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Fault diagnosis of planetary gearboxes based on feature fusion and ResNet
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Abstract: Aiming at the coupling of vibration signals and inaccurate fault diagnosis of planetary gearbox, a fault diagnosis method of
planetary gearbox based on feature fusion and ResNet is proposed. Firstly, the collected analog fault vibration signals such as planetary
gear crack, wear, sun gear broken tooth and composite fault are decomposed by MEEMD and VMD to screen and determine the effective
components respectively. Then, the selected effective features are fused and classified by using traditional CNN network and ResNet.
The results show that the ResNet has higher classification accuracy, up to more than 95%. Finally, the classification accuracy of data
before and after feature fusion is compared by using ResNet. The accuracy before fusion was only 91.16%, which was lower than
97.18% of after fusion. Thus, this method is very effective for coupling vibration signal processing and fault diagnosis of planetary
gearbox.
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Table 1 Relation between MEEMD

components and original data

T4 IMF1 IMF2 IMF3 IMF4 IMF5  IMF6~10
0.8786 0.4724 0.3677 0.3148 0.103 7
1 0.8338 0.4058 0.3482 0.3360 0.1510
0.8666 0.4364 0.3567 0.3298 0.1537
0.8734 0.4028 0.3996 0.3501 0.1366
2 0.8150 0.4391 0.4596 0.3984 0.1811
0.8364 0.4578 0.3746 0.3381 0.1576
0.876 0 0.5200 0.3616 0.3554 0.1449
3 0.8690 0.4094 0.3958 0.3833 0.158 4
0.8490 0.5350 0.4586 0.3574 0.1469
0.8904 0.5460 0.4615 0.3527 0.164 1
4 0.8472 0.5999 0.4610 0.3468 0.1514
0.8444 0.5580 0.4535 0.3377 0.127 1
0.8486 0.4033 0.3978 0.3389 0.156 6
5 0.8150 0.6783 0.4026 0.3587 0.1747
0.8246 0.5473 0.4578 0.3489 0.1576

%2 MEEMD &9 =R ERMER

Table 2 Variance contribution rates of MEEMD components

T IMF1 IMF2 IMF3 IMF4 IMF5  IMF6~10
0.7602 0.1307 0.0747 0.0141 0.001 3
1 0.7038 0.1818 0.0858 0.0106 0.0010
0.746 6 0.1205 0.0864 0.0298 0.003 7
0.7834 0.0501 0.0928 0.0501 0.006 6
2 0.7110 0.0804 0.0991 0.0984 0.001 1
0.7314 0.1350 0.0778 0.0381 0.007 6
0.746 0 0.1027 0.0800 0.0554 0.0049
3 0.7690 0.0491 0.0800 0.0833 0.008 4
0.7470 0.1033 0.0750 0.057 4 0.0069
0.7974 0.0588 0.076 0 0.0527 0.004 1
4 0.7482 0.0927 0.0999 0.0468 0.001 4
0.7474 0.1218 0.0680 0.0377 0.007 1
0.7436 0.1116 0.0833 0.0389 0.006 6
5 0.7190 0.1383 0.0683 0.0587 0.004 7
0.7256 0.1006 0.097 3 0.048 9 0.007 6
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Table 3 Relation between VMD components and original data

T IMF1 IMF2 IMF3 IMF4
0.898 6 0.472 4 0.2677 0.094 8
1 0.703 8 0.405 8 0.248 2 0.136 0
0.746 6 0.436 4 0.256 7 0.129 8
0.883 4 0.402 8 0.299 6 0.050 1
2 0.8110 0.439 1 0.259 6 0.098 4
0.831 4 0.457 8 0.274 6 0.138 1
0.846 0 0.5200 0.261 6 0.155 4
3 0.869 0 0.409 4 0.205 8 0.083 3
0.847 0 0.5350 0.258 6 0.057 4
0.897 4 0.446 0 0.261 5 0.052 7
4 0.848 2 0.599 9 0.261 0 0.046 8
0.747 4 0.458 0 0.253 5 0.137 7
0.743 6 0.403 3 0.297 8 0.038 9
5 0.8190 0.378 3 0.202 6 0.058 7
0.725 6 0.447 3 0.257 8 0.148 9
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Table 4 Variance contribution rates of VMD components

T IMF1 IMF2 IMF3 IMF4
0.556 7 0.372 4 0.056 1 0.014 8
1 0.503 8 0.305 8 0.174 4 0.016 0
0.546 6 0.336 4 0.097 2 0.019 8
0.583 4 0.302 8 0.103 7 0.010 1
2 0.5110 0.339 1 0.1315 0.018 4
0.531 4 0.357 8 0.092 7 0.018 1
0.546 0 0.3200 0.108 6 0.025 4
3 0.569 0 0.309 4 0.098 3 0.023 3
0.547 0 0.3350 0.100 6 0.017 4
0.597 4 0.346 0 0.0339 0.022 7
4 0.548 2 0.396 9 0.028 1 0.026 8
0.547 4 0.3580 0.076 9 0.017 7
0.543 6 0.303 3 0.114 2 0.038 9
5 0.5180 0.378 3 0.065 0 0. 038 7
0.4256 0.347 3 0.188 2 0.038 9

F I, 4 075 26 1R Y 4% T 000 MEEMD 3 f# 19 4 B A5 5%
Sy FI VMD S0 2 B 205 B A TR Al G T T
BIREA 55— B SLI T 6 94, XA
il TSR E G, SO T B i AL 3 SRR B A
AR S B, T B T % TAESR B R A 5
) PRI

HPERE RO BT 5% 11600 = 33 000 MHE, i 3
B B A B M 25 RS o AT I 2RI

3 CNN ML EIISSEHERS T

3.1 CNN MBI

1) 1445 CNN W28 AL e 7

58 CNN BEAUTE B o ih 3 A& BUZ FIpAS 4
HEAESZH N 5 2L, ] ReLU JEL MR o1
BRHABHMN Dropout , Mg R S B EmES
Fs

RS5 REERBENEERSEILE
Table 5 The structure parameter
setting of traditional CNN

P B PR ES AR/ PN
Convl 96 11 4
Pooll 5 2
Conv2 128 5 1
Pool2 3 2
Conv3 384 3 2
Pool3 3 2

2)) TR 5K 2 ) AU 1 57
TREEIK 22 W 4% 516 55 CNN W45 RIR Z b 5T AT



- 218 -

LSRR R e o

536 %

WRERZE S e 115 S 008 , I H ke 0 1 46 B2 T 25 Fn M)
#iB1k, FRZEI Conv WA RK/NE A (3x1) , 4E%k
64, 10 ReLU U pRAEL, TR B2 % 22 0 28 45 44 ] 1 [&]
10 fir7s, FLH BN A2 Jmp P2 Ak k47 E AL, ke 1 31

Conv 7x1@64

\ 4
Resub
3x1@512

v
Resub
3x1@512
Conv 1x1@512

¥

( Fully Connected(512) )
|

Resub 3x1@64

T

Resub 3x1@64

Resub
3x1@128

Resub
3<1@128 C

Fully Connected(n) )

K10 RS 22 M 25 45 H

Fig. 10  The structure chart of depth residual network

e

3.2 WWHMEEMSHERS SR

1) {548 CNN 445K 12 W45 9 5500

A35IKE 5 2 T AL 33 000 A4~ f@lA ARAE , BEHL I A
IRUF AL 4L CNN IR 5% 22 W 4 Hh EA T 20 2R B2 T
B E A SIS LB R 4« 1, B2 26 400 4
FEAE, IHAAE N 6 600 ANHFHAE

W 25 1| it B2 2 W B S AR B AL S R
B 11 s, I AR, & B 2 ) R IR R E
0. 001, 'Max Epochs B¢ & 4 3, ‘Mini Batch Size '8} 16,
BOR B, HIEARRBON 4 950 B, HER R L F] 90. 5%
W RS AR B AL S R NE 12 FroR, e AR
1 000 YK, 3512k eRELC T B b, 1l 1.8 T %3 0. 4,
25 WS RS

T34 i A0 45 TS LN T 13 s, ] LR AR o
AL, ARASTRUIAS H SR 28 1, ML 26 B — 4H A5 48 CNN
P45 T 285 5 AN 14 FToR . Sk I A2 IR & BT Y o
W% K 90. 5%, f£45 CNN 73285 R B &l 15 P
7,5 PP S Fe AR AT LLTE R

2) TREE IR 22 N 45 S5 K12 Wi 45 51 5 40 Bt

XFFRIRERIERAEAS RS 3.2 95 1) h RRE R
S E 18 R BE 5% 22 M 45 EA T2 W, HA2 W il v ff B 5
BB R WA 16 FiR .,

AL TR 5% 92 9 2832 Vi i ff 25 T o O g e 3

W%

PR I PEEIE/ (m - s2)

HREH

5000

0 1000 2000 3000 000
A H
K11 24t CNN i B2 S AR Roe R 2k
Fig. 11  The relationship cure between accuracy
and iteration by traditional CNN
1.8¢
—— WREH

2000 3000 4000 5000
AR UHL
12 55 CNN $12k R BT 1A CkBoe & ih 4

Fig. 12 The relationship cure between loss

0 1000

function and iteration by traditional CNN

0.20r
-1
0.15r 2
-3
-4
0.10} -
0.05F
0.
-0.05r
-0.10
-0.15¢
-0.20 —0I,15 —OIAIO —OIAOS 6 0,I05 0,.10 0.I15 0..20
B FE e A X A
P13 I A T 45 iR
Fig. 13 The scatter diagram before test set input network



$5 FETHERL G5 ResNet 94T B 15 5040l P12 - 219 -

0. 05, BRI TS CNN [, BHALIE I — 4 IR 5k 22

50 8 26 3 1284
0 2 T 25 SR 4 1A 18 B
44 0 1 171 1277 51
= 307
K —RREH
&3r o0 1 1033 57 16
= 25}
= 2 98 69 4 10
2.0
-l - : s
1 2 3 4 S E 1.5
FAE A s
14 L58 CNN 28 T 45 S 10f
Fig. 14  The prediction results of traditional CNN
05
0.8 . . . . )
/ | 0 1000 2000 3000 4000 5000
0.6 A % ERUH
~ oal S Q‘ Lo P17 VRIESRIE I S IR R IR UOBOG R 2
E 05l P kty‘"ﬁ.._, ¢ Fig. 17 The relationship cure between loss function
g ' A -yy”* > ":U m..:::; };-K decline and iteration by deep residual network
w0 . : - vy 2
= #2 &, .
g0 o
; ¢ S 3 7 3
i 0.4 %I /
< — 4F
-0.6f Y & ? ? >’ - 0
) . . . . . . » g3k 0 8 - 10 13
0.8 -06 04 02 0 0.2 0.4 0.6 0.8 %
B TR A AR X O 1 2 31 - 4 0 1
15 1555 CNN 427 % 20 s o
Fig. 15 The classifies the compressed cluster 1 P 4

3
FUEAA RS
Bl 18 REAR 22 W25 T2 2R

Fig. 18 The prediction results of deep residual network

graph of test by the traditional CNN

DRIEFR2E M A2 W45 R 70 JE AN A 19 Jroi , al i
5 R AU o3 WY, 06T AT AL S A S T B 2 v
JERTLIGRE 97. 18% , MEAMUIRIINZRAFAELR ST I , 12 W

=
B " . o
& HERRIR 2T,
= 0.8

-0.6 c T o
‘/ ~ \___\'\
5 - <3

o 0.4 % - 37 D -
20 . : : - . £ 0 N tfg (.-'ﬁﬂ"_ .
0 1000 2000 3000 4000 5000 igf %* H i ( -
AR 8 o W e X
16 VRIEAR 2R B 5 A RUCHOE R 2k = 02 I - g
Fig. 16  The relationship curve of between accuracy E 04 = NG /;3 %
and iterations by depth residual network -~ ) < e 3
-0.6 . - 4
L o 5
) 4 g b Ve U B RE 038 06 04 02 0 02 04 06 08
THH O R RS 00 K AR R ENRI )
90% ;4 5 000 X, HERH R L TF-153] 100% ,
bs KRR JLF 52 100% 19 WREEFR 2 % 5 KL R

U B 2 R UCHCR R ANV 17 7, 913 L
% s RE y’ R Q%E‘I% = Qﬂj:‘z‘gi %éﬂ[l}ﬁj’g 1g. e classilication resu lagram
ST RE R et CNN IS SR DA B by deep residual network



220 - S 1[I I IV = 3

It U EWFIT A R o TR AR 25 W 4 A AL 58 CNN
W2 IS WTHERA R R R &7, FLISCSSGH BE B, 3658 2 50
TR PR e AR B 2 X 24 R A T4 7 2 1A AR 8 17 i s
W,
3.3 EE RIS

9T XF HA AT, A K SR AR s (5% 11x 100 = 6 600
A BOREAR) MEEMD 43 i 5 J5 19 4 A48 5003 2 FRAE
(5% 11x400 =26 400 MFAE) LA K VMD it i 128 J 1 95
AR IR, (5x11x200= 13 200 MER1E) | S AR
IR A TR B 7% 22 M 45 rh E AT 12

WEIIGESMERE LGN 4 0 1, W2 B 248
RIREFE AN & 20 ~22 Fron 38 1 VR V8 0 1 4 2R %
AT RRAE F A BRI S 0 0 2 22 | I o 2K e
W SEAMR T IE T oL, 1 3.2 TR R RIS
FRAES A TR BE 5% 22 I 2% v 57 349 43 2548 W7 oE i % 5 34
97. 18% , M2 Wi /A RIRVE H R AN & 23 R

R
) 0.9450
510,023 0.008 0.053 0.005 FRIB
0756 0
400023 002 0014 [RIA
B 0.5670
2310013 0011 [XI0W 0.012
i‘( 03780
2 XII0 0.022 0.112
0.1090
1 XX 008 001 0009 0.001 .

3 3 ) 5
MR

20 Jthn Kot i o KA R

Fig.20 The classification probability of raw data

HRRE

0.940 0
5-0.01 005 0.021 0.006
-0.752 0
41+0.02
Eé 0.564 0
R 3
R -0.376 0
21 0.01 0.04 0.024
0.188 0
1 0 0022 0021 0.013
. . , 0

I
LA
P21 MEEMD G AHE i 73 26405
Fig. 21  The classification probability of

MEEMD screening features

BRI X LA R A&l 24 s, w] UL s s
Bdig MEEMD §iiik 43 FEAE DL Kk VMD G B RFAF 1 °F-
BISWiHERA 2843 51 7 89. 94% 92. 42% F1 91. 16% , ¥
FRlA RHE A HERR R

XF T [FIRE RSB 2 W S 00 5, A SCER T Y 7 1 5 3
BR[O 19] 42 H A9 “ ALNAFSA-BP #5717 JEFT H 85, % SCHkER
AT B FE MBS I RBU A SR, e/ NFEAR I DL T

536 4%
HRRE
0.9250
0.922
0.740 0
0.892
X 05550
;’Sk _ 0912 FXIH
x 03700
0.008 0.004
0.1850
| XM 0034 0041 0027 .

2 3 ) 3
JTEAE KA

P22 VMD fiii B E A 73 M
Fig.22 The classification probability

of VMD screening features

TR
, 0.985 0
5 0.001 0.0012 0.017 JRTD
0.788 0
4 0.001 0.001 IR
g 0.5910
3 0.006 FEITM 0.961
K
R 0.394 0
p ATal 0961 0.961
0.197 0
I 0961 0961 0.961 .

7 34
FLE S
23 Rl RHIE R Sr 2R
Fig.23 The classification probability of fused features

97.18%

| 89.94%

24 ARV S ER

Fig. 24 The average classification accuracy of each data

WTERR B e Hak B T 95%, [RIAE S SCHik[ 20 ] 2
B« 5T PSO-FC 14k KPCA 94T B 14 46 5 401 e s 1y 11
BT R T HOER I SCHRER XA T L 5 22 b S R R, B
SRIZWTHERRIEE T 97% LA b, {H I oo 2 2 T/
FEAFE I /D AR R IR A, I AR SO 1k I 2
AH 26 400, “FYISWiHER IR B T 97.18%, 3 Fh i
RUERR R LA SR R 6 PR,

25 b irik , MEEMD fi B4 1 Fll VMD 7 28 SR AF Al 5
A BT RAIE , 70 TR B 5% 25 X 265 v ] DLk B4R g ) 43 2
WERRR 8 0} IR UE % s B K



55 3

WEFHERLS 5 ResNet 10772 IR A HCRE LI .21

x6 TERREUBELSH ARG EEBENLE

Table 6 The accuracy comparison of different methods

. ALNAFSA-BP  PSO-FC fifk FHERL S 5
7

i [19] KPCA #:12 ResNet
L WER R % 95 97.5 97. 18
YIFEAR 60 120 26 400
DR AE A S 40 80 6 600
4 % 8

J ] MEEMD Al VMD 3531 % 5% 48 21 19 ik 3 {5 5 A

T A A AN IMF g3 ISR AR OC R B 5 22
DT E 1A 800 A OUR RS TR 5 A AUk IX
O3 MR ERIBCA R AR B ] TSRS R
Sy BRI T FR ST Y4, B TR AR
W0 PR X P (RS, O FH A 5 CNIN R 268 1 %8 12 B 22 Y
ZEXT R G RTINS T, 45 R R T TR SR 5k 22 I 2% 4y
FEHERA B = T CNN, HAWR sRABRCR B4, PRI A5 TR
JEBR2E M2 T TAT R AR A B2 B S g Bl B TR
ERE 5 TR BEBR 22 W 24 19 47 B2 14 He A a2 W ik, ik
RARBE gtk 747 BRI REAR , OB A5 5 R AR IR M, IR 3015
SHIEHRG RS WA R S, 555 T A
AR FERRL T REOC AL AT B2 I AR A S R W A A
L FERRAS RIS N 2R AE T 2B B ) 4 v,
I P AR A R 5 At e 1 TR RE Bk 22 P 4% P 1A e A il e
WA A 2 A R 28 R E AR B R A TRl R
5 %308
[U] BT, 5. IG5 S S A 0

R HOREAFESR I T ] e S AR A4, 2019,

33(2).18-24.

LONG Y, GUO Y. Fault feature extraction of the planet

gear based on windowed vibration separation and
[J].
Electronic Measurement and Instrumentation
33(2).18-24.
LIANG X, ZUO M, FENG Z. Dynamic modeling of
gearbox faults; A review []J].
Signal Processing, 2018 (98) . 852-876.
Wz &, £, D, YT BRI ARTT B Ak 3h
i e L] 0 i 5 AR A A, 2020, 34 (1)
156-162.
YANG ZH H, WANG SH H, MA CH. Characteristics of

Journal  of
, 2019,

variational mode decomposition

(2]

Mechanical Systems and

(3]

single-stage planetary gearbox under crack failure [J].
Journal of Electronic Measurement and Instrumentation,
2020,34(1) :156-162.

BUSCH 1. B T ek 22 56 /N A e i AT B A 4
M2 8 [ ], X #% AX 3 % 4l 2016, 37 (10)

[4]

[5]

[6]

(7]

[8]

(9]

[10]

[11]

[12]

2193-2201.

ZHU W Y, FENG ZH P. Fault diagnosis of planetary
gearbox based on improved empirical wavelet transform [ J].
Chinese Journal of Scientific Instrument ,2016,37(10) :
2193-2201.

B e AR S B TR R R S AT R A K
PR A 26 0 M VR (0] F 0 5 3 2 4R
2019,33(5) :164-170.

LUO Y, GUO Y, WU X, et al. Envelope analysis
scheme for inner race fault planetary bearing based on
Journal of Electronic
Measurement and Instrumentation,2019,33(5) :164-170.
R, P IR BTN W) A B AT B A 4
FERFESRICT]. $R3h. MK 512 Wr,2019,39(2) :320-
326,444.

ZHAO L, GUO Y, WU X. Feature extraction of planetary

gearbox based on envelope windowed synchronous average[J].

acoustic emission signal [ J].

Journal of Vibration, Measurement & Diagnosis, 2019,
39(2) :320-326,444.

ZEM5. FT EEMD Fl Teager R E T HIFT 2 T R 4R 1L
FRAE ARSI [ )] M7 SR S5, 2020,40(4)
109-113,119.

LI W. Research on fault feature extraction of the
planetary gear box based on EEMD and teager energy
operator [ J]. Noise and Vibration Control ,2020,40(4) :
109-113,119.

KR FRAEE AT, Bk EEMD 530k K CH N B
5[ J]. ¥ sh 5 by ,2013,32(21) :21-26, 46.
ZHENG J D, CHNG J SH, YANG Y. Modified EEMD
algorithm and its applications [ J]. Journal of Vibration
and Shock,2013,32(21) :21-26,46.

AT 225046 AR T 45, J5 T VMD I HE I A
22 RUPE RROR A B HC A T 3 il 7R B 12 8 i
FILIT. s 8 324, 2017,32(7) :1683-1689.
ZHENG J D, JIANG ZH W, DAI J X, et al. VMD
based adaptive composite multiscale fuzzy entropy and its
application to fault diagnosis of rolling bearing [ J].
Journal of Aerospace Power,2017,32(7) :1683-1689.
XIA M, DE SILVA C W. Gear transmission fault
classification using deep neural networks and classifier
level sensor fusion [ J]. Instrumentation, 2019, 6(2) .
101-109.

YU J. A selective deep stacked denoising autoencoders
ensemble with negative correlation learning for gearbox
fault diagnosis[ J]. Computers in Industry, 2019, 108
62-72.

WRAL. JE T U 22 I 28 50k 1 L & i LI R 12
WFFE[T]. EAME TR HAR 1 2020,39(11) :57-60.



-222 - G R - C I T 36 &
CHEN X. Fault diagnosis of aircraft generator based on condition monitoring method based on VMD-MPE and
convolution neural network algorithm [ J ]. Foreign feature-based transfer learning [ J ]. Measurement,
Electronic Measurement Technology, 2020, 39 ( 11). 2019, 148 106906-106913.

57-60. [18] MR, RUUL, EMES, 5. B T REAHOC /0 Hr i 583

[13]  FME, EARA, ZAHA. 5T SCAE-ACGAN 1 H THIL BB BES W LT [ )], BUARHT & T/, 2018 (12) :
11 G RREE2 W[ 1], IR 3h. K 52187, 2021, 147-152,5.

41(3) :495-502,620-621. YANG D, SONG H J, HUO B Q, et al. Research on
SUN C F, WANG Y R, XIA Y B. Crack fault diagnosis of diesel engine fault diagnosis based on feature correlation
helicopter planetary gear based on SCAE-ACGAN []]. analysis [ J ]. Modern Manufacturing Engineering,
Journal of Vibration, Measurement & Diagnosis, 2021, 2018(12) .147-152,5.

41(3) :495-502,620-621. [19] M, MFEN, kT, %5 FF ALNAFSA i1k BP #f

[14]  BARDE, WREONG , BRAT, 2. Sk T 22 S0 A0 25 0 i PR B2 ZEMZ AT R R A SRS W [T ] R BLR, 2021,
BB M 4 AT BRI 2 BT IR [T ] LK 42(1) :143-146.

T.HE2A4,2019,55(7) :9-18. CHENG H J, WEI X Y, ZHANG N, et al. Fault
HU Y Q, CHEN H P, CHENG ZH, et al. Fault diagnosis of planetary gearbox based on improved fish
diagnosis for planetary gearbox based on EMD and deep swarm algorithm optimization neural network [ J]. Coal
convolutional neural networks [ J]. Journal of Mechanical Mine Machinery, 2021,42(1) :143-146.

Engineering,2019,55(7) :9-18. [20] HEY, YEL, ZHU X, et al. Feature extraction based on

[15] AL, 3858, % 5T, 4. B T I el & i 2 pl PSO-FC optimizing KPCA and wear fault identification of
Tl BIR B 2= S 1T R R AR B2 W ik [ 1], AR planetary gear [ J]. Journal of Mechanical Science and
Fe2241,2019,40(6) :221-227. Technology, 2021, 35(6) : 1-11.

KONG Z Q, DENG L, TANG B P, et al. Fault 1EEZ/N

diagnosis of planetary gearbox based on deep learning BF A 1987 4E T 1L PG b 2F B 45 15
with time-frequency fusion and attention 27, 2003 4B TR R IR TR 24 30458 65
mechanism [J].  Chinese  Journal of Scientific ¥ 2247, 2009 4E T b K RIS LA,
Instrument , 201940 (6) :221-227. L B PHL R, B I 1 B

[16]  REMS, VsV, X825 , 5. 3T 3h A5 A 2 4 i B 4 A Z ~1 N BB A
W 45 AR B TR A T A B R RR IS T [ ] LA T R 2 A\ E-mail: 704276365@ qq. com
11%,2019,55(7) :52-57. Wei Xiuye received her B. Sc. degree from Shanxi Mining
XIONG P, TANG B P, DENG L, et al. Fault diagnosis Institute in 1987, M. Sc. degree from Taiyuan University of
for planetary gearbox by dynamically weighted densely Technology in 2003 and Ph. D. degree from North University of
connected convolutional networks [ J]. Journal of China in 2009, respectively. Now she is an associate professor in
Mechanical Engineering,2019,55(7) :52-57. North University of China. Her main research interests include

[17] RENH, LIU W, SHAN M. A new wind turbine health mechanical fault diagnosis and evolutionary algorithms.



