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Carryingout equipmentfault diagnosisandpredictivemaintenancehasimportantresearch

significanceandengineeringapplicationvalueto ensureproductionsafety.

For major/key equipmentin the fields of iron and steel, energy, transportation,

aerospace,etc., thesafetyandsecurityof its serviceoperationis very important.

Wind TurbinesStrip Mill Express train Aircraft engine

Industrial robot Helicopter AutomobileCNC machine

1.1 Research Background

Faults in rotary machinery
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The monitoring and fault diagnosisof core componentshas always beena research

hotspotin thefield of industrialfault diagnosis.

Key equipment- > rotatingparts- > key components: gears,bearings,androtor

systemsarethemainfailurecomponents.

Motor failure Turnout machine 

failure

Engine failureBearing cage damage

1.1 Research Background

BearingGear drive Rotor blade

Faults in rotary machinery
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Health Management helps in: 

ï Incipient failure detection ïdetecting failures even before they substantially 

effect the performance

ï Prevention of fault progression ïeradicating fault conditions before secondary 

faults develop

ï Prediction of progression from fault to failure ïaccurate prognosis for 

remaining useful life

ï Efficient maintenance planning ïeconomize on maintenance efforts, ensure 

best availability 

ï Feedback to control laws ïModify 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 

Health Management System
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Towards Farm-level Health Management

Health Management for Wind farms 
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Rotating machinery fault diagnosis Framework 

Three general intelligent fault diagnosis frameworks (Sensors, 2017)

General intelligent fault diagnosis framework

Ç Unsupervised learning 

Ç Supervised learning

Ç Reinforcement learning 

Intelligent fault diagnosis Framework 
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Rotating machinery fault diagnosis Framework 

The structure of  standard Auto-encoder 

(Knowledge-Based Systems, 2020)

The training process of Stacked Auto-encoder 

(MSSP, 2018)

Advantages: Computation speed

Disadvantages: High-dimensional signal

Advantages: Training efficiency

Disadvantages: High-dimensional signal

Unsupervised learning: Auto-encoder

Rectified Linear Unit (ReLU) function
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Rotating machinery fault diagnosis Framework 

500 samples per Class

Transfer learning procedure trains the three highest-level 

blocks of the pretrained VGG-16 network (TIE, 2018)

VGG-16 based on Transfer Learning

Advantages: 

ü High computation speed

ü High accuracy

Disadvantages:

ü Need to transform the raw vibration 

signals

ü Need more than 500 samples per Class

Supervised learning: Convolutional Neural Networks
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Rotating machinery fault diagnosis Framework 

Supervised learning: Convolutional Neural Networks

Architecture of the WKDCNN model (Sensors, 2017).

1980 samples per Class
Wide-kernel deep 

convolutional neural 

networks

Advantages: 

ü Without signal 

processing

Disadvantages:

ü General accuracy

ü Need 1980 

samples per Class
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Mechanical faults

Electrical faults

Variations in 
electric circuit/ 
airgap magnetic 
field

ÅBearing fault   Ὢ πȢφὲὪȟπȢτὲὪȟὪ Ὢ άὪ

ÅStator winding fault Ὢ Ὢ ρ ί Ὧ

ÅAir gap eccentricity Ὢ Ὢ Ὑ ὲ ὲ

ÅBroken rotor bar Ὢ Ὢρ ςί

Manifest as periodic disturbances in 
supply  current

Electrical and Mechanical faults

ü ὪȡὸὬὩrotor rotational frequency; 
ü Ὢ: the supply frequency
ü Ὢ: the outer raceway fault frequency
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Detailed induction motor modeling based on modified winding function theory (MWFTh)

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

ὒ ‘ὶὰ᷿ ὓ ‰ȟ—ὲ ‰ȟ—Ὣ ‰ȟ—Ὠ‰

Air gap eccentricity
Ὣ‰ȟ— Ὣ ρ ‰ÃÏÓ‏ —

Bearing fault (BRG) 

Ὣ‰ȟ—ȟὸ Ὣ ρ ὩÃÏÓ‰ ‏ ὸ
Ὧ

Ὢ

Fault models
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Field-oriented control system. Direct torque control system.

Current spectrum of a healthy motor with FOC
Current spectrum of a healthy motor with DTC.

Closed-loop motor fault diagnostics

Ὢ= 43.49 Hz The supply frequency.
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bearing outer race fault.

broken rotor bars

stator-turn fault

Single-line current spectrum with BRB fault at 1420 r/ min

Single-line current spectrum with BRG fault at 1420 r/ min.

Fault frequencies in closed-loop operation of the test motor 
in the laboratory set-up.

Closed-loop motor fault diagnostics
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× Design of a removingnon-bearingfault component(RNFC) filter based on neural 
networks. 

Intelligent RNFC filter design

Bearing Fault Diagnosis & Classification
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Adaptive Linear Neuron (ADALINE) 
neural network with purelin
activation functions

healthy(k) is the sampled vibration signal of a healthy induction 
motor (k is the indices for the number of samples).

ADALINE Network
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Fault classification based on pattern recognition for healthy and defective bearings 
in four categories, including healthy condition, inner race defect, outer race defect 
and double holes in outer race.

Bearing Fault Diagnosis & Classification
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Ç Characterization
Å A three-phase, 1.2 kW, 380 V, 1500 rpm, four pole induction motor is used to collect 

experimental data. 
Å Both shaft-end and fan-end bearings are 6205-2Z. 
Å The vibration signal is sampled by Advantech PCI-1711 data acquisition card with 32 

kHz sampling frequency using B&K 4395 accelerometer.

Experimental setup and results
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Time-domain features of test data
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RNFC performance
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SAE vs CNN

Thereare severalproblemswith the StandardAuto-encoderand Convolutional

NeuralNetworks.

ü To get high accuracy,the input vibration signalsareneededto transforminto

otherkindsof signals.

ü The featureextractionability of StandardAuto-encoderto deal with high-

dimensionaldatais notgood.

ü The traditional convolutional neural networks are easy to over-fitting and

gradientvanishingbasedon thelimited data.
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The proposed model

Unsupervised
learningprocess

Supervised
learningprocess

Ç Thewide-kernelconvolutionallayer is

introducedin the convolutional auto-

encoderthat canensurethe modelcan

learn e ectivefeaturesfrom the data

without anysignalprocessing.

Ç The residual learning block is

introduced in convolutional auto-

encoderthatcanensurethemodelwith

sufficient depth without gradient

vanishingandoverfitting problems.

Ç Convolutional auto-encodercan learn

constructivefeatureswithout massive

data.

ŵ

Ŷ

Residual wide-kernel deep convolutional auto-encoder 
(RWKDCAE)

The objective of AE is to minimize
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× Design of residual wide-kernel deep convolutional autoencoder (RWKDCAE)

Bearing Fault Diagnosis & Classification

× Kernel visualization in the first convolutional layer.
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Feature Visualization

Visualization of features from encoder of 
RWKDCAE with unsupervised learning

Visualization of features from Frequent-
domainsignal transform by FFT
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Rotating machinary fault dataset

CaseWesternReserveUniversity(CWRU) BearingFaultDataset

ü CWRUbearingdatasetis madeupof ninefault categoriesandonenormalcondition.

ü The nine typesof faults aredivided into threemain types,which is the inner racewayfault,
theouter racewayfault andtheball fault.

ü Therearethreefault diametersfor eachfault type,which are0.007 inches,0.014 inchesand
0.021inches.

CWRU bearing test rig

CWRU bearing fault waveform

Bearing Dataset
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Gearbox Dataset

Ç Thisgearboxdatasetwasprovidedby SoutheastUniversity(SEU).

Ç There were two working conditionsin this datasetfor the bearingdata and

gearboxdata: 20 HZï0 V and30HZï2 V.

Ç The gearboxfault diagnosisfor bearingor geardatasetis a 5-classproblem

(four failure types and one health state), and combining all data together

becamea10-classproblem.

SEU bearing and gear fault waveform
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Experiment result
1, Feature learning ability

Feature visualization of CWRU

bearingdataset

a) the featurethat learnedby a

Standard auto-encoder by

unsupervisedlearningprocess.

b) the featurethat learnedby the

proposed model by

unsupervisedlearningprocess.

c) the featurethat learnedby the

proposedRWKDCAE model

by supervised learning

process.

d) thefrequency-domainsignals.

Feature learning ability comparison 
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Feature visualization of SEU

gearboxdataset

(a) is the feature that learnedby a

Standard auto-encoder by

unsupervisedlearningprocess.

(b) is the featurethat learnedby the

proposed model by unsupervised

learningprocess.

(c) is the featurethat learnedby the

proposed model by supervised

learningprocess.

(d) thefrequency-domainsignals.

Feature learning ability comparison 
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Experiment result
2, Performance in the same working conditions

Ç CWRU bearing dataset

Result of the proposed model and compare it with existing methods

Subsets

A B C D E

Training Set 1hp 2hp 3hp 1-3hp 1-2hp

Testing Set 1hp 2hp 3hp 1-3hp 3hp

Sensors 2017

TII, 2018

ISA Trans. 2020

Performance in the same working conditions
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Ç SEU gearbox dataset

Result of the proposed model and compare it with existing methods

[6]

[8]

[9]

Performance in the same working conditions
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Experiment result
3, Performance in the different working conditions

Ç CWRU bearing dataset

Ç SEU gearbox dataset

Performance in the different working conditions
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Experiment result
4, Performance in the noise working conditions

Ç CWRU bearing dataset

Performance in the noise working conditions
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Ç SEU gearbox dataset

Performance in the noise working conditions
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Experiment result
5, Performance with different training proportions

Ç CWRU bearing dataset

Performance with different training proportions



Outline

Introduction to Faults

Residual wide-kernel deep convolutional 
autoencoder

Intelligent Filter-based Fault Analysis

CNN-based explainable fault diagnosis 

01

02

03

04

Multi-source information fusion05



Intelligent Fault Diagnosis for Rotating Machinery

Basic theory (CNN and explanation methods for CNN)

ÇArtificial intelligencealgorithmshave powerful nonlinearcapabilities

to deal with a variety of domainproblems. However, there is a very

seriousdrawbackof manyAI algorithms,theBlack Box.

ÇPeoplewonderif the AI model is making this right decisionbasedon

theimportantparts,insteadof thenoiseparts,this is aquestion.

Input Output

Artificial intelligence model
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Explainable AI

ÇTo understandwhat theblack box modellearnedin the fault diagnosis

framework.

ÇDevelopan explainableintelligencefault diagnosisframeworkbased

onpost-hocvisualizationmethods.

ÇComparetheperformanceof post-hocvisualizationmethods.
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Basic theory (CNN and explanation methods for CNN)

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

algorithms.

The shape of the time-

domain vibration signal

The shape of the time-frequency spectrum
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Basic theory (CNN and explanation methods for CNN)

CNN usually consistsof four different layers in the convolutional block, including

convolutionallayer,batch-normalizationlayer,activationlayerandpoolinglayer.

ὥ ὡUὼ ὦ

ί ὄὔὥ

Ὤ ὙὩὒὟί ÍÁØπȟί

ώ ὓὥὼὖέέὰὬ
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Basic theory (CNN and explanation methods for CNN)
Explanation methods for CNN

Ç Convolutionalneuralnetworks(CNN):

ü Advantages:

ÅStrongcapability.

ÅWithoutexpertrotatingmachineryfault diagnosisknowledge.

ü Disadvantage:

ÅIt is ablackbox model.

Ç Post-hocvisualizationmethods

1) Classificationactivationmap(CAM)

2) Gradient-weightedclassificationactivationmap(Grad-CAM)

3) Gradient-weightedclassificationactivationmap++ (Grad-CAM++)

4) Scoreclassificationactivationmap(ScoreCAM)
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Classification activation mappings (CAM)

ü It is asimplemethodto getthesaliencymapsof theCNN models.

ü But it needsto changethestructureof theCNN model(Globalaveragepoolinglayer).

Schematic diagram of CAM.
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Grad-CAM

Ç It is noneedto changethestructureof theCNN model.

ü It couldbeusedin manykindsof tasks.

ü Coarselocalizationmaps
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Grad-CAM++

ü BetterlocalizationperformancethanGrad-CAM.

ü Bettervisualizationperformancewhenthereareseveralfeaturesin oneinput datathan

Grad-CAM.

* Z is a constant

Grad-CAM: Grad-CAM++:

ύ ‌ ɇὙὩὒὟ
‬ὣ

‬ὃ

‌

‬ὣ

‬ὃ

ςɇ
‬ὣ

‬ὃ
В В ὃ

‬ὣ

‬ὃ

ὒ ὙὩὒὟ ύ ɇὃ
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Score-CAM

ü Betterlocalizationprecise.

ü Bettervisualizationperformancewithoutgradient.

Schematic diagram of Score-CAM.
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Experiment
Gearbox dataset

ü Testgearsin modulesfrom 2 to 6 mm, facewidthsup to 30 mm, helix anglesup to 30o,

torquesup to 1400Nµm.

ü 16-teethpinion,24-teethwheel.

Schematic diagram and 

picture of the gearbox test 

rig.

16-teeth pinion
24-teeth wheel
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Experiment
Gearbox dataset

ü Therig is apower-recirculatingrig,

with two identical test gearboxes

A andB connectedvia torsionally

compliantshafts.

ü A servo-hydraulic torque actuator

is interposed between the

gearboxes, allowing precise

closed-loop control of torque,and

adjustmentwhilst running.
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Experiment
Gearbox dataset

ü This actual test is a constant Torque 
was performed.

ü At the first part with wheel torque 
set at 500 +/- 5 Nm and 50 million 
cycles (shaft revolutions) was 
performed

ü 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

Progress of micro-pitting for tooth 1

As ground After 10 million cycles After 30 million cycles

Ç Understanding the morphology of 

micropitting is the key to determining 

the primary failure mode and root 

cause of failure.

Ç Micropitting cracks grow opposite the 

direction of sliding at the gear tooth 

surface. 
Micropitting cracks on a driven gear (courtesy of Newcastle University)



Intelligent Fault Diagnosis for Rotating Machinery

Experiment
Gearbox dataset

Vibration signals and Frequency-domain signals

As ground After 10 million cycles After 30 million cycles
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Experiment
Gearbox dataset

Time-frequency domain signals (STFT)

As ground After 10 million cycles After 30 million cycles
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Comparative results of Grad-CAM, Grad-CAM++ and Score-CAM

Level 1

First Time

Second Time

Level 2

Failure to display

Grad-CAM

Focus on the noise 

part


