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Revolutionsindndustry
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Mechanization, Mass production, Computerand SberPrei Co n.dltpn
water power, steam  assembly line, P : Y y Monitori ng
s automation Systems
power electricity

@ Roser C. (2015). Industry 4.0 Wikipedia
v

[ Detection ]—[ Diagnostics ]—[ Prognostics]

[ Maintenance ]
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Faultsiin-rotarymachinery
i E M R R R

For major/key equipmentin the fields of iron and steel, energy, transportation,
aerospacestc, the safetyandsecurityof its serviceoperations very important
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Strip Mill Wind Turbines Express train Aircraft engine
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CNC machine Industrial robot Helicopter Automobile

Carrying out equipmentfault diagnosisand predictive maintenancdiasimportantresearch
significanceandengineerincgapplicationvalueto ensurgoroductionsafety
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Faultsiin-rotary:machinery
IR H U R R R nn iU

Key equipment > rotatingparts- > key componentsgears pearingsandrotor
systemsarethe mainfailure components
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Gear drive Bearing Rotor blade

Turnout machine Engine failure

o : : failure
The monitoring and fault diagnosisof core componentdhas always beena research

hotspotin thefield of industrialfault diagnosis

Bearing cage damage Motor failure
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Health Wlanagement System
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Health Management helps in:

I Incipient failure detection i detecting failures even before they substantially
effect the performance

I Prevention of fault progression i eradicating fault conditions before secondary
faults develop

I Prediction of progression from fault to failure T accurate prognosis for
remaining useful life

i Efficient maintenance planning i economize on maintenance efforts, ensure
best availability

I Feedback to control laws i Modify control laws based on the current health
condition to extend life while obtaining the best possible performance.

Overall System Health for increased RAM (Reliability and Maintainability)
and minimized O&M (Operation and Maintenance) costs
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Health Management-for\Wind: farms

BRI e S TSRS

Costs: Offshore Wind Farms

Towards Farm-level Health Manaaement

Health Monitoring
* Level 1 Detection
Wind farm * Level 2 Isolation

* Level 3 Quantification
o

* Level 4 Prognosis
Diagnostics

W Present . Future Port Activities.
31%

Maintenance
39%

“Tavailability
1 Reliability
--Maintenance costs

Control

Reconfiguration

Penetration of CMS — US market

SETTETEs N GW: 5877 49,031 19,284
Benefits
. * Unprecedented insight into
(o]
urtocus fleet health
*  Less maintenance costs No CMS CMS
- . " . installed _
* No “on-failure” repairs installed
Maintenance T - * Short & responsive supply
Planning Planning Planning chain
RCM *  Minimum inspections 4.5%

<1.5MW 1.5-229MW 2.3MW+

Optimized Maintenance Plan Source: MAKE
Note: EOY 2015

Health Management —capability to make intelligent, informed, appropriate decisions about maintenance and logistics actions based on diagnostics/prognostics
information, available resources and operational demand. — Definition, ISF Program
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Intelligent fault diagnesisrkEramework
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General intelligent fault diagnosis framework
C Unsupervised learning
C Supervised learning
C Reinforcement learning

Signal Hand-crafted feature
acquisition extraction and selection

Supervised
learning

Three general intelligent fault diagnosis frameworks (Sensors, 2017)
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Unsuperviseddearning: Avkencoder
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h=f(Whz+b0)

__________ f_ . q - q Output

f(:}_ E OOOOOO’ 000000] (coocooo Feature3
I ! 5 PR  —
| i oooooo] olelelolele) giifctolelelels Feature2
I @ ! 2 g = 7o
A E\ OOOOOO?OOOOOO OOO0OO0 Feature1
Encoder i + Decoder
e e [080)  (eco]
5 The training process of Stacked Atgncoder
; (MSSP, 2018)
The structure of standard Auemcoder AdvantagesTraining efficiency
(KnowledgeBased Systems, 2020) DisadvantagesHigh-dimensional signal
AdvantagesComputation speed ReLu
DisadvantageHigh-dimensional signal /
Retljz)= 0, othe:

f (z) = max (0, x) /

Rectified Linear UnitReLU) function o 3 % § 1
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Superviseddearning:cConvolutional Neural Networks
LI T

Pre-trained VGG-16 model Fault diagnosis model

Input Image Input Image
P colm. o Weights Transfer :
3x3 conv, 64 oy J .
et e VGG-16 based on Transfer Learning
363 canv, 128 Convolution block 1
3x3 conv, 128 ¥ L .

T sk Advantages:

Convolution block 2 — - —

56 U High computation speed
S > | U High accuracy

PAEMBE | Convolution block 3

e e - Disadvantages:

(e | Convoluton block 4| (e | (i Need to transform the raw vibration
T o signals

) | | s U Need more than 500 samples per Class

Fine-tuning

3x3 conv, 512 Convolution block 5 3x3 conv, 512
Maxpooling Maxpooling
FC 4096 = FC 4096 Fine-tuning
FC 4096 Fully-connected FC 409

block Replace output

e, R O i
Softmax Outpat Softmax Output - layer with 500 Samples per CIaSS

target classes

Transfer learning procedure trains the three higlesst
blocks of the pretrained VG&6 network (TIE, 2018)
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Superviseddearning:cConvolutional Neural Networks
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1980 samples per Clas
BN BN BN Wide-kernel deep
| | T ; | convolutionalneural
; : o networks
> ' ' b+
> B ' : E
> £ F : 5 g I\ 2 Advantages:
> ; H ' O . . .
. - § B - ; ; e S 0  Without signal
- = ) ., ¥ ] [ ] .
. B B RBLE B 8 £ 8 processing
S 2E R CEREELCELE e e o i E : @
- §F B EELIL B R N\ By -
- | m - | ] H @ .
iiz 1 RS N \ : $ 4 Plsadvantages.
>18 8 " w5 . ' N 8 U General accuracy
ZI = n B Shall kert H ] : .
- = =f E 3% [ I'I\-’Iulli—stalﬁefl‘m]}- H - u Need 1980
uuuuu | v layers with small #
\l‘id::f:rnq - = :k\'rllt‘]s]lill:ld Pmlingi Samples pel‘ CIaSS
- I I I :'"";""": I /N I /
CONV layerl P*}:)‘::rf CONV layer2 FC layerl 541'“91“

Architecture of the WKDCNN model (Sensors, 2017).
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[ 02 I Intelligent Filterbased Fault Analysis }
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Electrical and Mechanical faults
UL RS S S P LR T T T T

Manifest as periodic disturbances ir
supply current

Electrical faults s, g, +2sh

(0.7 Hz) (0.7 Hz)

mn-,&.:l‘v.'gh' 1948/01V

26 dB

- PN

A Bearingfault'Q 1@ &g €h™Q Q a'Q

Variations in
electric circuit/
airgap magnetic
field

A Stator winding fautQ "Q-(p i) Q

A Air gap eccentricifQ =~ "Q(Y &) (—) 3

Mechanical faults A Broken rotor barQ Qp i

0 QP "Qexor rotational frequency;
U  "Q:the supply frequency
U  "Q:the outer raceway fault frequency
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Faultrmodels
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Detailed induction motor modeling based on modified winding function thebfWETH

{Vs}ax1) = [Rs]3x3)1is}3x1) + 4 ([Ls)3x3){ts}3x1) + [Lsrlaxn, {ir} N, x1)

{0} v, x1) = [Rel (o x N {ir F o x1) + & ([Lr] (v, xn,) {Er b (v, 1) + [Lrs) v, x3{8s }3x1)

The inductances are calculated considering the modified airgap function, due to faults.

0 a0 (e (BhQ (%6 'Q %o

Situation at t#k/f,,: Situation at t=k/f,:

Air gap ecce ntriCity rotor centered rotor center displaced

W Qp 1A S
Bearing fault (BRG)

A%H) Qp QAT(% ) ((‘) —Q>
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Closedloop motor faultdiagnestics

Irririvieuniiniiniet et R T A AT T TR R AR

| PowerElectronics Unit Three P)\as.e Thlree Phase
: diode Rectifier inverter ;’ i e Thahis e 1'
| diode Rectifier inverter |
i . |
| | |
Three Phase | e |
: Power Supply Induction | Power Supply
— Breaking —— Motor | Induction
| Chopper - | :‘?"“3 —— Motor
| | ppee
| | |
| | [
I |
. _ e _____*%x__ L —
N = s I ' orcune '
| Focunit Flux re | : :
: | I ’ |
' [ v v I
Curren dq0
: cos:::;er > QCI::"'::::)" comr:ll:.r abcw | | Uet Speed A |
Wref | | controller |
| Jre.re | | Space vector |
: | | Sekection |
wr
| - ! ! . S
l labcto ldg0 | labc | | |
| Transformaton | | | Torque, Flux and Fluxangle Cakulation [« Tram:)ﬁ alion <J—
: | : :Vabc and labe
I e R i SISt il el i Pt bl & i o e t
Fieldoriented control system. Direct torque control system.
0.5 1 0.3
0.5
0.25
o 08 X: 86.98
0.4 Y:0.1785
[} 0.2
T 03 x:217.4 S 06 X: 39.67 § -
£ v:02048 X:304.8 2 Y: 0.4549 B 03 rr— X:305.8 | . 480.7 £ 0.15 l
So2 m  Y:0.1671 E_ - 5 5o Y:0.228% y. g o161 8
:0. n :
n X: 478.7 << 0.4 X:122.8 E: 0.2 - u < o1 X: 39.67
0.1 Y: 0.06262 Y: 0.1881 Y:0.05733
L 0.2 n oo5 M
. ikl A it :
0 200 400 600 800 0 0 0
Fri equency (HZ) 0 100 200 300 400 500 0 200 400 600 800 100 200 300 400
Current spectrum of a healthy motor with FOC Freauencv (Hz) Frequency (Hz) Freauency (Hz)

Current spectrum of a healthy motor with DTC. Fault frequencies at ficg, with DTC.

"Q= 43.49 Hz The supply frequency.

Fault frequencies at ficg, with FOC.
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——FoOC
0.8 ——DTC
806 X: 39.67
- Y:0.4166
Eos u X: 58.59
Y:0.2161
0.2 u
0
0 20 40 60 80 100
. . Frequency (Hz) .
\ Singleline current spectrum with BRB fault &t420 ¥ min
(a) broken rotorbars 1 [
X: 67.14 ——Fac
08 Y1 DTC
(0]
So06
ol
Eoa

i

% w0 20 300 400 Fault frequencies in closddop operation of the test motor
= Frequency (fz) in the laboratory seup.
(b) Stator- tum fault ip current spectrum with STF at 1420 r/min.
025 Control Speed (r/min) fers (Hz) farc (HZ)
0.2 FOC 1000 275,298 B85.6, 94.4
" 32.8,41.5 145.6, 154.4
- e FOC 1420 36, 4 121.8, 1338
E o3 56.5,61.2 207, 219
* DTC 1000 28.03,31.5 84.9, 95.1
0.05 31.6,42.1 144.9, 155.1
o Wnhanamar gl Al DTC 1420 25.1,31.4 121.4, 134.2
100 200 300 400 39.5, 59.6 206.6, 219.4
(c) bearing outer race faultsmg|e|ine current ;E)?gﬁpamH\’zV'th BRG fault &t420 ¢ min. FOC: field-oriented control; DTC: direct torque control.
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Bearingrkault Diagnosis& Classification
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x Design of aemovingnon-bearingfault component(RNFC) filter based on neural
networks.

x(n) + e(n)
-
Intelligent RNEC filter-design )
Zl"u
intelligent
> filter (neural y(n)
network)

(n): Motor vibration signal.
y(n): Estimated irrelevant part of the vibration signal (non-
bearing fault components).

e(n): Faulty part of the vibration signal.
ng: Number of data samples.
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ADALINE Network
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v(k)

Adaptive Linear Neuro(ADALINE) W,
neural network withpurelin v(k-1) ~
activation functions yam y(n),
o, / \
wlk- A A
v(k-n ) b
Inputs Output
1
healthy(k)
healthy(k — 1)
P= no=1.2,... t = [healthy(k)] k=1,2,...

| healthy(k — ng) _

POLITECNICO

MILANO 1863

healthy(k) is the sampled vibration signal of a healthy induction
motor (K is the indices for the number of samples).
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Bearingrkaulb Diagnaosis& Classifieation

AT ATTE TR TEER TR TR T ER TP ERERE R E R R TR TR T AT T LR T TR TR T TR
Fault classification based on pattern recognitionHealthy and defective bearings

in four categories, including healthy condition, inner race defect, outer race defect
and double holes in outer race.

A2
Input First Second Qutput
Layer Hidden Hidden Layer
Layer Layer

The structure of a multi-layer perceptron network.
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Experimental setup and:results
UL RS S S P LR T T T T

C Characterization

A A threephase, 1.2 kW, 380 V, 1500 rpm, four pole induction motor is used to collect
experimental data.

A Both shaftend and farend bearings are 6203Z.

A The vibration signal is sampled by AdvantechIQI data acquisition card with 32
kHz sampling frequency using B&K 4395 accelerometer.
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Timedomain features of test data
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0.3
(a) S I‘:\:‘In 0.025 . ‘ . -Healthy 50 , -Healthy
0.2 — ity l:lﬂuler race l:lomer race
:‘efem 45 defect
nner race
~ o 0.02| B detect 40 E:::Z:m
L] Double holes
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E — 2 on outer race
s ‘3 0.015 | 1 S 30
S -0.4 ] &
Z — £ 25
o~
3 -0.2 ) 8
< E 0.01¢ 1 ‘g 20
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—04 — . 0.005 1 10
0 100 200 300 400 500 GOD TAA 5
Samples first central moment (RMS?)
- .y 0 [ 0 I
p— second central moment (variance) 0 5 10 15 20 25 o 5 10 15 20 25
third central moment (skewness) Smples Samples
orth central moment (kurtosis
(b) 04 T T r T T —_Double i f ( ) X 1{}"‘l -He-ﬂmw
In outer race 1.2 T T T - Healthy 0.5 j j j Quter race
0.3 _:—aua l:l QOuter race defect
| defect
0.2 1 | Inner race
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g 0 0.8 Double holes -defect
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RNFC performance
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Table 1
Fault detection using RNFC filter. Table 2
Direct fault detection (fault classification without RNFC filter).
Net Neurons  Correct classification percent
number number Healthy Innerrace Outerrace Double holes in Ejfnber ESE{S:: Correct classification percent
(%) defect (%)  defect (%) outer race (%) Healthy Innerrace Outerrace Double holes in
1 [43 2] 100 100 100 100 (%) defect (%)  defect (%) outer race (%)
2 [48 2] 100 100 100 100 1 [432] 0 16 60 56
3 [4352] 100 100 100 100 2 [482] 16 28 16 12
4 [41035 0 0 0 0 3 [4352] 32 12 30 64
2] 4 [41035 0 0 0 0
2]
Table 4
Fault detection in presence of low-quality sampled signals using RNFC filter.
Net number ~ Neurons number  Correct classification percent
Healthy (%) Inner race defect (%) Outer race defect (%) Double holes in outer race (%)

With filter ~ Without filter ~ With filler ~ Without filter ~ With filter  Without filter ~ With filter Without filter

1 [432] 100 4 9% 0 80 34 100 44
[482] 100 24 100 20 100 18 100 0
3 [4352] 100 72 100 8 96 48 100 24
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03 Residual wide&ernel deep convolutional
autoencoder
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SAE vs CNN
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There are severalproblemswith the StandardAuto-encoderand Convolutional
NeuralNetworks

U To gethigh accuracythe input vibration signalsare neededo transforminto
otherkindsof signals

U The feature extractionability of StandardAuto-encoderto deal with high
dimensionabatais notgood

U The traditional convolutional neural networks are easy to overfitting and
gradientvanishingbasednthelimited data
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Residual widéernel deep-convolutional autencoeder

(RWKDCAE)
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Reésidual 1

—

Reconstruction data
T

1x35 Convld, 3
BatchNorm1d(3)

~

sidual 2

\
BatchNorm1d(1)

1x35 ConvTransposeld, 1

y

—_—

[

[

1x3 Convld, 32

( BatchNorm1d(32)

A/

z=f(WOh+®)

Unsupervised

The objective of AE is to minimize

Loss = |z — i|2

e ] C TheW|de-k_erneIconvolutlo_nallayer|s
e introducedin the convolutional auto

encoderthat canensurethe modelcan

learne e c teatwesfrom the data

1x3 ConvTransposeld, 32 > H . . .

learningprocess| \yithout any signalprocessing
[ buctomia |

h"“"“"“a“sp‘“‘*“”” C The residual learning block is

Residual 3 . . .
3 Come1d 32 " [ baoemaen introduced in convolutional auto
i 13 ConvTransposeld, 32 encodetthatcanensurehe modelwith
deerl B Feature LYRHR - y suff!ue_nt depth _vv_lthout gradient

'3 Classification vanishingandoverfitting problems
Y - :

, igfﬁi:‘]’;)ergcess C Convolutional autoencodercan learn
constructivefeatureswithout massive
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Bearingrkault Diagnosis&: Classification
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x Design of residual widkernel deep convolutional autoencoder (RWKDCAE)

Samples

o -
- —
// / T N
7
1 = T

—
0.5F

0

osk 1024 1024 e o o 1024 |

-1

1 1 1
0 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

Sample points

x Kernel visualization in the first convolutional layer.

N ,/'A\. NE FW Ny :ip !\l l’\ y / l( -
j/\//\u \ /\/\/\/ U4 \ I ﬂJ*/V\m | ! \ f\ - / \f\/\/u M k ] \ /

\|

] 5 w15 m B N B T 5w B @ . 5 ® % ] T
The first convolutional kernel The second convolutional kernel The third convolutional kernel
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Feature \Visualization
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Neurons in feature layer

Newrons in feature layer

Visualization of features from encoder of
RWKDCAE with unsupervised learning
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Bearing Dataset
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CaseWesternReservaJniversity (CWRU) BearlngFauItDataset

CWRU bearingdatasets madeup of ninefault categorieandonenormalcondition

The nine typesof faults aredivided into threemain types,which is the inner racewayfault,
the outer racewayfault andthe ball fault.

Therearethreefault diameterdor eachfault type, which are0.007 inches,0.014 inchesand
0.021linches

5.0 4
05 14
25 4
00
01 0.0
-05
14 254
- T T T T T T T T T T T T T T

2 1]
2
24
oA
0 04
2] 2 |
-2
_a ]

CWRU bearing test rig °
CWRU bearing fault waveform
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Gearbox Dataset
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C Thisgearboxdatasetvasprovidedby Southeastniversity (SEU)

C Therewere two working conditionsin this datasetfor the bearingdataand
gearboxdata 20HZi0V and30HZi 2 V.

C The gearboxfault diagnosisfor bearingor geardatasetis a 5-classproblem
(four failure types and one health state), and combining all data together
becamea 10-classproblem

et i Ml TR

SEU bearing and gear fault waveform
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Featurellearning labtlityccomparison

L THTTTE TR TET LT EEEE T FEEERER R LR EEC LSRR ERE TR A TEEEH TR TE T

T we . Feature visualization of CWRU
'| o .»\:"1"‘" bearingdataset

° i 3 ; a) the featurethat learnedby a
i it | o Standard autoencoder by
) : ,: unsupervisedearningprocess

S L % w & § B & b) thefeaturethatlearnedby the
selemmsed ol s I o proposed model by
unsupervisedearningprocess

) . & c) thefeaturethatlearnedby the
i = . 4 ¥ . e proposedRWKDCAE model
of & : 2 | g by  supervised learning

] 2 process
| @ ¢ @ e d) thefrequencydomainsignals
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(¢) encoder data of the proposed model by su-  (d) frequency-domain data transform from FFT

pervised learning
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Featurellearning labtlityccomparison

L THTTTE TR TET LT EEEE T FEEERER R LR EEC LSRR ERE TR A TEEEH TR TE T
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(a) encoder data of standard Auto-encoder by
unsupervised learning
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(¢) encoder data of the proposed model by su-
pervised learning
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(b) encoder data of the proposed model by un-
supervised learning
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(d) frequency-domain data transform from FFT

Feature visualization of SEU
gearboxdataset

(a) is the featurethat learnedby a
Standard autoencoder by
unsupervisedearningprocess

(b) is the featurethat learnedby the
proposed model by unsupervised
learningprocess

(c) is the featurethat learnedby the
proposed model by supervised
learningprocess

(d) thefrequencydomainsignals
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Performanceinithe:sameworkingrconditions
LT SR TEERRTFEREA T EEEERETEEUOEECEEEEEEETERAEEE T TERE A TFERA T TR TEEEITTEEL T

C CWRU bearing dataset

Subsets

A B C D E
Training Set  1hp 2hp 3hp 1-3hp 1-2hp
Testing Set  1hp 2hp 3hp 1-3hp 3hp

Result of the proposed model and compare it with existing methods

Fault diagnosis methods Dataset Feature size Feature extraction
A B C D E

DAE 71.26% 1024 No
MLP 70.11% 1024 No
ISATrans. 2020 99.62% 1024 No
ResNet18 100% 1024 No
Sensors 2017  WKDCNN 100% 1024 No
TIl. 2018 VGG-16 99.30% 90.66% 99.72% 98.85% 96.47% 1024 Yes
! VGG-16TL 100% 100% 99.96% 09.95% 08.80% 1024 Yes
WEKDCAE 100% 100% 100% 099.92% 099.42% 1024 No
RWEKDCAE 100% 100% 100% 100% 99.85% 1024 No
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Performaneerinthe :same workingrconditions

LT SR TEERRTFEREA T EEEERETEEUOEECEEEEEEETERAEEE T TERE A TFERA T TR TEEEITTEEL T
C SEU gearbox dataset

Result of the proposed model and compare it with existing methods

Fault diagnosis methods Bearing Gear Mixture
20-0 30-2 All 20-0 30-2 All All
SAE-DNN 87.50% 92.10% 92.70% 91.90%
[9] GRU 91.20% 92.40% 03.80% 90.50%
BiGRU 93.00% 93.60% 93.80% 90.70%
[6] LFGRU 93.20% 94.00% 94.80% 95.80%
VGG-16TL 99.94% 99.42% 99.64% 99.02%
[8] Resnet18 99.50%
WEKDCAE 97.38% 97.38% 97.05% 100% 100% 100% 09.51%
RWEKDCAE 100% 100% 100% 100% 100% 100% 99.67%
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Performaneeinthel different/ waorking conditions
LT SR TEERRTFEREA T EEEERETEEUOEECEEEEEEETERAEEE T TERE A TFERA T TR TEEEITTEEL T

C CWRU bearing dataset

Fault diagnosis methods A—B A—=C B— A B—C C—= A C—B Average

FFT-5VM 68.60% 60.00% 73.2% 67.6% 68.4% 62.0% b66.6%
Zhang et al. (2017) FFT-MLP 82.10% 85.6% 71.5% 82.4% 81.8% 79.0% 80.4%
WEKDCNN 99.40% 93.4% 97.5% 97.2% 88.3% 99.9% 95.9%

WEKDCAE 100% 91.7% 99.0% 100% 90.0% 99.0% 96.6%
RWEKDCAE 100% 95.0% 99.3% 100% 93.0% 100% 97.9%

C SEU gearbox dataset

Fault diagnosis Bearing Bearing Gear Gear Average
methods 20— 30 30— 20 20— 30 30— 20

WEKDCAE 78.43% 82.07% 81.51% 76.75% 79.69%
RWKDCAE 83.75% 80.67% 81.67% 77.19% 80.82%
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Performanceinithe noise working conditions
LT SR TEERRTFEREA T EEEERETEEUOEECEEEEEEETERAEEE T TERE A TFERA T TR TEEEITTEEL T

C CWRU bearing dataset

load Model SNR (dB)
0 2 4 5 8 10
1-DCNN 96.00% 98.33% 99.33% 99.33% 99.33% 99.33%

A 1-D WDCNN  96.67% 99.00% 99.00% 9967% 9967% 99.67%
RWKDCAE 99.00% 99.33% 99.67% 9967% 100% 100%

1-DCNN 97.00% 99.33% 99.67% 9967% 100% 100%
B 1-D WDCNN  97.67% 99.33% 99.67% 9967% 100% 100%
RWKDCAE 99.33% 100% 100% 100% 100% 100%

1-DCNN 96.67% 98.00% 99.33% 100% 100% 100%
C 1-D WDCNN  97.67% 98.00% 99.67% 100% 100% 100%
RWKDCAE 98.00% 100% 100% 100% 100% 100%

1-DCNN 97.83% 98.33% 98.33% 98.67% 99.33% 99.33%
D 1-D WDCNN  98.25% 98.75% 98.75% 98.92% 9942% 99.42%
RWKDCAE 99.08% 99.17% 99.42% 9958% 99.67% 99.83%
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Performanceinithe noise working conditions
LT SR TEERRTFEREA T EEEERETEEUOEECEEEEEEETERAEEE T TERE A TFERA T TR TEEEITTEEL T
C SEU gearbox dataset

Load Model SNR (dB)
0 2 4 A 8 10
1-DCNN 60.46% 9020% 91.50% 9477% 96.73% 96.73%

Bearing 20 1-D WDCNN 94.77% 94.77% 94.97% 96.73% 97.39% 97.39%
RWKDCAE  95.42% 9542% 96.73% 96.73% 98.69% 98.69%

1-DCNN 93.46% 94.77% 96.08% 96.08% 96.73% 97.39%
Bearing 30 1-D WDCNN 94.77% 96.08% 96.73% 98.04% 98.04% 99.35%
RWKDCAE  97.39% 97.39% 098.04% 98.04% 98.69% 99.35%

1-DCNN 81.70% B8497% 84.97% 8497% 86.93% BB.89%
Gear 20 1-D WDCNN 86.27% 90.85% 92.81% 96.08% 98.04% 99.35%
RWKDCAE  B89.54% 94.12% 96.73% 97.39% 98.04% 100%

1-DCNN 68.23% 73.20% 81.70% 86.27% 86.27% BB.89%
Gear 30 1-D WDCNN  77.12% 88.24% B8954% 94.12% 97.39% 93.69%
RWKDCAE  78.43% 90.85% 98.04% 100% 100% 100%

1-DCNN 73.20% B80.39% 83.98% 85.45% 86.76% BB.89%
All 1-D WDCNN 82.52% 85.78% 86.43% 91.18% 9297% 94.44%
RWKDCAE  85.12% B8B8.89% 92.81% 96.40% 96.40% 97.06%

POLITECNICO Zniece

MlLAN01863 IIiIPM‘HM[\ITO D| ECCELLENZA

NIUR 20168+-2022




Performancewithidifferent training proportions
AT ATTE TR TEER TR TR T ER TP ERERE R E R R TR TR T AT T LR T TR TR T TR

C CWRU bearing dataset

Proportion Models Datasets
A B C D
1-DCNN 88.00% 87.57% 94.78% 97 .44%
10% 1-D WDCNN 89.67% 88.78% 95.44% 98.05%
RWKDCAE 90.22% 92.78% 98.33% 99.53%
1-DCNN 97.57% 98.00% 99.00% 99.21%
30% 1-D WDCNN 98.57% 99.00% 99.86% 99.36%
RWKDCAE 08.86% 99.86% 100% 99.68%
1-DCNN 98.80% 99.40% 100% 99.75%
50% 1-D WDCNN 98.80% 99.40% 100% 99.76%
RWKDCAE 99.80% 100% 100% 99.90%
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Basic theory (CNN and explanation methods for CNN)
LA

C Artificial intelligencealgorithmshave powerful nonlinearcapabillities
to deal with a variety of domain problems However,thereis a very
seriousdrawbackof manyAl algorithms,the Black Box.

C Peoplewonderif the Al modelis making this right decisionbasedon
theimportantparts,insteadof the noiseparts,thisis a question

Input Output

Artificial intelligence model
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Explainable Al
LT TR

C To understandvhatthe black box modellearnedin the fault diagnosis
framework

C Develop an explainableintelligencefault diagnosisframework based
onposthocvisualizationmethods

C Compargheperformancef posthocvisualizationmethods
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Basic theory (CNN and explanation methods for CNN)
LT TR

C Convolutional neural networks (CNN) is one of the most popular deep learning
algorithms

The shape of the time
domain vibration signal

STFT Magnitude

The shape of the tiraAeequency spectrum
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Basic theory (CNN and explanation methods for CNN)

L THTTTE TR TET LT EEEE T FEEERER R LR EEC LSRR ERE TR A TEEEH TR TE T

CNN usually consistsof four different layers in the convolutional block, including
convolutionallayer,batchnormalizationayer,activationlayerandpoolinglayer.

[ Input x ]
:_ ______________ |
: [ Convolutional layer ] i A (I) (;O U (b ('I)
| [ BN Layer ] | g
i [ Activation function ] i ?é i 6 6 (I)
I [ Pooling layer ] I
e : Q YQUTY | A afi
T I
: [ Convolutional layer ] : @! ’ . ‘
T BN | 12 w 0O®LEG a
: [ Activation function ] : %
: [ Pooling layer ] :
A B k
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Basic theory (CNN and explanation methods for CNN)
Explanation methods for CNN
LT

C Convolutionalneuralnetworks(CNN):
U Advantages
A Strongcapability
A Without expertrotatingmachineryfault diagnosisknowledge
U Disadvantage
A 1t is ablackbox model

C Posthocvisualizationmethods

1) Classificatiomactivationmap(CAM)

2) Gradientweightedclassificationactivationmap(GradCAM)

3) Gradientweightedclassificationactivationmap++ (GradCAM++)
4) Scoreclassificationactivationmap(ScoreCAM)
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Classification activation mappings (CAM)
LT SRR T

U Itisasimplemethodto getthe saliencymapsof the CNN models
U Butit needdo changehestructureof the CNN model(Globalaveragepoolinglayer).

Australian
’. terrier

-
~
<
~

<Z00
<Z00O
Z00

Class Activation Mapping

Class
Activation
Map

(Australian terrier)

S Wo

¥ A

Schematic diagram of CAM.
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GradCAM
AT ATTE TR TEER TR TR T ER TP ERERE R E R R TR TR T AT T LR T TR TR T TR
C Itis noneedto changehestructureof the CNN model

U It couldbeusedin manykindsof tasks
U Coarsdocalizationmaps

{ €—— Omdenw A “« ¢ | Tiger Cat
{ —>Adetons : & M & Image Classification
e g 000 NSeececcccsmcccccemsce=?’ . L —’
s ,
_v;z:}_ ided Back ; ol C Layers Y
',.. -.. » Guided Backpropagation (or)
e | Rectified Conv ,"' o, g
Feature Maps ,':,,—1‘ s A g 2
’ . ':I|> 'é ’ i Image Captionin
i 3 A Any RNNJLSTM A cat lying on g pt g
i ~ - the ground
- Task-specific| «
Network | ----
Lo es B (or)
Guided Crad-CAM % >
“\ Visual -
_Quesﬁon ‘ RNNJLSTM Nk Question Answering
Crad-CAM . (or)
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GradCAM++
R s I

U BetterlocalizationperformanceghanGradCAM.

U Bettervisualizationperformancevhenthereare severalfeaturesin oneinput datathan
GradCAM.

GradCAM: GradCAM++:;
k @
Ye=2 W2 DA 0 | #Y0 i‘)(J‘:A/—.‘ )
k i 1o
we—z. 2 v{i,jli.j € A} Lo
T aar T (o)

C 2 : c T o T 0
0 YQO[TY 0 @0

* Z IS a constant

POLITECNICO Zniece

DIPARTIMENTO D) ECCELLENZA
MlLAN01863 - MIUR 2018-2022




ScoreCAM

LT TR E T R TERE R T TR E L TH LT R T TH TR THE R T TR

U Betterlocalizationprecise
U Bettervisualizationperformancevithout gradient

y

Phase 1

CNN

output

Q0 00O

%) Linear combination

FC Layer ® Point-wise manipulation

____________________________________

Phase 2
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Experiment
Gearbox dataset

LT TR E T R TERE R T TR E L TH LT R T TH TR THE R T TR

U Testgearsn modulesfrom 2 to 6 mm, facewidthsup to 30 mm, helix anglesup to 3,
torquesup to 1400Nm.

U 16-teethpinion,24-teethwheel

o 24-teeth wheel
16-teeth pinion

Schematic diagram and
picture of the gearbox test

rg.
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Experiment

Gearbox dataset
IR e I

GEARBOX A GEARBOX B U Therig is apowerrecirculatingrig,

TORQUE with two identical test gearboxes

ACTUATOR A andB connectedvia torsionally
compliantshafts

U A servehydraulic torque actuator
IS interposed between the
gearboxes, allowing precise
closedloop control of torque,and
adjustmentvhilst running

TO MOTOR
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Experiment
Gearbox dataset
T T T T T

U This actual test is a constant Torque
was performed.

Accelerometers

U At the first part with wheel torque
set at 500 +/5 Nm and 50 million

~ mieroprone  CyCles (shaft revolutions) was
performed

Proximity speed
sensor

Laser speed
sensor

U After completion of each 10 million
cycles (2.5 days approximately) test
has been stopping for gears
assessment and then ran again
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Experiment

Gearbox dataset
R ||||| LT IHHIIIHHIHHI

C Understanding the morphology of
micropitting is the key to determining
the primary failure mode and root
cause of failure.

C Micropitting cracks grow opposite the
direction of sliding at the gear tooth
surface.

Micropitting cracks on a driven gear (courtesy of Newcastle Universi

Progress of micrpitting for tooth 1

[_o6mm | [_o5mm_|
As ground After 10 million cycles After 30 million cycles
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Experiment
Gearbox dataset

AT ATTE TR TEER TR TR T ER TP ERERE R E R R TR TR T AT T LR T TR TR T TR
Vibration signals and Frequendgmain signals

As ground After 10 million cycles After 30 million cycles
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Frequency [Hz]

Experiment
Gearbox dataset

L THTTTE TR TET LT EEEE T FEEERER R LR EEC LSRR ERE TR A TEEEH TR TE T

Timefrequency domain signals (STFT)

STFT Magnitude STFT Magnitude STFT Magnitude
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Time [sec] Time [sec] Time [sec]

As ground After 10 million cycles After 30 million cycles
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Comparative results of GraCAM GradCAM++ and Scor€EAM
LA A ST

Level 1 GradCAM Level 2

Focus on the noise
part

First Time

Failure to display

Second Time
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