UNIVERSITY OF CALIFORNIA, MERCED

SMART PREDICTIVE MAINTENANCE ENABLED BY
DiciTAL TWINS AND PHYSICS INFORMED SMART
Bic DATA

BY

FurkaN Guc

A DISSERTATION SUBMITTED IN PARTIAL SATISFACTION OF THE
REQUIREMENTS FOR THE DEGREE OF
DOCTOR OF PHILOSOPHY
IN

MECHANICAL ENGINEERING

COMMITTEE IN CHARGE:

PROFESSOR YANGQUAN CHEN, CHAIR
PROFESSOR RICARDO PINTO DE CASTRO
PROFESSOR SACHIN GOYAL
PROFESSOR JIAN-QIAO SUN

FarrL 2023



Smart Predictive Maintenance Enabled by Digital Twins and Physics
Informed Smart Big Data

Copyright 2023
by
Furkan Guc



iii

The dissertation of Furkan Guec, titled Smart Predictive Maintenance Enabled
by Digital Twins and Physics Informed Smart Big Data, is approved:

Chair Date

Date

Date

Date

University of California, Merced



To Gokce

my light and my Luthien, forever

v



Contents

Contents v
[List of Figures| viii
[List_of Tables| xiii
[Abbreviations| xiv
[Acknowledgements| xvi
1__Introduction| 1
[LT Research Motivationl . . . . .. ... ... ... ... ... .. 1
(I.1.1 Smart Predictive Maintenance (Smart Predictive Main- |

| tenance (SPM))| . . . ... ... ... 3
1.1.2  Digital Twins (Digital Twins (DT))[ . . . . . . ... .. 5

1.1.3  Smart Big Data (Smart Big Data (SBD))[. . . . . . .. 7

(1.1.3.1  Physics Informed Smart Big Data (SBD)|. . . 7

(1.1.3.2  Complexity Aware Advanced Analytics with |

[ Fractional Fingerprints[. . . . . . . . . .. .. 8
(1.2 Dissertation Objectives and Methods| . . . . . . . .. .. ... 9
(.3 Dissertation Contributions . . . . . ... ... ... ... ... 10
[L.4 Dissertation Outline . . . . ... ... ... ... ... ... 11
2 Smart Predictive Maintenance Framework with Case Studies| 12
I Tntroductionl . . . . . . . . . . ... 12
[2.2  Mechatronic Test Bed Case Study{. . . . . .. ... ... ... 13
[2.2.1  Digital Twin Application| . . . . . . . . ... .. .. .. 14

[2.2.2  Smart Big Data for Shatt Misalignment|. . . . . . . .. 17

223 SPM-based Fault Level Classificationl . . . . . . . . .. 18

[2.3  The Radio Frequency (RF) Impedance Matching Case Study| . 21
[2.4  Fractional Fingerprints on the SPM Case Study| . . . . . . .. 25
2.5 Conclusions . . . . . .. ... 29



vi

[3 Fault Cause Assignment with Physics Informed Transfer

30
3.1 Introductionl . . . . . . . . ... 30
[3.2  Methodology| . . . . . .. .. ... 31

[3.2.1  'The Case Study| . . . . . .. ... ... ... .. .... 32
[3.2.2  Dynamic Mode Decomposition with Controll . . . . . . 34
[3.2.3  'Time-Frequency Representation| . . . . . . . . . . . .. 35
[3.2.4  Classification with Transter Learningl . . . . . . . . .. 38
B3 Resultd. . ... ... 39
[3.4  Expansion to Real-Lite Data Set|. . . . . ... ... ... ... 44
3.0 Conclusions . . . . . . . . .. oo 47

[4  Selection of Feedback Variables in Multi-input Multi-output |

[  (MIMO) Radio Frequency (RF) Impedance Matching] 49
4.1 Introductionl . . . . . . . . ... 49
[4.2  Radio Frequency Impedance Matchingl . . . . ... ... ... 52

4.2.1 Radio Frequency Impedance Matching (RFIM) Bench- |

[ markl . . ... e 52

[4.2.2  Analytical Solution| . . . . . . ... ... ... ... 54

4.2.3  Problem Definition| . . . . . . .. ... ... 55

[4.3  Methodologyl . . . . . .. . ... ... .. 56
{4.3.1  Multi-input Multi-output (MIMO) Frequency Response |

| Function (FRF) Identification| . . . . . . ... ... .. 58
[4.3.2  Relative Gain Array and Interaction Index| . . . . . . . 58

[4.3.3  Novel Coupling Metric/ . . . ... ... ... .. .... 60

4.34 Resultsl. . . ... ... o 64

4.4 Conclusions . . . . . ... ... 64

[>5 Error Recovery for Transmission Line Effects on Radio Fre- |

[ quency (RF) Impedance Matching Performance| 67
b1 Introductionl . . . . . . . ..o 67
[5.2  Methodologyl . . . . . .. . ... ... 69
Hh.3  RFIM Benchmarkl. . . . . .. ... ... ... .. 69
[>.4 'Transmission Line Impedance| . . . . . . ... ... ... ... 71
B _Resulfd. . . . . . oo o 73
Hh.6  Conclusions . . . . . . . ... oo 78

6 Conclusions and Future Workl 81
6.1 Conclusions . . . . . . . . ... 81
6.2 Future Worksl . . . . .. ... 82

[A Reproducibility of Physics-Informed Transfer Learning] 84




B Curriculum Viiad

[Bibliography|

vii

85

88



viil

List of Figures

(1.1 Traditional predictive maintenance workflow represented in three |
| main steps including data preparation, model development and de- |
[ ployment.| . . . . . ... o o 2
[1.2  Traditional predictive maintenance workflow with data, model and |
| deployment steps in the bottom and the smartness injection with |

‘ core enabling technologieson top.| . . . . . . ... ... ... ... 5
[1.3  Digital Twins (DT) developmental framework [93] defining the core |
| steps of the technology|. . . . . . .. .. ... ... ... ... .. 6

(1.4 The paradigm of Big Data and underlying physics, showing the |
[ inversely proportional relation of data and physics in the context |

[ of Smart Big Data.| . . . . . . .. ... ... ... ... .. ... 8
[1.5 The outline of the dissertation including the organization of chap- |
[ ters and the dissertation flow] . . . . . . ... ... ... ... .. 11

| nance case study, including 12V Direct Current (DC) motor with |
[ Hall Effect encoder, Arduino Uno and Ardumoto Shield.| . . . . . 13
[2.2  Model representation of the mechatronic test bed showing the ar- |
| mature circuit with resistance and inductance; electric motor’s ro- |

2.3 MATLAB/Simulink model representation of the Digital Twins (DT) |
| oo clation | T Tor o Mo - T |
[ with armature circuit part and inertial part with voltage input and |
[ angular position output.| . . . . . ... ..o 16
2.4 Scaled values for the estimated parameters by using Simulink De-

sign Optimization Tool (SLDO), where normalization is done with
| respect to the initial values of each parameter given in Table|2.1]| 16
[2.5 Harmonic torque disturbance periodic with respect to the motor |
[ shatt position, which is purposely injected to the motor to introduce |
| misalignment fault into the system.| . . . . . ... ... ... ... 17




ix

Analysis of Covariance (ANOVA) test results of the condition in-

dicators, hierarchically ordered to show their corresponding cor-

relations for explaining the misalignment fault level classification

problem.|. . . . ...

Confusion matrix for the mechatronic case study training set with

86.2% accuracy, where the class labels indicates 0-Healthy, 1-Low

Misalignment, 4-Medium Misalignment and 5-High Misalignment|

Confusion matrix for the mechatronic case study test set with

78.2% accuracy, where the class labels indicates 0-Healthy, 1-Low

Misalignment, 4-Medium Misalignment and 5-High Misalignment|

L-type up-converting impedance matching network architecture in-

cluding two variable capacitors and two constant inductions for

Radio Frequency Impedance Matching (RFIM) system| . . . . . .

Analysis of Covariance (ANOVA) test results for the Radio Fre-

quency Impedance Matching (RFIM) case study condition indica-

tor, hierarchically ordered to show their corresponding correlations

for explaining the Radio Frequency Impedance Matching (RFIM)

fault classification problem.| . . . . ... ... ... ... ..

A pair of features with low-rank Analysis of Covariance (ANOVA)

results to demonstrate bad classification performance in the Radio

Frequency Impedance Matching (RFIM) system fault classification

case study.|. . . . . ... L

A pair of features with high-rank Analysis of Covariance (ANOVA)

results to demonstrate good classification performance in the Radio

Frequency Impedance Matching (RFIM) system fault classification

case study.|. . . . . . ...

Confusion matrix for the test set in Radio Frequency Impedance

Matching (RFIM) fault classification study, indicating the success-

tul classification with diagonal terms.| . . . . . . . . . . . ... ..

Ball-and-beam system representation tfrom Control Tutorials for

Matlab and Simulink[57], to be utilized in the fractional fingerprints

case study.|. . . . . ... L

The relation between backlash percentage and mean ball position

under the influence of different noise injections for the ball-and-

beam case study| . . . . .. ..o oo

The flowchart of the overall process for the physics-informed trans-

fer learning structure, including physics extraction with Dynamic

Mode Decomposition with Control (DMDc), conversion to image

representations with Continuous Wavelet Transform (CWT) and

classification with Deep Convolutional Neural Network (DCNN)

based transter learning structure| . . . . . . .. ... ...




[3.2  Representation of the overall case study tfor the physics-informed |
| transfer learning workflow to demonstrate the tault injection from |
[ sensor and actuator] . . . . ... .. 33
[3.3  Model for the simulation framework of the physics-informed trans- |
[ fer learning workflow to demonstrate the fault injection from sensor |
[ andactuator] . .. ... ... .. ... ... ... 34
[3.4  Singular values for a sample run of physics-informed transter learn- |

ing case study model and their cumulative energy behavior| . . . . 36

B5

Dynamic Mode Decomposition with Control (DMDc) modes for a |

sample run ot case study model based on the first seven singular |

values respectively| . . . . .. ..o oo 37

3.0

Time-frequency representation of first 2 Dynamic Mode Decompo-

sition with Control (DMDc) modes with L' =1 for nominal (left),

actuator bias (middle) and sensor bias (right) scenarios| . . . . . . 38
. . . . . / . .

ing (left), validation (middle) and test (right) data sets on the fault |

| cause assignment study|. . . . . .. ... 40
3.8  Network filter weights of first convolutional layer of GoogleNet |
convolutional neural network (GoogLeNet) after the retraining| . . 41
3.9 Actuator bias fault scenario activations of the Googl.eNet convolu- |
tional neural network (GoogLeNet) model structure for L' =1 . . 42
3.10 Strongest channel for time-frequency representation of actuator

bias fault scenario for L' =1 (top), L' = 0.1 (middle) and L" =10

(bottom)|. . . . . . ... 43

3.11

Extracted Dynamic Mode Decomposition with Control (DMDc) |

modes for a sample run ot ball-bearing data set based on the first |

six singular values in the hierarchical order.| . . . . . . . . .. .. 45

B12

Time-frequency representation of combined first 6 Dynamic Mode
Decomposition (DMD) modes various labels for ball-bearing data

set (from left to right: nominal, inner race, ball and outer race labels).| 46

[3.13 Confusion matrix results of ball bearing data set for tfault classifi- |
| cation in training (left), and test (right) data sets| . . . . . . . .. 48
4.1 'T-type impedance matching network configuration| . . . . . . .. 50
[4.2  Real and imaginary part for the feasible range ot the load impedance

for both L-type and T-type impedance matching networks show-

ing all possible load impedance configurations that can be matched

with the source impedance with corresponding impedance match-

ing networks|. . . . . .. ... 53




X1

Admittance Smith Chart for the feasible range ot the load impedance

for both L-type and T-type impedance matching networks show-

ing all possible load impedance configurations that can be matched

with the source impedance with corresponding impedance match-

Ing networks|. . . . . . . . ...

54

Overall application workflow for the feedback variable selection pro-

cedure with the key step of novel coupling metric calculation| . . .

o6

Coupling quantification methodology workflow to calculate the novel

coupling metric, including Multi-input Multi-output (MIMO) Fre-

quency Response Function (FRF) identification, Relative Gain Ar-

ray (RGA) and Interaction Index calculation and obtaining Hs norm| 57

Sample Relative Gain Array (RGA) for the scenario 5 with Mag-

havior for high-frequency range| . . . . . . . . . .. ... ... ..

Sample interaction index ¢ for the scenario 5 with Magnitude and

Phase of Reflection Coeflicient as feedback variables showing low

coupling for the low-frequency range and coupled behavior for high-

frequency range| . . . . . . ... Lo

Interaction index ¢ with respect to frequency for L-Type up con-

verting network for all possible scenarios| . . . . .. ... ... ..

Interaction index ¢ with respect to frequency for L-Type up con-

verting network for all possible scenarios with a zoomed y-axis.|

Interaction index ¢ with respect to frequency for T-Type network

for all possible scenarios| . . . . .. . ... ... ... ... ...

Interaction index ¢ with respect to frequency for T-Type network

for all possible scenarios with a zoomed y-axis| . . . . . . ... ..

Convergence of the selected 121 Z; configurations with L-type up

converting network, and magnitude and phase of impedance as

teedback variables where blue corresponds convergent and red cor-

responds non-convergent samples.| . . . . ... ... L.

Convergence of the selected 121 Z7 configurations with L-type up

converting network, and real and imaginary part of the admittance

as feedback variables where blue corresponds convergent and red

corresponds non-convergent samples.| . . . .. ..o

RFIM transmission line effect error recovery methodology worktlow

including default transmission line, cancellation of transmission line

effect with the inverse model, and optimization with virtual tran-

70



xii

Block diagram representation of the transmission line study show-

ing the Nonlinear System Dynamics as well as Feedforward and

Feedback Controllers. Optimal Feedback Transtormation repre-

sents the idea introduced in the previous chapter. Reference is

reshaped including transmission line impedance, the inverse model

for cancellation and virtual transmission line model with optimal

cable length| . . . . . . . ... oo 71
5.3 Capacitor phase plane for a middle load impedance configuration to |
be able to graphically observe the nonlinear behavior ot the Radio |
Frequency Impedance Matching (RFIM) system which indicates |
the behavior of capacitor routes| . . . . . . . ... ... ... ... 72

L-type up-converting impedance matching network configuration

with transmission line impedance highlighted on the source impedance

section of the Radio Frequency Impedance Matching (RFIM) system| 73

Sample transmission line impedance over time for Z; = 25.186 +

30.603¢ with initial capacitor positions of 100% for both capacitors.|

74

Cost function .Jo for different cable length parameters with [ =

2—100ft to determine the optimal cable length| . . . . . . . . ..

5

Cost function J4 for different cable length parameters with [ =

2—100ft to determine the optimal cable length{ . . . . . . . . ..

The performance demonstration with time vs |I'| graphs for case 0

76
|

(top left), 1 (top right), 2 (bottom left) and 3 (bottom right)| . . .

7

The performance demonstration with time vs [I'| graphs for case 0

(top left), 1 (top right), 2 (bottom left) and 3 (bottom right), with

5% Gaussian noise on sensors.) . . . . . ... ...

78

5.10

The performance demonstration with time vs |I'| graphs for case 0

(top left), 1 (top right), 2 (bottom left) and 3 (bottom right), with

5% parameter uncertainty for transmission line parameters.|. . . .

79



Xiil

List of Tables

[2.1 Behavioral matching process results using Simulink Degign Opti- |
mization Tool (SLDO) for the mechatronics test bed case study in |
the Smart Predictive Maintenance (SPM) framework . . . . . . . 15
[2.2  Ball-and-beam detfault system parameters to be utilized in the frac- |
| tional fingerprints on Smart Predictive Maintenance (SPM) study| 27

[3.1  Overall classification accuracy levels for each data set for the physics- |
[ informed transfer learning introductory case study{. . . . . . . . . 39

[4.1 The parameter set for the impedance matching network of the |
| Radio Frequency Impedance Matching (RFIM) benchmark system |
[ with L3 components for the T-type networkl . . . . . . . . . ... 53
4.2  Candidate feedback scenarios determined for the Radio Frequency
Impedance Matching (RFIM) system for the possible nonlinear
| transformations of the impedance feedback|{ . . . . . . . .. .. .. o7
4.3 Interaction coefficients for all teedback scenarios for two network |
[ types to show the best decoupled scenario with the lowest coupling |

Cmelrdd . . . . o o 64
[>.1 "T'he parameter set for the impedance matching network ot the Ra- |
| dio Frequency Impedance Matching (RFIM) benchmark system| . 70
[5.2  Performance ot the proposed transmission line error recovery method- |
[ ology|. ... 76
[5.3  Performance of the proposed transmission line error recovery method- |
| ology with 5% mnoise on sensors| . . . . ... ... ... ... ... 80

[>.4  Performance ot the proposed transmission line error recovery method- |
| ology with 5% parameter uncertainty for transmission line parameters| 80




Xiv

Abbreviations

AT Artificial Intelligence

AlexNet AlexNet convolutional neural network
ANOVA Analysis of Covariance

BD Big Data

CS Cloud Systems

CWT Continuous Wavelet Transform

DC Direct Current

DCNN Deep Convolutional Neural Network

DL Deep Learning

DMD Dynamic Mode Decomposition

DMDc Dynamic Mode Decomposition with Control
DT Digital Twins

DWT Discrete Wavelet Transform

EC Edge Computing

FOPTD First Order Plus Time Delay

FRF Frequency Response Function

GoogLeNet GoogleNet convolutional neural network
HIL Hardware-in-the-Loop

IAT Industrial Artificial Intelligence

IDC International Data Corporation



ILSVRC ImageNet Large Scale Visual Recognition Challenge
IoT Internet of Things

MIMO Multi-input Multi-output

ML Machine Learning

NSF Natural Sciences Foundation

ResNet Residual neural Network

RF Radio Frequency

RFIM Radio Frequency Impedance Matching
RGA Relative Gain Array

SAS Smart and Autonomous Systems

SBD Smart Big Data

SI The International System of Units
SINAD Signal-to-Noise and Distortion Ratio
SLDO Simulink Design Optimization Tool
SNR Signal-to-Noise Ratio

SPM Smart Predictive Maintenance

STD Standart Deviation

STFT Short-Time Fourier Transform

WVD Wigner-Ville Distribution

XV



XVvi

Acknowledgments

I would like to show my gratitude for everyone who played a key role through-
out the completion of this work. First and foremost, I want to thank my
advisor, Professor YangQuan Chen, who is not only guided me through the
expedition of research excellence, but also became a lighthouse in my personal
growth.

I would like to extend my sincere thanks to my committee members, Profes-
sor Ricardo Pinto de Castro, Professor Sachin Goyal and Professor Jian-Qiao
Sun. The help they provided to develop my research and methodology was an
integral part of this journey.

I would also like to recognize my colleagues from the Mechatronics, Em-
bedded Systems, and Automation Lab, including but definitely not limited to:
Jairo Viola, Di An, Justus Nwoke and Rafal Krzysiak. Our discussions and
collaborations helped me to push the boundary.

I want to say special thanks to my friends from thousands of kilometers
away, Oguzhan Kucuk, Caglar Oksuz and Kerem Senel, regardless of the time
difference, our fellowship was always with me.

I wish to send the most heartfelt thanks to my parents, Nazan, Omer,
Aysun and Aydan, for all the opportunities they provided us by hard work
and affection. This wouldn’t be possible without your lifelong support. Special
thanks for the greatest sister and partner in crime, Buse, for her unlimited joy
of life.

And finally, biggest credit goes to my dearest wife, Gokce. Thank you for
believing in me way more than I did, pushing me forward and giving me a
reason to achieve.



xXvii
Abstract

Smart Predictive Maintenance Enabled by Digital Twins and Physics
Informed Smart Big Data

by Furkan Guc

Doctor of Philosophy in Mechanical Engineering, University of California,
Merced

In classical control engineering, optimality and robustness have been the main
concerns of the control design and maintaining good performance. On the
other hand, the third main concern can be considered as smartness with the
inevitable grow of Digital Transformation and Industry 4.0 together with the
influence of key enabling technologies like Artificial Intelligence (AI), Machine
Learning (ML), Big Data (BD) and Edge Computing (EC). These core tech-
nologies enable users to increase capabilities of the systems not only for the
design of the complex structures with smart control applications but also for
maintaining a successful operation afterwards. For this reason, smartness
can be considered as one of the most important requirements of maintenance
strategies. Many engineering applications require a proper maintenance strat-
egy to address the degradation and failure in the machines, processes and
complex systems. In this context, maintenance methodologies play a key role
depending on the application type and complexity of the requirements. Reac-
tive and preventive maintenance strategies lead high downtime or waste useful
life where they are not handy for a proper maintenance of complex systems. On
the other hand, predictive maintenance strategy enables users to find optimal
time and part selection to reduce downtime and maximize equipment lifetime.
With the introduction of smartness to the predictive maintenance, a new fron-
tier of Smart Predictive Maintenance (SPM) is aimed in this thesis to address
main obstacles of traditional predictive maintenance workflow. To introduce
smartness into the predictive maintenance framework, key enabling technolo-
gies of Digital Twins (DT) and physics-informed Smart Big Data (SBD) is
utilized. To enhance the framework, development of the Digital Twin with be-
havioral matching process and utilization of existing knowledge in the Smart
Big Data is demonstrated. The argument of the SPM is supported by a set
of case studies including physics-informed transfer learning for fault classifi-
cation, smart selection of control elements and error recovery for the Radio
Frequency Impedance Matching (RFIM) system. Results of the example stud-
ies show that SPM is a new and effective systematic approach that can improve
maintenance strategies, health monitoring and fault diagnosis applications.
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