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Temperature monitoring method of the main bearing of wind turbine
based on AC-GAN data reconstruction

YIN Shi'?, HOU Guolian®’, HU Xiaodong®, ZHOU Jiwei'

(1. ZhongNeng Power-Tech Development Co., LTD, Beijing 100034, China; 2. College of Control and Computer Engineering, North
China Electric Power University, Beijing 102206, China)

Abstract: To better identify the operating status of the main bearing of wind turbines, a data reconstruction algorithm
based on auxiliary classifier generative adversarial networks (AC-GAN) is proposed to monitor the temperature of the
main bearing of the wind turbine. First, this work uses the time series data of the supervisory control and data acquisi-
tion system to establish the wind turbine’s main bearing temperature prediction model based on the light gradient boost-
ing machine and calculates its residual characteristics. Second, the statistical process control (SPC) method is used to
screen abnormal temperature residuals of the main bearing within the control line, and the AC-GAN algorithm is used to
reconstruct the residual sequence. Finally, normal and abnormal temperature residual characteristics of the main bearing
are extracted, and the main bearing status monitoring model based on the natural gradient boosting algorithm is estab-
lished. Experimental results show that the accuracy of the method for judging the operating state of the main bearing is
as high as 87.5%, for which the algorithm can effectively monitor the running state of wind turbine bearings.

Keywords: light gradient boosting machine; auxiliary classifier generative adversarial networks; natural gradient boost-

ing; wind turbines; main bearing; condition monitoring; data reconstruction; temperature residual
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TR FAAE SRR R 2, s 2w R,
5 XU 3 I R R AL A o
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{55 ik Jrik . SCADA 443 M I i . P4 1]
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W SCHR (4] A1 % BE A I 45 4 S % FL L[]
T8 T HE PRI N 5 25 15 R AR A T
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ik [6] A H B 2% AR O IR $5 45 19 5 1
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Fig.1 Flow chart of the modeling method
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1.5 MW U5 20 e B HLAH i 17 8800 o iR
L3 i U L2 U A KU S 3 m/s, BT 20 8E
25 m/s, SCADA #(#E4E 10 min i85 —2%, F T IH
W% A1 2 A i o %o =i kBB O 0 A TR A S ), AR
AR BGZ XL 1.5 MW HLA 3L 36 G HLA, 1
1523 & EhRIEWHLAL, 13 & BhR S L4 .
X 36 f KU HLALAE 7= MBS A R, Jf H AR 2
] — A~ XU 37 1 AU AL AL, BRI o ) DXL 5 05
FH B A AR L, R RARZ KB 1 I is 17
T . SCADA B J7 454l 2 455 B 1] | XU | L)
EERPIRY I SN 2 T Ny it 2 1 N 2
BEWR | A T S B AR A RO A s . R 1
J1EB4y SCADA A U8
22 HIEFER

1T XU HLZL 7R B Fil SCADA RS AEia 171 2
Wi | AR IR L R HL L A T A R A
PRI R i i SCADA Hudls Hh e 212 36 1R 22 53 Wk 7 2K
o T AEBIRTE R AT R, I R

1) & H 43 DX [8] J7 i 4% KU 0.5 m/s 1l 43+ T
AL DX 8]

2) ¥ /N T UIA R L KT X A 22

FNTEEET 0 BB 1 5

% 1 SCADA & RHG
Table1 Examples of SCADA data

KL A

FRembz Kmes ) RUE/E) M
/(rmin ) /KW
2019/3/1 20:38 3.47 1.81 1130.52 240.26
2019/3/1 20:48 3.09 -391 1132.56 215.71
2019/9/2 10:28 4.89 -1.51 1424.43 420.00
2019/9/2 10:38 4.85 —-1.45 1461.12 450.56

3) R G2 i a4 R B S g T
T X Ja] 1Y SCADA ¥ A7 ¥k .

Shy i B 2 B S M RS MR A ORE, AR SCRT 2.1
5 HE B B XL WL T S SCADA i vEAT T 7
W 7 O B, IR 2 BToR . [ 2(a) i KL AL
20 I3 52 SCADA H 405 ik U8 iy ity XUk Dy o6 i 2 (51,
P 2(b) Sy i J5 1 XU T 6 i 2R 1
2.3 HHEEEIRE

KHLHLZH SCADA %4l rh I E BT A 1 B 5 4k
5 25 5 XU AL 2 3 Sl O B AR G, Sy 8 v XU AL
2 3 fph 7 L R T A TRORS R, ] i e R A 7R 31|
A, BB XU AL 3 il AR GE 7R S A DG Y R
TEFHE . ABGE M RRE I 358 75 X0 I FH R IR B AH G
R B AR A T RE VR AR G 2 00 UE AT 5, B2 IR AR AH
5 2 B0 B 10 SR 0 A IR A IE 2543, (H XU H
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6xd
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B E R . W RS REGE T 0.5 BHERAE
2 T) B A DG SRy s AH G, BRI, 38 T B R = A
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Fig.2 Contrast chart of the wind-power before and after
SCADA data filtering
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Table 2 Spearman correlation coefficient

BEHUFRAE K IR SR e Rk
K HALE 0.880
A TR 0.848
AR IR 0.823
HIThZ 0.808
PREEREE 0.804
ABES 0.780
A 0.694
LA 0.648
AFHHL TR 0.532
I £ i 0.514

S R AR e AR B AN [ A 40 A
AL, T BR AR AR RO 2 18] B 40 R,
Bl A — b B, HHRA R

X — Xmean
X, = —

X x A —4 SCADA FFIEBHE 5 Xnean A FFAE
B B I 5 e N 7 U BRI 4 B R 5 e 9
EHE (4 Fe/IMEL; X, O U — A LUR YRR

3 2T LightGBM #y X e AL 241 % % &
T

3.1 LightGBM &%

e FR A6 2 42Tt (eXtreme gradient boosting, XG-
Boost) 5 JE7E H i v 158 (adaptive boosting, ad-
aBoost) B % B B 2 T 2 AR B3R M (gradient
boosting decision tree, GBDT) -k JLfitk [ I fLTE A%,
AR, HLA R A TRINDRS B R 2K HER R, 1
RETIRARH T 2N H . {H XGBoost H.7%: 3%
A AE U RAE R L AR o R AR BT . B XX
S, Ke 551 0T MR A BCHE, JFAE 2017 4R42
T LightGBM %%, LightGBM & L7 i1H5H
PR B 45, BAARSCR & ARNAE . &
HERR AR JTFAT A7 T SRR, Bl & T TR LR,

LightGBM {ifi ] B J7 {153 1% 24t T GBDT HJ
TUHEFY , BE % 7E A0t 35 v R A T4 R ik GB-
DT R YN R B, S AR UE 45 SR el 1, 5300k
T A8 J32 BR300 SR A R e 08 I 23 /N ek B A
FETTAAR B 15 0 i g SRR B A e B A A5

5 KR EE D 5 FHNAE, SR Ak ST AR5 T
F ARSI H R RRAE AR 2B, D B AS R AR R

N —ABA 7 A B Light GBM A&
R 95 B 4 N D={(x,y)li= 1,2, ,n,x; €R",
yi € R}y, Horp 45 0@ B B 35 n DFEAS, BN HE
A x; MR m ASRHAE A — D FRZAE yio LightGBM

Xmax ~ Xmin
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(B, AT — AR RL 25 ¢ SERYER @ DAEA
E/‘J?ﬁ%@ﬁ L(yi, f(x:) E/‘J/Dzl*ﬂﬁg Fii j‘j

i af(x)  lrw=faw
%Uﬂq (xi, %) ?y\/ﬁ\—/l\ CART [EUEH:XJ‘, HE A5
B o ARl )BT X R Y I R U LY Ry,
i=1,2, 0 HJ i35 SR REAS, 4k
PR RS /N UL T U A e R
¢,; = argmin Z L(y;, fioi(x) +¢)
—_—

s e JEA Ok eR R R /MBI B9 B xi e Ry 3R
ANEEAS x JE T RS DM T R AR
e PR SR UL 5 PR BCA

h(x)= " cl(xi €R,)

J=1

A I, €R,) SEIRRREL, Y X €R; B, 8 7 PR
KOG A 1, ez ok ol b i A 4 B 245 51 Y 58

J
F®) = fa@)+ D ey, x€R,

im FE T 4 BY 2 ST

e 10 & R IEF HLZL A4 7 52 SCADA %X
Ptk 38955 4, Fi¢ bR Oy vk AT AL B S A5 3 3
25946 A EHE o B EUE AR 80% 1E Ml 44k, $idin
£ 20% PE N4 . A ST Al ks 7 3 5 1
s BeVE R4 Windows 10, python BRAS A 3.7.1,
£E W & 32 47 3155 4 anaconda3, LightGBM 5. |
XGBoost 5 2 Fl B HL £R Ak 5 15 8 ] sklearn 1Y
APL, J 2l ) AC-GAN Az B X Pt #i 28 ] 2% 1]
H kears ¥R & 2% 2 HEZL API, NGBoost - 15 18 FH 7
3H 1% B NGBoost fEZE .

Xt 43 M1 LightGBM 5 ¥ . XGBoost B 1|
CatBoost(categorical boosting) 72 7£ X\ H1 H1L ZH VIl
5 32 b RO BE FOUI B AL ARG BE, R 3 TR

R IR ALY 2RI [ | 2507 #2225 RMSE Fl 2k
E FRAL 2 FEARNT ARG BE A TIPS, TR AR

17!
RMSE = 4| - =)
\”g. oi=3)

rr=1- [2 (i _)A’i)z} /Ii (i _)_’)2]

32

Aoy A A FEROR IR A LS R AE 9 R
55 1A R RREE A TR v ok SRR 1Y B
SEI (R A E . LightGBM 531k 78 1 7 R iR 22
RMSE . Y& R~ 48 b AU 2Rt fa] 1 ¥ £ F
XGBoost £ 75 fil CatBoost 7%, # 4 4 Light-
GBM. XGBoost il CatBoost ix 3 Filt 2y 78 ik 45
FEAS rh 5% 22 4R AE AT 1L . LightGBM B 8 76 I 2 4
Y ER 2E B KAE K 0.129, BR2ZE A K 0.022, KT
LightGBM #) X L ML ZH = il 7 T B 100000 e 3 42
I ELA e Y TR
% 3 LightGBM.XGBoost 1 CatBoost 3 # [4 &E Lk &

Table3 LightGBM, XGBoost, and CatBoost modeling
performance comparison

AT RMSE ’ /s
XGBoost 0.021 0.978 4.9

LightGBM 0.012 0.992 1.6
CatBoost 0.035 0.954 5.2

x4 3MBERNIXERERFE L
Table 4 Comparison of residual characteristics of three al-
gorithms in test data

T BRI TRAH B 2E - HE
XGBoost 0.209 0.035
LightGBM 0.129 0.022
CatBoost 0.186 0.030

FLF LightGBM 572 1) 3= il 7R i B 7000 A5 72
DS b %22 IR 3 BT .

— M - BN — PR
0.6 '

-0.2 ‘ ‘ ‘
0 2000 4000 6000
DGR AR S A

B3 FHAREHERMNLERE
Residual error of the main bearing temperature
model in the test data

4 FH-F AC-GAN I F % & 5 JF 7k =
ER )

HT AC-GAN 11 Rl i B2 5k 22 sk ik B
WA TN 108, R SPC 7 0 Tl R % Al
2 % 2 E 45 1 S PR PN ) O R AR 22 BOEE A B
U, B 1 3 L 22 A0 B S B 25 H5OHE A S I 58
5, SR AC-GAN A= 1 X 3 0 4% A i 5 B S 048
3 A1 AR ARL P ZSCHI R 4 e S 5 1 A
4.1 EF SPC W% =45 IR EX

SPC J7 1 e W) 3228 FH R Wl 2B 7 7 it v 118 ot
(], SR AR e AR v s R AL 5 S () A 1

BRIEEA 1L

8000 10000

Fig. 3
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WU TA Sy 7E 1290 B N 10 B8 S T s 1Y), S 22 90 Sy
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WIE (=30 u+30] T, 5 Bl 0 5% 22 0 1IE 5
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ke . &4 R LA 3 il R e & A T — A H
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P B bR ] 8, E B R T A Sk R AR S PR
AR 1) TIORG E

02 - ¥k%E — bBIEHL — MEHRHZK
k. 0.1
I 0
% -0.1
= -0.2
i -0.3
ﬁf\( .
-0.4 ‘ ‘ ‘ ‘
0 1000 2 000 3000 4000
SR LA R 2 S A

4 ENAMBERER—1TARERE

Fig. 4 Residual diagram of one month before a unit failure
42 AC-GAN EiEN 4

He BT M 2% (generative adversarial networks,
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Fig. 5 Basic framework for the AC-GAN to generate resid-
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Fig. 6 Confusion matrix of the fault decision model before and after residual reconstruction(NGBoost algorithm)
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Fig.7 Confusion matrix of the fault decision model before and after residual reconstruction(XGBoost algorithm)
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Fig. 8 Confusion matrix of the fault decision model before and after residual reconstruction (random forest algorithm)
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Table 5 Probability prediction value of the normal wind

turbine without residual reconstruction
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Table 7 Probability prediction value of the abnormal wind
turbine without residual reconstruction
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*8 RENHEZTERESEHROBRTNE
Table 8 Probability prediction value of the abnormal wind
turbine after residual reconstruction
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*o6 EEHNHZTHRESFTHRMBERTIE
Table 6 Probability prediction value of the normal wind
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o1# 0.39 0.61
7 HAKE

AL X ML F2 3l K R iS04, A XRIR
250 MO0 T i o T v N A B R 1) AH DG TR
P2 T AT AC-GAN £l =44 i KU BIL4H 3 4
AR WM J7 3, A5 20T 4518

1) K HH LightGBM 53 g 37 3= il 7k Il 38 ok 22
TIAR AL, JFK XGBoost 5.1 | CatBoost .k 52
XF AT, FERI SR 55 F R, LightGBM 5k 7 32 4
R B HEA R 25 A RE UL T XGBoost 574 1 Cat-
Boost 5.1

2) Sk T Bh i H R ER =Rl S pLd ik 22, Al
FH SPC Jy i X 3l K S 1 ek JBE 3% 25 FE 45 il 4k
BBl N 247 6 2E, I FI) H AC-GAN 553k Xt 5% 22 )7 471



55 6 19 FE, % FET AC-GAN K8 HE 44 11 A AL ZH 3 b Rl B2 1 00 7k

* 1115 -

T, BT NI E R AR DG TR, 2
ﬂTE%%ﬁﬁﬁE%ﬁﬁ%§WE%@%$o
3) T E 45 514 F , NGBoost 55 1 78 XU HLZH
F AR PSR B L T XGBoost 55 FIBEHL
FRARE . 1 H., NGBoost, XGBoost 1 #1 2
3 Fh AR 28 1) B 2 A 1) R 25 T SR ASE 1Y 1 T A B
%w%mTzw%J9w@m@@%%6AMQ
AT 3 A B & FRIRE R LA, 3 & F 4K
S HLL), YIRERE FIMT IEHG . LT NGBoost FR
AP RABEARY 1 F- K UERR R N 60.5%(T05% 22 7 51) H
) T 2 72.3% (R FH 5% 22 5040 S5 A o

S 3k

(1] W7, BR¥ald, 473, 5. KA K BPLZ RIS W25
R [J]. EBRIHEAR, 2018, 42(3): 849-860.

ZENG Jun, CHEN Yanfeng, YANG Ping, et al. Review
of fault diagnosis methods of large-scale wind turbines[J].
Power system technology, 2018, 42(3): 849-860.

(2] AWRAL, FNRE, ﬁiéﬁ? 8. XU A ML RS I 5

MHARBFFRLRR [T]. IR, 2017, 38(5):
1041-1053.
JIN Xiaohang, SUN Yi, SHAN Jihong, et al. Fault dia-
gnosis and prognosis for wind turbines: an overview[J].
Chinese journal of scientific instrument, 2017, 38(5):
1041-1053.

(3] XU e T2 e s 300 5088 42 9 ) XU AT 2L I P

ST [D]. dbat: AedbH fi R (dbaD), 2019.
LIU Shuai. Research on fault warning method of wind
turbine based on real-time monitoring data mining[D].
Beijing: North China Electric Power University (Beijing),
2019.

(4] 208, Z=drsle, DRSS, 2. ()20 A i ML 1 B Pt
B (1] Wi RRA 5 TR, 2020, 36(5): 7-14.

LI Junqing, LI Sixuan, CHEN Yating, et al. Synchronous
generator stator fault prediction model[J]. Electric power
science and engineering, 2020, 36(5): 7-14.

[5] EFEFF, XK K. 2T Box-Cox /}'ﬁ%ﬁé%ﬂ*ﬁﬁ‘kﬁﬁfﬁi‘ﬁ

A KU LA A R AR S M0 [, vb [ i AL AR 24,
2020, 40(13): 4210-4218.
WANG Ziqi, LIU Changliang. Wind turbine gearbox con-
dition monitoring based on Box-Cox transformation and
relative entropy residual analysis[J]. Proceedings of the
CSEE, 2020, 40(13): 4210-4218.

(6] i, X< B, AN i T4 43 2 o el ity XU AL ZH
B TV )5 v (0], AR, 2019, 40(8): 1-11.
LIU Shuai, LIU Changliang, ZHEN Chenggang. Fault
warning method for wind turbine based on classified data
reconstruction[J]. Chinese journal of scientific instrument,
2019, 40(8): 1-11.

[7] QIU Yingning, FENG Yanhui, INFIELD D. Fault dia-
gnosis of wind turbine with SCADA alarms based multi-
dimensional information processing method[J]. Renew-
able energy, 2020, 145: 1923-1931.

[8] LIANG Tao, QIAN Siqi, MENG Zhaochao, et al. Early
fault warning of wind turbine based on BRNN and large
sliding window([J]. Journal of intelligent & fuzzy systems,
2020, 38(3): 3389-3401.

(9] T, fRIEE, THEAR, 4. 25T Bi-RNN A XL HLLL 3

7R I U7 B DR 5 (7], KRN 22 (T2 00,
2019, 40(5): 44-50.
YIN Shi, HOU Guolian, YU Xiaodong, et al. Research on
temperature prediction method for main bearing of wind
turbine based on Bi-RNN[J]. Journal of Zhengzhou Uni-
versity (engineering science edition), 2019, 40(5): 44-50.

[10] PRETUE, SRHALE, VA M, 55 URLAE fli il 07 5 i

RS S LR A (1], T E AL TR, 2020, 31(2):
175-189.
CHEN Xuefeng, GUO Yanjie, XU Caibin, et al. Review
of fault diagnosis and health monitoring for wind power
equipment[J]. China mechanical engineering, 2020,
31(2): 175-189.

(11 Wh/NE, AP, J e, 2. XU AILZE R — By 4 ey

BATEIRRHE SO 7 12: [J]. W THORE4R, 2018,
33(14): 3353-3361.
SHEN Xiaojun, FU Xuejiao, ZHOU Chongcheng, et al.
Characteristics of outliers in wind speed-power opera-
tion data of wind turbines and its cleaning method[J].
Transactions of China electrotechnical society, 2018,
33(14): 3353-3361.

(12] STRL, Wi, B, 55, BT 307 BOUR € SR80 C R 4

B REIRIE tHZR BB AR (1] M8 &R 58 A 31k, 2020,
44(15): 103-111.
JIA Ke, YANG Zhe, WEI Chao, et al. Pilot protection
based on spearman rank correlation coefficient for trans-
mission line connected to renewable energy source[J].
Automation of electric power systems, 2020, 44(15):
103-111.

[13] CHEN Tiangi, GUESTRIN C. XGBoost: a scalable tree
boosting system[C]//22nd ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining.
San Francisco, USA, 2016: 785—794.

[14] KE Guolin, MENG Qi, FINLEY T, et al. LightGBM: a
highly efficient gradient boosting decision tree[C]//Pro-
ceedings of the 31st International Conference on Neural
Information Processing Systems. Long Beach, USA,
2017: 3149-3157.

(151 #ifHh, 2560, 3LT MCS-MIFS 5 LightGBM FU#AS 4
BLDPRTO 7% [7]. L Rk2E 5 TR, 2020, 36(5):
23-31.

HUANG Wei, LI Yang. Gas turbine power forecasting


http://dx.doi.org/10.3969/j.issn.0254-3087.2017.05.001
http://dx.doi.org/10.3969/j.issn.0254-3087.2017.05.001
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.002
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.002
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.002
http://dx.doi.org/10.1016/j.renene.2019.07.110
http://dx.doi.org/10.1016/j.renene.2019.07.110
http://dx.doi.org/10.3969/j.issn.1004-132X.2020.02.004
http://dx.doi.org/10.3969/j.issn.1004-132X.2020.02.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.issn.0254-3087.2017.05.001
http://dx.doi.org/10.3969/j.issn.0254-3087.2017.05.001
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.002
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.002
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.002
http://dx.doi.org/10.1016/j.renene.2019.07.110
http://dx.doi.org/10.1016/j.renene.2019.07.110
http://dx.doi.org/10.3969/j.issn.1004-132X.2020.02.004
http://dx.doi.org/10.3969/j.issn.1004-132X.2020.02.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004

<1116+ BOfiE R & ¥ i 516 &

based on MCS-MIFS and LightGBM[J]. Electric power systems, 2020, 15(3): 491-498.

science and engineering, 2020, 36(5): 23-31. [22] BB, WRAF. LT A U6 45 b2k e Bk E 1R
(161 JA¥E, W57, JHsR M, &, JLTF it LightGBM [/ R E R (1], B RER S AN, 2020, 15(1): 74-83.

ARG SREWALITE (9] IMEAR, 2019, 43(6): BI Xiaojun, PAN Mengdi. Super-resolution reconstruc-

1931-1940. tion of airborne remote sensing images based on the gen-

ZHOU Ting, YANG Jun, ZHOU Qiangming, et al. erative adversarial networks[J]. CAAI transactions on in-

Power system transient stability assessment method telligent systems, 2020, 15(1): 74-83.

based on modified LightGBM[J]. Power system techno- [23] ODENA A, OLAH C, SHLENS J. Conditional image

logy, 2019, 43(6): 1931-1940. synthesis with auxiliary classifier GANs[C]//Proceed-
(7] =4, 7%:1%&}, ﬂi‘i%i’é, A ﬁ‘&\ﬁ?jﬁﬁ%@j%ﬁ%ﬁ@ ings of the 34th International Conference on Machine

ARG 1), ARG H L, 2020, 4421): Learning. Sydney, Australia, 2017: 2642—2651.

6471 4 , , [24] DUAN T, ANAND A, DING DY, et al. NGBoost: nat-

LI Nan, LI Baoluo, ZHU Jianhua, et al. Transient stabil-

. . ) ural gradient boosting for probabilistic prediction

ity assessment method considering sample imbalance

and overlap[J]. Automation of electric power systems, [C)//Proceedings of the 37th International Conference on

2020, 44(21): 64-71. Machine Learning. Vienna, Austria, 2020: 2690—2700.
(18] TFIEE, ¥B%, sRIA SR, 4 Gt i T b 10 b ok 20 b [25] TRUSHEIM F, CONDURACHE A, MERTINS A.

TR W AT R B (0], A e S T R Boosting black-box variational inference by incorporat-

1%, 2019, 38(S1): 3238-3245. ing the natural gradient[C]//2018 24th International Con-

WANG Yichen, ZHENG Hong, ZHANG Mingju, et al. ference on Pattern Recognition (ICPR). Beijing, China,

Settlement monitoring and analysis for subway under en- 2018: 19-24.

gineering by using statistical process control[J]. Chinese EEE -

journal of rock mechanics and engineering, 2019, L RRSE . BRI

38(S1): 32383245 Sy IR L4 T R U
[19] DKL 124 S B 6 AR A M 5 il

7505 [D]. EP: HIRKRAE, 2017.

HU Yaogang. Study of health condition monitoring and

assessment for critical components of large wind turbine

generator systems[D]. Chongqing: Chongqing Uni-

versity, 2017. e . .
20] P, S, FE, % T InfoLSGAN Fil AC ik PRI, S LA, LR

R SRR AT (1), A 30024, 2020 BRZE IR BRI S 25

’ ’ DAL BT RE IR S il A

35(6): 1212-1221.

YU Guangbin, ZHUO Shi, YU Jun, et al. Remaining

useful life prediction of rolling bearings using InfoL.S-

GAN and AC algorithm[J]. Journal of aerospace power,

2020, 35(6): 1212-1221. i - oo e
207 WA, 2 B0, BT, AT AR S R AV, LB, LR

SCIEAF P B ik [T].
491-498.
CAO Jin’gang, LI Jinhua, ZHENG Guping. Enhance-

ment of blurred road-traffic images based on generative

FHE RG24, 2020, 15(3):

adversarial network[J]. CAAI transactions on intelligent

16 A XL AL A2 T T


http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004
http://dx.doi.org/10.3969/j.ISSN.1672-0792.2020.05.004

