.9961+0.0037 0.8685+0.0261 0.9469+0.0131 0.8115+0.0135
WSVDD 0.9959+0.0026 0.8682+0.0291 0.9470+0.0113 0.8079+0.0142
LOF 0.9951+0.0026 0.8671+0.0259 0.9411+0.0132 0.8036+0.0143
IFOREST 0.9921+0.0048 0.8532+0.0218 0.9377+0.0128 0.7913+0.0132
FCLD-WOCSVM 0.9734+0.0022 0.5379+0.0073 0.5642+0.0053 0.5399+0. 0062
LD-WOCSVM 0.8030+0.0056 0.5365+0.0075 0.5652+0.0052 0.5390+0. 0089
A-WOCSVM 0.8039+0.0057 0.5351+0.0067 0.5629+0.0050 0.5383+0.0069
Set 3 WOCSVM 0.8022+0.0074 0.5373+0.0084 0.5637+0. 0056 0.5379+0.0077
0CSVM 0.8025+0.0053 0.5368+0.0084 0 0.5639+0.0046 0.5381+0.0085
WSVDD 0.8021+0.0036 0.5371=0. Q 0.5635+0.0051 0.5376+0.0065
LOF 0.8015+0.0043 0. 5305 0" 3 0.5632+0.0048 0.5304+0.0073
IFOREST 0.8007+0.0052 0‘5@@ . 0.5593+0.0037 0.5311+0.0059
FCLD-WOCSVM 0.9892+0.0037 .92 1+0.0162 0.9757+0.0065 0.9076+0.0134
LD-WOCSVM 0.9846+0.0050 ﬁﬁl 4+0.0181 0.9734+0.007 1 0.8100+0.0255
A-WOCSVM 0.9834+0.004 $ 0.9103+0.0187 0.9715+0. 0066 0.8097+0.0212
Setd WOCSVM 0.983610.@ 0.9144+0.0168 0.9717+0. 006 6 0.8086+0.0327
0CSVM 0.9834+0.0040 0.9083+0.0172 0.9739+0. 0058 0.8164+0.0229
WSVDD 0.9842+0.003 1 0.9153+0.0108 0.9741+0.0048 0.8136+0.0124
LOF 0.9836+0.004 1 0.9033+0.0205 0.9733+0. 0082 0.8086+0.0210
IFOREST 0.9713+0.0038 0.9014+0.0201 0.9665+0.0073 0.8011+0.0155

AT 2 AEA SCHEBU 4 BOBSE 1, 5 A-WOCSVM, S S AN PRAh  BR B 0 i = A 347 RO Sy 7
WOCSVM . WSVDD .7 f: OCSVM, LOF . IFOREST S5 5535 A1 5 k511 7700 % ShHL R BSR4 , 7 T8 R S 505 0 g 3

H, 5325 FCLD-WOCSVM A5 25 LD-WOCSVM SO RERE AL o gy 1 1y g om0 R BLDUAR I 60 BB . T700 %
X 1A YErs Y FCLD-WOCSVM &7 LD-WOCSVM
PO AL Sk g aﬁmww l’é‘lﬂul’é‘l 1@?/%,67\%%4%%3\42\5 %uwﬁ%%%

%Tﬁ#ﬁ%ﬂll‘af\{m lﬂ R R A A

3.0.1 HBhaix Wm.’i’,lﬂﬂiﬁ f.lﬂP GT(GasTurbme)?%/Tm WE,PT
R A S R A R AL RS IR S A Bl 1R (Power Turbine) /R 8 105 .

@* :>-:> = [ | [ | s

High pressure spool

Low pressure spool

1L ARIRZS L T700 N & S LS
Fig. 1 Principle of T700 turboshaft engine with state number
TEZ: HEOSCHR[ 35 I BEAh |, A SCiE#E 5 MERES S R JE AR SCHEAR 11 S U 20 TR AP 1RO T, R
ML W, SRSIREC TR W JE SRR n, SEIRFROR BUHS PR Py AT B H R R o, SR 5 W, SR it
Ny B TR RO e BT LR LB SN B X 5 2 S PNC R EE IR DR T, RS {r%ﬁ‘!‘tt'.lju
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P, By Sk e PNP B 1 AE I 10 SR T 3 i g
R Py ACTER TR, BE TO0 N RER
Yo BRFF0E, R i i — S il S PERES B b &
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Tab.3 Main information about performance parameters

HERESHL W5t Ak /% FEA KL
EH — 3300
Ne 1.0 3300

W, 1.0 3311
Nrg 2.0 3300

W e 1.5 3300
Nep 2.0 3300

i FH LD-WOCSVM / FCLD-WOCSVM 5 % k47 it 4l %k 50
B BRI B, IR v R A

1) RISl & S B TARRAS B 4 L Rl 43 258 4 Rl
ZRAE A AR

2) FEVIRSE T, R 5 U728 LRAE R 1G4 R S 5 o
FIEME S5,

3) MYNZRAE i BEALH G 73 B ATl Ziisi il . R
A (11D)/(16) RAFACE , FEALE A (4) I FFH SMO Fvk 3K

it , PRI R (5) SR iS5 iR Bk

4) B PR A YR pREL, B AT A5 45
3.2.2 H#HEER

TEA SR AR YRR AEAF 1Y 5 R AR AR, 20 501 3t
SIS, 24 hHERESBUIAIINT K X N (1) 5 241 52 R
KA 44 M Case 1.Case 2, Case 3.Case 4 Fll Case 5. PFIEHFEAR
YERIEH ZE, I HAR B BN +1 5 4 5 il 5 A A 1 Sy il e
2, I HARZE O -1, XL ESLER , IIE H S b R L
T 40% HIREAAE R YN LRI A —F8 53 , AT 7 14 B 288 b B AL
FNEC 7 LA IR AR 1% WIREASAE N 22 o — 803, 0T 4%
T RE A B AR A O+, B I 2 R v OE R AR B
R 1320, BCREREARECN 13, MR AR (O RE ARG Bl U] A 360 4% 1) 1
WAREARFIEREAS . O TR 3SR AR B B AR 7 LR = B 1
ST AETERE A SO BT —ZH R AS 5 L 5% BB 0 LS g
BERFYIZREE HIE F REARECA 1320, BREARE R 69

e BEREAS (5 AU 2R 19 F 5% I 0 523645 S 51 F %
4, 3 R S i Ee L g R BARAR L . XA 2RI
T 4R B Sk (27 ]9 19 A-WOCSVM B SCaik [31]
P WOCSVM &k | SCHik [32] (9 WSVDD B vk DL M b 4
OCSVM #3: ,

Fa4 BEHEAHEBEMNIEE 1% 5%, ERBENNEIEE EHTHRER

Tab. 4 Experimental results on turbo shaft engine datasets when fault samp@(, “‘ount for 1% or 5% of the total training set

m@@a&muzﬁmm

GISES ik 1%, (N 5%
AUC 1 \;‘-rlncan AUC G-mean

FCLD-WOCSVM 0.9883+0.0089 (NJM.7998+0.0212 0.9348+0. 0075 0.6785+0.0122
LD-WOCSVM 0.9810=0.011 0.8241+0.0513 0.9336=0. 0089 0.6913+0.0232
ol A-WOCSVM 0.9795+0. 0.7962+0. 024 4 0.9322+0. 008 1 0.6770+0.0164
WOCSVM 0.9776=0.0140 0.7930+0. 0229 0.9332=0. 0087 0.6752+0.0114
0CSVM 0.9748=0. 0036 0.8002+0. 027 4 0.9339+0. 0073 0.6763+0.0167
WSVDD 0.4761+0. 0012 0.4251+0.0325 0.4397=0. 0053 0.4076=0.0182
FCLD-WOCSVM 0.9797 +0. 003 8 0.8383+0.0341 0.935 1=0. 0063 0.6735=0.0239
LD-WOCSVM 0.9755+0.0144 0.8313+0.0359 0.9396=0. 008 1 0.6849+0.0103
_ A-WOCSVM 0.9794=0.0118 0.8374+0.0349 0.9286=0. 0094 0.6699=0.030 1
Case 2 WOCSVM 0.9513+0.0264 0.8224+0.0373 0.9291+0.0095 0. 6645=0. 0230
0CSVM 0.9473+0. 0286 0.8301+0.0372 0.9299+0.0113 0.6623=0.0255
WSVDD 0.4319+0.0182 0.4122+0.0265 0.4105+0. 0012 0.4022+0.0206
FCLD-WOCSVM 0.9952=0. 0016 0.8803+0.0357 0.9964=0. 002 1 0.7736+0.0182
LD-WOCSVM 0.9965 0. 001 4 0.8665+0. 0349 0.9826=0. 0045 0.7708=0.0176
A-WOCSVM 0.9927+0. 0016 0.8701+0.0319 0.9810=0. 0053 0.7682=0.0159
Case 3 WOCSVM 0.9944+0.0018 0.8797+0.0390 0.9820 0. 0050 0.7723+0.0201
0CSYM 0.9927+0. 0023 0.8731+0.0367 0.9806+0. 0057 0.7690+0.0179
WSVDD 0.4631=0.0018 0.4061+0.0178 0.4437+0.0025 0.3872+0.0165
FCLD-WOCSVM 0.9917=0.0029 0.9106=0.0237 0.9467=0. 0075 0.7829+0.0188
LD-WOCSVM 0.9921+0.0025 0.9054=0.0175 0.9434=0. 0083 0.7657=0.0223
) A-WOCSVM 0. 9906 =0. 003 0 0.9076+0. 0230 0.9417=0. 0082 0.7774=0.0183
Case 4 WOCSVM 0.9867=0. 0063 0.9091+0.0227 0.9444+0. 0086 0.7778=0.0152
0CSVM 0.9842=0. 0085 0.9106+0.0219 0.9441=0. 0063 0.7805=0. 0190
WSVDD 0.4823=0. 0040 0.4322+0.0183 0.4527+0. 0052 0.4102+0.0115
FCLD-WOCSVM 0.9616=0.0169 0.8298=0.0408 0.8809=0. 0084 0.6693=0.014 1
LD-WOCSVM 0.9652+0.0111 0.8486+0.0391 0.8800=0.011 1 0.6706+0.0205
Cones A-WOCSVM 0.9554+0.0157 0.8231+0. 0420 0.8774=0.0093 0.6673=0.0163
WOCSVM 0.9534=0.0190 0.8257=0.0413 0.8868=0.0205 0.6658=0.0123
0CSVM 0.9431+0.0133 0.8256+0. 038 6 0.8785+0.0116 0.6653+0.0113
WSVDD 0.4479=0.0201 0.4335+0.0322 0.4246+0.013 1 0.4073=0.0142
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H AUC I8 & G-mean 2K 5 & , TS &5 -5/ T 0. 5, L2 5.
TRANIE A T A DT il 22 st b L e s 0 [ A

% 438 0] DL L 7E Case 150G ] AUC {HAETE
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