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Anomaly warning of gearbox oil temperature in wind turbine generator system
based on iForest-DBSCAN-RF and optimized CATBoost
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2. Baoding Key Laboratory of State Detection and Optimization for Integrated Energy System, Baoding 071003, China)

Abstract: Data cleaning, feature selection, and the establishment of a prediction model are indispensable steps to
realize anomaly warning of the wind turbine generator system based on data collection and supervisory control and data
acquisition (SCADA). Firstly, isolated forest (iForest) and density-based spatial clustering of applications with noise
(DBSCAN) algorithm are combined to effectively clean the data outliers of SCADA, and random forest (RF) and
Pearson correlation coefficient method are used to optimize the input parameters of the model. Based on the categorical
boosting (CATBoost) algorithm optimized by Optuna, a prediction model of gearbox oil pool temperature in the wind
turbine generator system under normal operating conditions is established. Then, the state evaluation index is
constructed with the sliding window method, and the interval estimation theory is employed to determine its critical
threshold for anomaly discrimination of oil temperature. Finally, the anomaly warning of oil temperature is realized. The
real historical fault data of oil temperature anomaly in the SCADA system of the wind turbine generator system are used
to verify the effectiveness of the method.
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Figure 1 Wind speed-generator speed-raw power

data distribution
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Figure 2 Wind speed-generator speed-power data

distribution after manual treatment

1.2 BiXFH%

I 2 ml DUE A B S B RCR AL AT R
K H oA ARy A7 AE K 7 22 HOW B 1 5 e
SR . K7 #F A (isolated forest, iForest) 8 32 /N 4K

S LI B 9% B S5 4 Aok /AL — D REAS 5 A A
AR 22 5, T R B2 20 A AN B S R R Bk
fa] B R B, AR SR iF orest 55 75 6 B8
HEAT I U, 25 BR HUASE P K 11 3 2 5 5

iForest B /R UK 3~ ME SH T LLE
th L R S8 DA T U BROHE AR v B AL E B m AR AR
VE R T4, I 08 FLHCA A A AR 1 050, I Bl AL 3% 5 —
ASFFAEFEAT 50 B, Az V) B AR YR X A DI EI A,
A4 B 23 1B R 43 R 24 F 25 8], I 3 UH Ml BE B R AE
HA3E0 B0, b 78— AR SO, B3 &k A
SRIG , TR At B AR il BRARST AR, B B PIST ZRAK 5
e BB SO IS AR AR R T AR T
S SR B AR B JF M R I AR K R T S 1T
Iy o BEAR R T 6 R UR 3 S R AR
ORI N

IRSL AR
A

B URRBENLAY 5 2 BREEHLRY

3 iForest R =&

Figure 3 Schematic diagram of iForest principle
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Figure 4 Data distribution after algorithm cleaning
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Table 1 Experimental results of importance index

R VR AH T T e L/ i AE A o b RN/ WRAEIE R R m R
A TR /°C (remin ') ISyt /°C T ATHHE/MPa  (remin ') SRS/ C
1 0.1357 0.1338 0.082 3 0.044 8 0.036 7 0.0318 0.024 3
2 0.137 2 0.134 1 0.088 3 0.045 3 0.035 2 0.0321 0.023 8
3 0.134 5 0.134 2 0.084 5 0.046 6 0.035 4 0.0330 0.024 8
4 0.136 4 0.136 1 0.087 5 0.0455 0.034 7 0.032 5 0.023 9
S K HLER Fv K LR B Sl i Ao AR/ REHETF U RBHUETV PN 27 AL
AR /°C AR /°C C AHL BIR B /°C Rk Bl RE /°C I/ C i/ C
1 0.0218 0.019 2 0.018 8 0.018 3 0.017 8 0.017 1 0.0158
2 0.0190 0.0216 0.0190 0.018 2 0.0189 0.017 6 0.0153
3 0.022 6 0.018 7 0.018 3 0.018 2 0.017 8 0.018 4 0.0153
4 0.0219 0.018 4 0.019 3 0.018 6 0.018 3 0.017 9 0.0154
. 3\:‘7@%% 1\?#&5&#}1 PLC JXL?F)F%?& T54) fi) 450 % / moﬁfﬁ/ s 107 H 15%  HH 5 /
MZ/C i/ C (10 min) Hz (°) (N * m)
1 0.0155 0.014 8 0.014 5 0.013 8 0.013 5 0.013 4 0.010 5
2 0.014 6 0.0150 0.0152 0.0131 0.013 6 0.0138 0.0137
3 0.014 7 0.0156 0.014 7 0.012 9 0.0137 0.0139 0.0131
4 0.014 9 0.014 7 0.0152 0.0131 0.0137 0.0137 0.013 5
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Figure 5 Mean value of importance index of four experiments
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Figure 6 Feature correlation heat map
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Table 2 Correlation index ranking

FRAE 44 FK L AH OGP b
4 AL 3K 2l i A 7K L T 6.096 1
BIL A 42 AL P a2 T 5.727 7
it P a2 C 5.514 1
25 R B C 5.1129
15 R m LR E C 5.109 2
REMLEF VAL I C 4.9835
K HHLIE F U AR P ik T 4.9813
v ALK Sl s A 7R L T 4.788 8
BLAE ff1 i 3.995 4
3R E 3.9857
PLC KA ZS (10 min) 1.759 2
ERIEES Hz 1.294 1
TR S 1.023 6

ML AL B 2 i il A& I A 6.096 1 °C, AL $ il 45 P
W EE R 5.727 7 °C LM NI EE S 5.514 1 °C, 285K |y
ML BE A 5.112 9 °C, 1#3 s HLIR & o 5.109 2 °C,
RHALE F VAL R EE Ry 4.983 5 °C, A HALE +
U HH £k P8I IR B 9 4.913 8 °C, & H WL UK 5l s il 7% IR
JE R 4.788 8 “C, HLAE fA B Oy 3.995 47, 35 % K 2 )
J& 4 3.985 7°, BB 10 min (19 PLC KALAR S35 50N
1.759 2, [ 3 451 % o 1.294 1 Haz, 1 fii R 245 48 B0
1.023 6.

B A PE BEPEAN A 40L& U0 BE R® V1 5 12 22 Lse
(mean squared error, MSE) | - 3 4 X % 25 48 X {4
Iyae(mean absolute error, MAE) 3 # 38 #r1%, Hiit &
YNl )

RP=1-=1 (2)

(3)

‘ 2

1 R
MWZZZWyUFyUD

IMAE:%Z'\W»—W))\ (4)

K (2)~ D,y () R B SE bR A 5 p () Ry 152 A i
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R3O PVAFAR L Tr ik 2 6 AL L AR 4 AR AT L
Table 3 Comparison of model performance indicators

corresponding to different feature selection methods

FHEERE T FRIE AR R’ Tuse Tk
RF 7 0.988 308 0.536 108 0.546 804
RF 10 0.989 411 0.485 526 0.492 229
RF 13 0.991 357 0.401 365 0.456 134
RF 16 0.989 824 0.466 576 0.468 504
RF 19 0.988 936 0.507 338 0.471 796
SFS 7 0.987 768 0.560 836 0.401 497
SFS 10 0.988 783 0.514 355 0.431 480
SFS 13 0.990 933 0.415 728 0.408 574
SFS 16 0.989 814 0.467 027 0.406 861
SFS 19 0.988 491 0.527 733 0.432 691
RFE 7 0.986 484 0.619 745 0.572 805
RFE 10 0.986 844 0.590 082 0.575 433
RFE 13 0.988 138 0.543 907 0.517 017
RFE 16 0.989 086 0.500 410 0.478 599
RFE 19 0.987 424 0.576 640 0.495 484
RF +Person 10 0.991 166 0.405 056 0.449 145

— 5 ST, AR AR I SRS AR B T ST & B
TR X IR A — R R R AR Z A Y
2 PR BT S BN o R FH AR SO T LY 10 SRR
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RFE 3 Fh 8 1 36 5 19 10 AR 4F X 17 i AR 1) . 5
RF 8 e 19 13 AR AE A e AR A TR AR Fb L AR 3C 10
SR ) R2F&{% 0.019 1% ,MSE 425 0.369 1%,
{8 MAE [ ik 0.698 9% , & {4 il U 14 fig 2= 5 /N .
5 SES LB FEAY 13 FRAE 2 7 M B AR RS AR LL
AR CHERIAE R2F MSE - £ BUE AL, (H MAE £ &
4.057 1% . 5 RFE L EEEN 16 A FRAE & 57 1) i
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WAt

25 E PR ML T RE 8409 38 o i 20 1 ok B
fiE . SFS 51k 3% A0 1 Jin 5 BERFE , RFE 5235 AR 45 1l
G 2b S 3% A0 B SR RAE 0 3 Fh ik A SO IR AR AT 8K
Ref AR i A R AE 4 B (%) R) IR A e b PR E T ASE AR
U fE . A, RF . SFS  RFE X 3 288 1 19 &%
AR Y BT 6T 7 1) R AIE B8 H 38 R A B 19, R4 194
FRAE & T i A S ny 13 8 16 4R 14E 2 i T
TOAR FL 2 VR FRAE 0y 5% ), 5 ALPE BE Sl T B . AR
SCAY U R IE B A A A TR R PR T 2 Tk R
fE WA T R AR U AR i — 20 38 F TR AL Y T
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algorithm principle
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Figure 9 Schematic diagram of sliding window principle
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Figure 10 Fault warning result (case 1)
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Figure 11 Fault warning result(case 2)
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