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Abstract

As the most complex component in the transmission system, the operating state of the
wind turbine gearbox has a tremendous impact on the monitoring of the health status
and operation control of the wind turbine equipment. Abnormalities in wind turbines
that lead to downtime not only result in a loss of electrical energy, but also a significant
increase in maintenance costs. Therefore, with the wind turbine gearbox as the main
object of study, the following studies were carried out:

For microscopic local conditions in gearbox gear systems, a method for obtaining
modal data using finite element simulation analysis of single tooth faults is proposed.
Using a combination of deep auto-encoder structures and BP structures for secondary
training strategies, a linear and non-linear performance evaluation method is proposed,
which takes into account the relationship between performance and efficiency.

Hyper-parameter configuration in deep transfer structures is often arbitrary, so a
hierarchical transfer network structure hyper-parameter searching method is proposed to
address the gearbox planetary system fault classification problem. The algorithm is
validated using the classical LeNet-5 reconfiguration transfer application on a modal
dataset of the planetary system. Finally, a stability validation and results analysis of the
algorithm performance is carried out.

A compressed sensing-based sparse signal decomposition method is proposed, and
the structure of the transfer network is redesigned to achieve deep migration learning
from rolling bearing faults to gear faults. A new network architecture was designed
using a plug-and-play attention module. Pre-training models were designed and
produced for fault data to improve the accuracy and recognition speed of fault diagnosis
model classification. Finally, the effects of the same number of samples in the source
and target domains and different distributions of sample features on the performance of
the transfer learning method and the effects of hyperparameters on the final

performance of the network structure are verified.

Keywords: deep transfer learning; wind turbine; mechanical fault diagnosis;

hyper-parameter search
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Figure 1-1 Changes in the global wind turbine installed capacity
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Figure 1-2 Proportion of installed capacity of onshore wind turbine and offshore wind turbine
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Figure 1-3 Wind turbine basic structure
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Figure 1-4 Speed increasing gear and planetary gear train defined structure
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Figure 1-5 Rolling bearing basic structure
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Figure 1-6 Wind turbine mechanical fault diagnosis research progress
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Figure 2-2 Calculation method on convolution operator
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Figure 2-4 Recurrent neural network single neuron model
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Figure 2-7 Transfer-learning basic method
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Figure 2-8 Instances-based deep transfer learning
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Figure 2-9 Mapping-based deep transfer learnin
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SRR, R TN AR (0 A B E5 A S HOERS BT H AR T IO TR AP 22 A
IRAA  FRZE 2% Y5 2] IS HALH S NS RINAR L, A2 SR 5 A A e ik
ARAFIH R I RE o AUEIS 378 227 ) W 255 45 ) ) F8 73 BEARAF  — IMRF AR SR HART X 2%
ZZEEIE R BEAR AT T R AR IR R o B 2-10 X DA 454 9 3 A% 7
RAT T EIRALRER .

24



2 R R

plge

/e e e
@
®

Hbn ik

B 2-10 ARSI A ERIER T ks R E
Figure 2-10 Network based deep transfer learning
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Figure 3-1 The flowchart of research structure
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Table 3-1 Two-dimensional single tooth plane geometry size

LB KE
“AB 22m
BC 15m
CD 0.9m
EF  0.4m

2 e I 3-2(a) R O BRUE B 56 AP IETY, AN 5e B 3D ik s i
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3-1 (BT E . Foh, m R R RN, T LASEER b Fe s o 1 RS M
K. RSO S HEE N 2.5mm.
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(a) L ih BT AL (b) kA A A
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Figure 3-2 Single gear tooth modeling process
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Figure 3-3 Four types of gear fault
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Table 3-2 Common carbon steel related parameters

(©)

PRHRAE Hfl FLAT
S A 2.2e+11 N/m~2
ARALE 0.28 /
W 7800 kg/m~3

3.2 MRAABRT S EGEFEHIES

EHh F AR 3.0 5 ST 4R P AN BRI, 7 AR R A R
R e )22 AN B AR UL R 43 BHEAT S5 R 30 32 o A 23 S 7 3 7 -
o, SR RS AT (1 0 SR )4 2 A B3 40 BT AR . R 5 K030 )
SR G B A 2 A B 5 LB, (EL N T 4B SR BELJR 9,
FLF AT A B B 1R TS . RS AT BT R, B
Md, +Cq, +Kg, =R (3-1)
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Figure 3-4 Modal analysis flow chart
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Figure 3-5 Meshing and boundary constraints
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Figure 3-6 First tenth order frequency obtained by modal analysis
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Table 3-3 Total strain data(Datasets A)

JE A K jisi e

SEHE Y 26744x10 25000%10
2y 27811x10 25000x10
J=ti 28039x10 25000%x10
2% i i 24 29444x10 25000%10
JEAR 26744x10 25000%10

3.2.2 &M R 57 i

X ia AT T eV R, W R, 2R 32 A IR A s X A AR
FE IS (1) P B AT S AR HEN X M AR, BB R — PR IR I BT . I HAR
SERCRIE AT IR, BENL™ A2 I B A2 45 e 18 77 5 8 i e )3 3 A% AT A
B NE-DIEAS I ERABRFREAR TS, BEIMTEE PR g JLAAH [H 1
BREQ:

{R}={Re"|e"™ = (R, (cosy +isiny)je!™ = {R, +iRJe™  (3-7)

{0} ={ae" | = (G, (Cosy +isiny)}e!™ ={q, +ig, }e*" (3-8)
2 B qe K — B SECEE V5 ZEr S EOnEEE A 535152 (3-9)H1(3-10).

:{qt} :iQ{Qtl"|'iqt2}ejQt (3-9)

A={G}=-0{q, +iq, ™" (3-10)
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T 38 52 — AN BH T, 5t 50000Mpa I35 2 A (W 1 3-7 FToR), AR B 40
R E N 20Hz % 200Hz, [EIFEE N 20Hz, STt 10 NSRS B 53 51 3K il 1 s
o\ SRPBERIINIEE . SCH Ik E R VIR AR TR LUEUINE, TR BR T VISR
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Figure 3-7 Position of external uniform load applied by harmonic response
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Table 3-4 Data generated by harmonic response (Datasets B)

JE i H Tiak B H

FEAE G 26660x 30 25000 20
Ay 27811x 30 25000 20
st 28039x 30 25000 20
NS 29444x 30 25000% 20
BB 26744x 30 25000% 20
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Figure 3-8 Date processing and DNN model designed as classifier
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Figure 3-9 Architectures designed
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ANE R EAr A E] T 99.69%M1 99.49% . A 4h, fF4IMIEE LI I4E B, KB FNN
FI7E Datasets B - [ Il 2R ] 058 355 5008z e A ) = ANBRRY, 3X i B FNIN 1R
L EERIN T HARARIRTEEIE O, ENEE A RIB . T BB AN REAT
ZXMINGR, I BAESLRERR PIE KA T ARSI E L. &0 2 i, KLk
ARG, AEIE— LR ARG . T B IGn, HEREM
IR R AT R S0 S8 T TN ZRE FE ) FNN IEff AR =, IR
AR, (HRWRZE GBI IE G . T RS G I f G b )
A DAFEHEAT TR R 3 AR o R B 5 45 SR IR e g, BP0 S5 R UR B E B 4w 35 11
RETEANE, HRE—EMIIZGAN, EREHRZERCY 300, Btz SMERLL%
FEI — R 2, TR BE B A T 25 X 28 v 1 B - 4 e R 140w ) AN BimT BA
BEATIE 2 TR, Gk 20 2 RO BOE A BCREE . B I IR FFRUIR I R 4 5,
RIER KRS AR Z A REER.
K 3-5 FMBIEEMMKE TSR

Table 3-5 Three kinds of outputs including total two different datasets and NN architectures

Datasets A Datasets B

FNN FNN with deep encoder FNN FNN with deep encoder

AR R ARARYCE THRLIN TR) AR A SR AR v SN 1) WA R AROCE TR IR v AR TR )

1 0.792 151 1055.052 0.990 395 579.018 0.660 383 2022.371 0.998 219 1053.225

2 0.792 163 886.821 0.999 393 545.244 0.661 419 1909.342 0.996 162 1249.516

3 0.794 163 893.238 0.997 311 338.093 0.736 882  4926.478 0.995 103 760.655

4 0.798 200 1103.801 0.998 260 412.248 0.629 412 2205.636 0.994 105 753.338

5 0.794 186 998.917 0.997 276 363.730 0.671 460  2042.183 0.997 116 832.044

6 0.795 144 782.685 0.999 603 676.354 0.662 394 1861.258 0.997 132 935.026

7 0.796 161 876.938 0.998 287 383.248 0.782 444 2354272 0.992 94 687.211

8 0.794 143 783.963 0.998 380 458.975 0.739 481 2595919 0.993 94 682.598

9 0.795 190 1053.824 0.995 355 435.164 0.564 474 3638.746 0.993 106 761.219

10 0.791 136 1065.482 0.998 381 464.765 0.543 200 1368.790 0.994 113 836.406

WE 0.794 164 950.072  0.997 364 465.684 0.665 455 2492.499 0.995 124 855.124

BRME 0.798 200 1103.801 0.999 603 676.354 0.782 882  4926.478 0.998 219 1249.516

wAME 0.791 136 782.685 0.990 260 338.093 0.543 200 1368.790 0.992 94 682.598
Zi b, FNN Rzt TR FRVER L . TREATIR B E 4w

FLAER NN IIZRd BT P, dEff R i, (HR2HE AL G KRR, I H
e T I HE AR E R BOE — e Mbn i BRI, A2 R IR B PR
Ko B FIE AL A% B HE R I RE REEAT VRN AN & B IR & RE R . DRI,
FERRBAT A RE LA THX AT IR AT A — e MR, 5 el e it
SRR T RE A FRARIZ B R, e A BB —Fh e E Vhom,  HEAf A RT3 L

36



3 LA b o AR AR

AR LLAC I BT A 25 o BEAR B[ NN AR R I S LB e 18, iy ASE RE T
AR, 38 I 0 R G AR Y ) AL

3.3.2 ZHEZMBZESHIMEREMILTRES

RFT RIS, PR M S 2 MR 2 FEE RS R B R I | E B RAT
P22 TORUAE 1) B WL O ek B AE e e SR R AR . BT RL,  fEIX IR A R R
F RN E TTEE 1, T A A [F] ) 23X BL IR A — A9 s b B — > s — A
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Figure 3-10 Performance optimization on two datasets using FNN and NN based on Deep AE
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RS _EIR A RE b IR A R AT R, BIA(3-12).
T(3-12) FLSEAFE T —AMBUE HERAZE L YIIZRIN [R] A1 20 FE 2 4% R — 5 1) LA AT 2
YA G, FFHGE 7L HIPERE . DIONEE— IMRF IR AR e 28 1R JE M 22 P 4 1
RES )70, FrbAtust B 2R 2 L%, X R TESEH.

m|n77 min f (W,,,W,,,W,;,W,,) =min :
= W, +Obj;

l+e =

3
sty W, =1,n=1234 (3-12)
i=1

W; >0
e MR TAE PR B, SEBR RIS AN R PE R e, R SR AR e P R
W Al g%, A 3-10 RGP H R, AT AL EE LI 4 A i 2%
HITERES AL, ﬁ%ﬁﬁMmoﬁlmmﬁ%K%tﬁ,%ﬂ%%%@%@ﬁ%%
W 3-6. f/MESZIE 0.5 Wl 2 IERERI Y, XA S M. REREN
PEREE R ITOR%CWWZ%%ﬁ%ﬁﬁ%H%M% VERITEREAE 20 FH Y,
117 H e FR R AW RETEIR A

R 3-6 ZIRMEMEHIHGLRIENIIERE

Table 3-6 Combination linear optimization performance of multiple neural networks

N w/AME RKME SRVA ¢

100 0.5709 0.9303 0.7532
200 0.5551 0.9483 0.7443
500 0.5551 0.9205 0.7353
1000 0.5377 0.9443 0.7450
2000 0.5377 0.9393 0.7395
5000 0.5377 0.9502 0.7388
10000 0.5377 0.9443 0.7386

KE-12)1E N — A LA 5 18 B LR & Bk REE 505 5 2 LU 5 A8 3
1o SR, KPR b 22 W 2% 0 I R AT B RN R TF AN 7 i L R AH 5 Y
HI A AT LA AR AL B RIs 507 30, I A S H AR 2tk SR I A
e U IS . BRI E &SI —HSH 0B H, o WENHETHRKILE R
K, BB N IIZRIN (] B B AR K RIS 25 8 BRI R) R ) R 4 464, TS AR AR
XKL R P LR R(3-13)IX MHERE I TE R, RIRAF A 22 X 2% (1 )1 2R 45
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! ' ! aAcc, [T, iV2 (3-13)
Acc, 5 T, 1V, B
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Acc, T, | BV, ahce,  fT, 1 v,
Acc, T, A B
1
aAcc, pT, EVA

W bR R B (3-13) H i B M5 AT 5 NGB 12) AR R AT H &, 133X
(3-14) . 53 (3-12) AL A 25 W TAS [R] R 3870 A2 12 A5 AL 1) N At 2 — AR 2
PEZRIE. IF HIgn 7 M Z 3 op, A S REEA SR RRIE . XA
—ERRRE EARIE T I ZRI TR FI P (R G TAE,  (HAN 2 il B ) e P SR K

min =min - L

Wya.f ’Z(awli ACC; +WoiT; *%Wmvi )
l+e ™=

SLMMﬂ+ﬂMn+%W%:ln:LZ&4 (3-14)
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Table 3-7 Combination nonlinear optimization performance of multiple neural networks

N wAME RKE 3
100 0.5398 0.9127 0.7628
200 0.5514 0.9219 0.7544
500 0.5377 0.9339 0.7509
1000 0.5621 0.9483 0.7552
2000 0.5394 0.9339 0.7544
5000 0.5377 0.9483 0.7530
10000 0.5377 0.9483 0.7540
PN sE AT Z AR B B R A, #1146 3% 4910,0,0,0,0,0,0,0,0,0,0,0,0,0],
BEAT L EALIRE 4 NP2 T RES L, 4 BIHEAT AL 100 £ 10000 K% K f#
o, BEERANERESENRIAEDE 3-7. FTARMEIEFEE 05, WX E—
MEE SR R E ARG E M 0.7530~0.9483, AR AL EARLL
LRPERR IR R B D IRAS IR — 2k, (H2tdER L 0.95, FsetERIREAl 2 )R
TRGSIFHNE . XA L AR SEBR b BN S AT E
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Figure 4-1 Modeling and modal analysis of planetary gear system
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Table 4-1 The planetary train system parameters

R TR i Pl
L% 38 28 94
L 5mm
& 144 20 ©
i 30mm

FERESL T Se B LR R 2 Ja, 53— 2D B B0 5 A 58 IO AH SRR 24
XFFARAE RIS M R A, I8 ARSI B, 5 RE A R A RS A0 A
RLFTEAR R o AEWEFE AR IE SR T 40CrMnMo7 X FobTRE, S B = AN Ik s A
B IARA EEAN T B R R BME R R 4-2 TR VRN JE A R o D OB F ) 2
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R 45 K BA AN R B ] A R AR A o R sl e A R e 7 A B VR R A e )
HR A5 SE BRI A DX 20 O AT RE

£ 4-2 40CrMnMo 11 EISH
Table 4-2 40CrMnMo material parameters

FHIE Hd £
AR 2.05e+11 N/m~2
THRA L 0.28 /
P 7800 kg/m~3

B 4-2 1 JE7R T 73 AIBEAT (KD R AL AT A2 52 R AT PR HR AT s PHUIRAS T IO 2>
PR PR AL RS = B A R . AR N A T B R, RS
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Figure 4-2 Modal analysis of damage and pitting in planetary gear train gear and ring gear
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B 4-3 BEHEREESHHAESER

Figure 4-3 Simulation results of Gaussian white noise signal

¥ bR XS 5 XD FE [T H 515 2| A& BN FEARHE, 525 257 R
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channel _b = XS x XD (4-6)

channel _c =+ XS?+XD?
o N ) B T B 3 A i e L (4-6)F ab ¢ ZANEIEZ A, HUEIEIREA
RRAETHELE LA (4-7):
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Figure 4-4 Single-channel feature map and three-channel feature map
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Figure 4-5 Visualization of planetary gear system sample set and its density distribution
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Figure 4-6 LeNet5 model
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Figure 4-7 AlexNet model
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Figure 4-9 Grid search and random search for hyperparameters
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Table 4-3 Hierarchical grid scaling hyperparameter random search

Algorithm: HGSRS (Hierarchical Grid Scaling Hyperparameter Random Search)

Input: Pretrained-NNM (Neural network model)

PEF (Performance estimation function)

G(Hypermeter Grid initialization)

So (Hypermeters initialization)

Io (Iterator initialization)

R (Grid size scaling factor)
Output: NNM (Neural network model)

Sn (Hypermeters)
model:= Pretrained-NNM
F:=PEF
S:=So
=1
n:=the number of Pretrained-NNM layers
while I <n
I=T1+1
S =random_search(G)

9: train_acc, train_loss, test_acc, test_loss= model_train (S, model)
10: performance estimation value = F (train_acc, train_loss, test_acc,
test_loss)
11: Smax = (max (performance estimation value)) *-1
12: model = model_frozen layer(I)
13: G=G*R
14: end

Feld 4-3 AL SR IR RS S B8 2 07 ik SR O i - HAm A
I EAE — ADNEEAR R TN G R AN — IR B S5, AN e e d BN BHE L
M JE A5 2R B 2 AT AR SR AT IR IR A I U S i S 4. 1B 4-10 2%

AR S
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Figure 4-10 Hierarchical grid scaling hyperparameter random search flowchart
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Batch = [ 16, 32, 64, 128, 256,512]
Epoch = [1000,2000,3000,4000,5000,6000,7000]
Learning Rate = [ 0.1,0.01,0.03,0.05,0.001,0.003,0.005,0.0001,0.003,0.0005]

|
Batch=[12, 24, 48, 96, 192, 384]
Epoch = [1000, 1500, 2000, 2500, 3000]
Learning Rate = [ 0.00025,0.0005,0.00075,0.001,0.0015]

Batch=[9, 18, 36, 72, 144, 288]
Epoch = [1250, 1500, 1750, 2000, 2250, 2500]
Learning Rate = [0.00025 ,0.000375, 0.0005, 0.000625,00008,0.000925]
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Figure 4-11 Three-stage meshing of search space
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Figure 4-12 Three-stage hyperparameter search results

52



4 INRARAT R R A R SRR

ERFRER T T RS A, A Adam DRtk s E NSRS
IR TR AL . N TSR FE X ph 2 I 2 I ZRad RE IR, 22 2
HEHMAEM, Proddese 7 H A i iz -ERh o a5t s D0k 2 B4 2t 47 st
HEERAEE 4-13 MK 4-14 T T EDx. B 4-13 BI0U5K -7 B3 3R0E 1 llgRad
FEFF IR INZRAERGR . D5 AN I e i R A AR B DL . U ZRITRE
IR Z2 AN I HE A R BRI B AR RE BRI R 22 AN HE i = I A X A2 1
Bbho B 4-14 TSR I ORI FRp € I S 8RB, Br T Adam A1 SGD
MAFIE LA, ZHZEI A MO G IS Ah, B BUr Rl s LR
SR A HE R R AR LR, IF B LIy A 5o TizdlE S 5 Az
ZEHRIRFFLE 1.4~1.6 Z [ (R A, 0 WG 8 IR 2 B I RS e Mk LB o 0
LA HERAAE 0.5 LUR AT, ELICTR M1k 1R 72 il 2 Al R iR 72 il 2R A Ak T
RHTT 1A, AMEERBUILR, HARE R .

4-13 EFAR RS ZRE AR R R AT AL

Figure 4-13 The training process and testing process visualization of seven optimizers
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Figure 4-14 The loss and accuracy of seven optimizers
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TR

X = @s (5-1)

i

Bl hn il B E AN, R B RGE T, AR EWIE G
JRFEH AT LLTE RS SR E S EM IS . RN a] DU S BIME S AR I (A48 5 4003 15
ZIAHAT A, RATURAZ T IRHIER), 72 TR — AR,

KB 5 515 5 B R e/ NEE R R R4al, Dl A T34 A1
PR . R BRI AUEIR /I, I HRRBGEFN, XM T, &
FE BRI/, REFEEARCE, X/ & e B M A 5 R4 2 A
I 4E(S AT B, TR 2 AT AR da B A7 S IR R B 5 . AR BRI N
PR AGME S, R BT X M AR R AT e L3k 55 /N N Bl
JZ WS RARETTE, TP B S S S TR R R N #R A ] LT
FARIEN . L, — B R85 5 R nI R, R A% R A A 0 N R i
B, BTHILEEM g, v LLBLASEIN 2 K. REES T, BRI

PR ERAEEARA AR IZ BN, PRI AE R AU AT A SR K B AN
WA T 2t — 20 2% . W T gEfln 7 FEiid ) R 40 5 HOE R LERE ,
H ARG i E VR B AR B BRI SEAT (MRANE 5, BRI R
FIFE A LLEAT B R0

SE R ERAE B S A A RN D S 7 BRI R, R0t 4
AR R U IR L o AR T AR 48 I 4 PR T R B AR 24T TR 4
ZIERMAE B 0L, IS8R I BENUE R EE 2 AT TR IS SR8, R
JEAEAR e B R AL T 3R AS T E S IR B RS T B2, R R G e 1) AR A B
AL A 2 T] LAY, AR5 00 PR o L PR R e B A2 — A M B ) 1
MR SRS e AP W] A AN R VEF R BT 28 NP-hard Al il 4 RN 2
VR AE R FH ARk 25 F) R T o2 FH AT — S 2 A 2 il LS A RO st 3 5 P
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y =Cx (5-2)

TEEFERE C e RPN RN X [ p ANZRAEMIEE - LU A iy B P00 FEE AR R e 2k e By 3
e AT B FE AR SSRGS . AR, S Ah BT T i W R R
—ATER B ABEAT BT

2, MEHEME TS x 7] DUEE MGG S s AILMER RS A 50(5-1).
AEREAUTEN B AR AR . RIS 5 y 4 EMEERE N R E s,

y =Cgs = s (5-3)

NG-3)KIEMEHEXTIRE R E RS, Kk s MEH A LTI . Hdi
i H A A] LA 51 10(5-4):
§=argmin|s|,

(5-4)
st. y=86s

512 EE28 L1 5 L2 EljL

s 25 TR R 5 2 B R e 3 A TR 22 3(35), W ALE T H b e B AL
FEH e DL b R IA AT RIE - I, WA SRIB L R I TR R R T
2 3(35)H A H AR LO YEXS H AR R B0 L1 VAL R i ) AL SR A | A2 5%
fred, AR L1 JEROH AT B AR AR R g A SR RS . BRI
IR H AR Q28008 L1 YRR sRAR AR, AR A B AR KSR BT IRRERAN L
g reyo A FHHOGRHY L2 VB nT AP e SR o 5 L iy oK R R P O 3 R AR SR A
H AR R B . B 5-1 206 B LO~L2 B 4P B, L1 JEE0s R ZE
5 L2 X R R AR LA ] B IR B A5 5 0 A R MR e . L1 Vel &
RIS S IERE ST ER LS, L2 YaBCR A R P B SR 55
PURC RS R FEYE T DU — P B it HE AR SC I 5 i

RN
TS

(a) LOV %t (b) L1si% (©) L2vi%g

& 5-1 LO~L2 e — 4 P~ 2 B
Figure 5-1 LO~L2 norm 2D plane diagram
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W T E AR OREF L1 A L2 e R R RN, AT REANFEMAT SRS 5 U FR ER
PE RN R AR . S A £ T LARTE S 5 (0Rr A E A B B

§=argmin(4 ||S||l "'(1'/1)”5”2) (5-5)
st. y=6s

5.1.3 #RkSNESHIFKEL S HiEimiA

SEIHE R YR 2 ISNU-WT-1 Y KL SR BEAtl Ste &, an 8] 5-2 Fios .
IR G ) FHRAE B AFHEAT B KA N TR D e Rl K 55 22 Pl T o, St
B EEAMFERE: mHAE. AL TREERE. R RITR BN,
TESERH, INV3062TO BUE 5 RERGH TUEIRSME S £/ 4 4 INVIg22 7Y
TN AL SRR IR SIS 5, 8 P Rl O PR A S B T B AR AT B UG R A 1) 5
F, RANES BRI AL 25.6kHz [FSRAESIUR SR . Fl A5 1% 2 FH fL K AE 2k
DIEIIN T, TEVRSh R SME Py BRI N T34 4% I LIS AN . N R TE B4
e i o SRERVIENH M0 F AR BR (45473 i 2B (e

B 5-2 NATKEHALRE
Figure 5-2 Test-bed of wind turbine
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BI5-3 #RENME 5 HIREE

Figure 5-2 Acquisition of vibration signals
BIEBATIRSE 5 BRI AL AL 32 B P 1) TP R 95 5 B S ALy
fiE, PrUAMEH] Hilbert 2R RIRIGAENTE 5, BE— B RIE S HIEBAFE. KT —
AN TE) A5 5 X ()R UL 5 X5
55—, K15 x(@) B Hilbert 254(5-6):
(1) = x(t) oL (5-6)
it
, A AEAT AL (1) (5-7):
z(t) = x(t) + jX(t) (5-7)

Ni

T

F=o0, GRS T RIE(5-8),

l2(t)] = /X (0)? + R(1)? (5-8)

K 5-4 (@) (b)(c)(d)(e) 7 AFRIE 1 LAt T RIS A (S 5 N5 5 b 3
TS T RO A A] AW B BUAR AT Hh 26 5 IR s 55 S A b, RIARE
ok, R TIRSRR S SR L.
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& 5-4 TRfE5HRHRS HFEITE SRR ERE
Figure 5-4 Time domain of five types of signals and the time domain expression of their
analytical signals
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BAF R AL SR B SDPT3 591 4.0 A (Infeasible path-following algorithms).
K 5-6 T 7 15 T K. B—AT () (b)(c)(d) S (e) AR TR ER .
HMBIA AR, IEHAES . B S A S S .
RE T RIAFETS SRR FREEUE LLIL2 fI L1 5 L2 WA - AP A B 0.65.
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Figure 5-5 LO~L2 Signal processing design process of rolling bearing signal
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Figure 5-6 LO~L2Upper envelope and lower envelope curve of rolling bearing signal
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Figure 5-7 Density distribution under different fault states
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Table 5-1 Shannon entropy calculation results of different types of fault signals

Jaa{E 5 L1 i L2 i L1L2 HAE B
VR B Ml 3.8692 1.9983 4.1533 2.7311
P A1 P 3.6453 1.9859 3.9646 2.7400
Rk A 3.9030 1.9969 41041 2.7552
PR i i 3.8870 2.0327 4.1106 2.7458
A B ez 3.8230 1.9367 4.0606 2.6914

5.2 REXBFH AT SLINITIE
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te), 2R IR T BRI R SRR VR R e U2 AL, A %
FLHEWEFN AR, IF H IR S H T 72 . #5408 AR AE
XA ST ACAZ, AR A LB A2 S, RN L RE AR
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ANl FH 8 sk R T AT IE A S S0 D ANER RSB, AR BE N 5
FRIRE2 I 12 MR s AR RS FEBEAT R 48 R B T AN T o 18] 5-8 s (19 CNINL R 25
R Bt B 88— MR (R EIFR Y VO), B BRI Bct Bk, KA 7 Uk
ITHIEIE, Bri)a— 225N EEBERRE AL R .

VO BRI I 9 IR 28 G5 R LTI 28— R 2ERF 2 =R IR B — R IR
DA XEERRIZ I IFAT, AR RN RIS A F A2 B, 2422 3 IR AR
P RE BRI 0 B 0 22 I BRAR AN o 26 SR A 1 AL S I A T BB R R AE K
NG, HRHEEET T RS . BB IR R R R E R KA
XA AACE -

B, L,
1, 16, 3%3, 1 16, 32, 9*9, 1
1*64*64 » 16*62*62 | 32*%54*54
G, L,
1, 16, 5%5, 1 16, 32, 77, 1
» 16*60*60 - 32*54*54
+
| 32*54*54
HH, BR,
1, 16, 7*7, 1 16, 32, 55, 1
»| 16*58*58 - 32*54*54
B, B,
1, 16, 9*9, 1 16, 32, 3*3, 1
> 16*56*56 P 32*54*54
B, JeibAL,
32, 8, 1%, 1 8. 8, 3*3, 3
> 8*18*18 ——»] 8%6%6 |
_ 58,
L 8*54*54 — 8*54*54 — 8’%‘:5"%45’ . 8, 8, 3*3, 3
:I 8*6*6 ]
H#,
4 LR A£1*32 88 33 3
* 32 |- 8*2*2 |
1

A 5-8 VO BHRMEM K EMn~EE

Figure 5-8 VO convolutional neural network structure
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LIRS, RIMERTSIRAE . ARSI S, SRR ARSI AE
TR E AR, FTBURATREZ RIERR T ST Oy — A it i il An 2
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Table 5-2 VO design parameters of convolutional neural network structure

JZRE X WEITE WA i th % RSY K
branchlconvl Conv2d 1 16 3*3 1
branchlconv2 Conv2d 16 32 9*9 1
branch2convl Conv2d 1 16 5*5 1
branch2conv2 Conv2d 16 32 7*7 1
branch3convl Conv2d 1 16 7*7 1
branch3conv2 Conv2d 16 32 5*5 1
branch4convl Conv2d 1 16 9*9 1
branch4conv2 Conv2d 16 32 3*3 1

mainconvl Conv2d 32 8 1*1 1
mainconv2 Conv2d 8 8 3*3 3
mainconv3 Conv2d 8 8 3*3 3
partpooll MaxPool2d 8 8 3*3 3
partpool2 MaxPool2d 8 8 9*9 9
bnmain BatchNorm2d 8
bnbranch BatchNorm2d 8
classfier Full-connect 32*120*5=19200

£ VO I L, Xit 7 S HOME R VI BRGH. oT& &
M EBHOER] 1 358037 AN, M T AR KIIFAT BB . AL SR ICE R
ZJa s BT T VA, SRR D IR IR B8 AR B IB TS S LR AL 1 7 S
FEOR, N T X A RN A AR FH R AR
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R 5-3 V1 BRMEME L RESH

Table 5-3 V1 design parameters of convolutional neural network structure

J25E X HEITE LN Wi BRS %S

stagelbranchl Conv2d 1 16 3*3 1
Conv2d 16 32 9*9 1

BatchNorm2d 32 32
stage1branch2 Conv2d 1 16 5*5 1
Conv2d 16 32 7*7 1

BatchNorm2d 32 32
stage1branch3 Conv2d 1 16 77 1
Conv2d 16 32 5*5 1

BatchNorm2d 32 32
stagelbranch4 Conv2d 1 16 9*9 1
Conv2d 16 32 3*3 1

BatchNorm2d 32 32
stage2branchl Conv2d 32 64 3*3 3
Conv2d 64 64 3*3 3

BatchNorm2d 64 64
stage2branch2 Conv2d 32 64 2%*2 4
Conv2d 64 64 4*4 2

BatchNorm2d 64 64
stage2branch3 Conv2d 32 64 5*5 7
Conv2d 64 64 1*1 1

BatchNorm2d 64 64
Conv2d 64 64 3*3 1
mainbranch Conv2d 64 128 2*2 2

AdaptiveMaxPool2d 1
classfier 128*120*0.5(Dropout)*5

V1 S5K ) 73 225800 IS0 M2 A S H 2 10%, L VO IRZ% i & bE
& T4 7%, R KIFATEIREEH L R IFAT B R IR IURE 71 7 — IR dE i
BRI BAE LR BUNERIER (i, I TEREUNEIRZ . TR
R SRS KA RRT 2, 720800, 8in— Mz ke .

V1 SRR FAT G5H 1B A7 AE 2 R A T 5 1) A, SR AR AE A5 2
MFEE. K 5-9 /& V1 giff R o, v UARF TR0 E 21 1SR R
Boit Bk ZIATERNB AR R, 4ER AL 10205t S WA AT I
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Figure 5-9 V1 convolutional neural network structure
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Figure 5-9 Rolling bearing dataset is used as the source domain and gear dataset is used as the
target domain
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Figure 5-11 Results of two transfer strategies of three kinds of convolutional neural networks
under random hyper-parameter distributions
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Figure 5-12 Parallel line graphs comparing the transfer results of three network structures
under different hyper-parameters
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