LIST OF PUBLICATIONS

Refereed Journal Papers

e Aneesh G Nath, Sanjay Kumar singh, Sandeep S. Udmale, ”Role of artificial
intelligence in rotor fault diagnosis: a comprehensive review”. Artif Intell Rev
54, 2609-2668 (2021).

e Aneesh G Nath, Sanjay Kumar singh, Anshul Sharma, Sandeep S. Udmale, ” An
Early Classification Approach for Improving Structural Rotor Fault Diagnosis.”
IEEE Transactions on Instrumentation and Measurement . 2021, vol. 70, pp.
1-13.

e Aneesh G Nath, Sanjay Kumar singh, Sandeep S. Udmale, Divyanshu Raghuwan-
shi, "Improved Structural Rotor Fault Diagnosis using Multi-sensor Fuzzy Recur-
rence Plots and Classifier Fusion,” in IEEE Sensors Journal, vol. 21, no. 19, pp.
21705-21717, 1 Oct.1, 2021.

e Aneesh G Nath, Sanjay Kumar singh, Sandeep S. Udmale, Divyanshu Raghuwan-
shi, “Structural Rotor Fault Diagnosis using Attention-based sensor Fusion and
Transformers” in IEEE Sensors Journal, vol. 22, no. 1, pp. 707-719, 1 Jan.1,
2022.

Book chapters

e Aneesh G Nath, Sanjay Kumar Singh, “Deep Learning-based security preservation

of IoT: An industrial machine health monitoring scenario”, Deep learning for

security and privacy preservation in IoT, Springer (Accepted).



References

1]

X. Dai and Z. Gao, “From model, signal to knowledge: A data-driven perspective
of fault detection and diagnosis,” IEFEE Transactions on Industrial Informatics,
2013, vol. 9, no. 4, pp. 2226-2238.

A. Bellini, F. Filippetti, C. Tassoni, and G.-A. Capolino, “Advances in diagnostic
techniques for induction machines,” IEEE Transactions on Industrial Electronics,
2008, vol. 55, no. 12, pp. 4109-4126.

P. Henriquez, J. B. Alonso, M. A. Ferrer, and C. M. Travieso, “Review of auto-
matic fault diagnosis systems using audio and vibration signals,” IEEE Trans-
actions on Systems, Man, and Cybernetics: Systems, 2013, vol. 44, no. 5, pp.
642-652.

A. Angelopoulos, E. T. Michailidis, N. Nomikos, P. Trakadas, A. Hatziefremidis,
S. Voliotis, and T. Zahariadis, “Tackling faults in the industry 4.0 era—a survey

of machine-learning solutions and key aspects,” Sensors, 2020, vol. 20, no. 1, p.
109.

J. Lee, H. Davari, J. Singh, and V. Pandhare, “Industrial artificial intelligence for
industry 4.0-based manufacturing systems,” Manufacturing letters, 2018, vol. 18,
pp- 20-23.

F. Ansari, S. Erol, and W. Sihn, “Rethinking human-machine learning in industry
4.0: How does the paradigm shift treat the role of human learning?” Procedia
Manufacturing, 2018, vol. 23, pp. 117-122.

A. Prudius, A. Karpunin, and A. Vlasov, “Analysis of machine learning methods
to improve efficiency of big data processing in industry 4.0,” in Journal of Physics:

Conference Series, vol. 1333, no. 3. IOP Publishing, 2019, p. 032065.

P. Chen, “Foundation and application of condition diagnosis technology for ro-

tating machinery,” Sankeisha Press, Japan, 2009, pp. 49-51.



References 145

[9]

[10]

[11]

[12]

[13]

[14]

[16]

[17]

P. A. Delgado-Arredondo, A. Garcia-Perez, D. Morinigo-Sotelo, R. A. Osornio-
Rios, J. G. Avina-Cervantes, H. Rostro-Gonzalez, and R. d. J. Romero-Troncoso,
“Comparative study of time-frequency decomposition techniques for fault detec-

tion in induction motors using vibration analysis during startup transient,” Shock
and Vibration, 2015, vol. 2015.

A. G Nath, S. S Udmale, and S. Kumar Singh, “Role of artificial intelligence
in rotor fault diagnosis: a comprehensive review,” Artificial Intelligence Review,
2021, vol. 54, no. 4, pp. 2609-2668.

S. Guoji, S. McLaughlin, X. Yongcheng, and P. White, “Theoretical and exper-
imental analysis of bispectrum of vibration signals for fault diagnosis of gears,”

Mechanical Systems and Signal Processing, 2014, vol. 43, no. 1-2, pp. 76-89.

X. Chen, S. Wang, B. Qiao, and Q). Chen, “Basic research on machinery fault di-
agnostics: Past, present, and future trends,” Frontiers of Mechanical Engineering,
2018, vol. 13, no. 2, pp. 264-291.

S. Devendiran and K. Manivannan, “Vibration based condition monitoring and
fault diagnosis technologies for bearing and gear components-a review,” Interna-
tional Journal of Applied Engineering Research, 2016, vol. 11, no. 6, pp. 3966—
3975.

D. Wang, K.-L. Tsui, and Q. Miao, “Prognostics and health management: A
review of vibration based bearing and gear health indicators,” IEEE Access, 2017,
vol. 6, pp. 665—676.

S. Zhang, S. Zhang, B. Wang, and T. G. Habetler, “Machine learning and deep
learning algorithms for bearing fault diagnostics-a comprehensive review,” arXiv
preprint arXiw:1901.08247, 2019.

H. Xue, H. Wang, P. Chen, K. Li, and L. Song, “Automatic diagnosis method for
structural fault of rotating machinery based on distinctive frequency components

and support vector machines under varied operating conditions,” Neurocomput-
ing, 2013, vol. 116, pp. 326-335.

Z. Xia, S. Xia, L. Wan, and S. Cai, “Spectral regression based fault feature
extraction for bearing accelerometer sensor signals,” Sensors, 2012, vol. 12, no. 10,
pp. 13694-13719.



146

References

[18]

[19]

[20]

[21]

23]

[24]

[25]

[26]

[27]

R. Fang and H. Ma, “Application of mcsa and svm to induction machine rotor
fault diagnosis,” in 2006 6th World Congress on Intelligent Control and Automa-
tion, vol. 2. IEEE, 2006, pp. 5543-5547.

W. Li, Y. Tsai, and C. Chiu, “The experimental study of the expert system
for diagnosing unbalances by ann and acoustic signals,” Journal of Sound and
Vibration, 2004, vol. 272, no. 1-2, pp. 69-83.

M. Saimurugan and K. Ramachandran, “A comparative study of sound and vibra-
tion signals in detection of rotating machine faults using support vector machine
and independent component analysis,” International Journal of Data Analysis
Techniques and Strategies, 2014, vol. 6, no. 2, pp. 188-204.

S. Langarica, C. Riiffelmacher, and F. Nunez, “An industrial internet applica-
tion for real-time fault diagnosis in industrial motors,” IFEE Transactions on

Automation Science and Engineering, 2019, vol. 17, no. 1, pp. 284-295.

M. Timusk, M. Lipsett, and C. K. Mechefske, “Fault detection using transient
machine signals,” Mechanical Systems and Signal Processing, 2008, vol. 22, no. 7,
pp. 1724-1749.

N. S. Vyas and D. Satishkumar, “Artificial neural network design for fault identifi-
cation in a rotor-bearing system,” Mechanism and Machine Theory, 2001, vol. 36,
no. 2, pp. 157-175.

M. Tajik, S. Movasagh, M. A. Shoorehdeli, and I. Yousefi, “Gas turbine shaft
unbalance fault detection by using vibration data and neural networks,” Interna-
tional Conference on Robotics and Mechatronics, ICROM 2015, 2015, pp. 308—
313.

S. F. Yuan and F. L. Chu, “Support vector machines-based fault diagnosis for

2

turbo-pump rotor,” Mechanical Systems and Signal Processing, 2006, vol. 20,

no. 4, pp. 939-952.

R. B. Walker, R. Vayanat, S. Perinpanayagam, and I. K. Jennions, “Unbalance
localization through machine nonlinearities using an artificial neural network ap-
proach,” Mechanism and Machine Theory, 2014, vol. 75, pp. 54-66.

P. Konar, J. Sil, and P. Chattopadhyay, “Knowledge extraction using data mining
for multi-class fault diagnosis of induction motor,” Neurocomputing, 2015, vol.
166, pp. 14-25.



References 147

28]

[29]

[30]

[31]

32]

[33]

[34]

[35]

[36]

A. M. Younus and B. S. Yang, “Intelligent fault diagnosis of rotating machinery
using infrared thermal image,” Fxpert Systems with Applications, 2012, vol. 39,
no. 2, pp. 2082-2091.

J. Uddin, M. Kang, D. V. Nguyen, and J.-M. Kim, “Reliable fault classification of
induction motors using texture feature extraction and a multiclass support vector

machine,” Mathematical Problems in Engineering, 2014, vol. 2014.

M. Tajik, S. Movasagh, M. A. Shoorehdeli, and I. Yousefi, “Gas turbine shaft un-
balance fault detection by using vibration data and neural networks,” in 2015 3rd
RSI International Conference on Robotics and Mechatronics (ICROM). 1EEE,
2015, pp. 308-313.

I. Guyon and A. Elisseeff, “An introduction to variable and feature selection,”

Journal of machine learning research, 2003, vol. 3, no. Mar, pp. 1157-1182.

W. Fengqi and G. Meng, “Compound rub malfunctions feature extraction based
on full-spectrum cascade analysis and SVM,” Mechanical Systems and Signal
Processing, 2006, vol. 20, no. 8, pp. 2007-2021.

M. J. Roemer, C. A. Hong, and S. H. Hesler, “Machine health monitoring and life
management using finite element based neural networks,” Journal of Engineering
for Gas Turbines and Power, 1996, vol. 118, no. 4, pp. 830-835.

W.Y. Chen, J. X. Xu, and S. K. Panda, “A study on automatic machine condition
monitoring and fault diagnosis for bearing and unbalanced rotor faults,” Proceed-
ings - ISIE 2011: 2011 IEEFE International Symposium on Industrial Electronics,
2011, pp. 2105-2110.

S. Yusuf, D. J. Brown, A. MacKinnon, and R. Papanicolaou, “Fault classification
improvement in industrial condition monitoring via hidden markov models and
naive bayesian modeling,” ISIEA 2013 - 2013 IEEE Symposium on Industrial
Electronics and Applications, 2013, pp. 75-80.

B. G. Xu, “Intelligent fault inference for rotating flexible rotors using Bayesian
belief network,” Ezpert Systems with Applications, 2012, vol. 39, no. 1, pp. 816—
822.

N. T. Nguyen, H. H. Lee, and J. M. Kwon, “Optimal feature selection using
genetic algorithm for mechanical fault detection of induction motor,” Journal of
Mechanical Science and Technology, 2008, vol. 22, no. 3, pp. 490-496.



148

References

[38]

[41]

[43]

[44]

[46]

J. C. Quiroz, N. Mariun, M. R. Mehrjou, M. Izadi, N. Misron, and M. A. Mohd
Radzi, “Fault detection of broken rotor bar in LS-PMSM using random forests,”
Measurement: Journal of the International Measurement Confederation, 2018,
vol. 116, no. November 2017, pp. 273-280.

A. Glowacz, “Acoustic based fault diagnosis of three-phase induction motor,”
Applied Acoustics, 2018, vol. 137, no. February, pp. 82-89.

I. Martin-Diaz, D. Morinigo-Sotelo, O. Duque-Perez, and R. J. Romero-Troncoso,
“An Experimental Comparative Evaluation of Machine Learning Techniques for
Motor Fault Diagnosis under Various Operating Conditions,” IEEE Transactions
on Industry Applications, 2018, vol. 54, no. 3, pp. 2215-2224.

G. Niu, A. Widodo, J. D. Son, B. S. Yang, D. H. Hwang, and D. S. Kang,
“Decision-level fusion based on wavelet decomposition for induction motor fault
diagnosis using transient current signal,” Expert Systems with Applications, 2008,
vol. 35, no. 3, pp. 918-928.

O. Janssens, V. Slavkovikj, B. Vervisch, K. Stockman, M. Loccufier, S. Verstockt,
R. Van de Walle, and S. Van Hoecke, “Convolutional Neural Network Based Fault
Detection for Rotating Machinery,” Journal of Sound and Vibration, 2016, vol.
377, pp. 331-345.

Y. Lei, F. Jia, J. Lin, S. Xing, and S. X. Ding, “An Intelligent Fault Diagnosis
Method Using Unsupervised Feature Learning Towards Mechanical Big Data,”
IEEFE Transactions on Industrial Electronics, 2016, vol. 63, no. 5, pp. 3137-3147.

X. Zhao, J. Wu, Y. Zhang, Y. Shi, and L. Wang, “Fault diagnosis of motor in fre-
quency domain signal by stacked de-noising auto-encoder,” Computers, Materials
and Continua, 2018, vol. 57, no. 2, pp. 223-242.

H. Oh, B. C. Jeon, J. H. Jung, and B. D. Youn, “Smart diagnosis of journal
bearing rotor systems: Unsupervised feature extraction scheme by deep learning,”

Proceedings of the Annual Conference of the Prognostics and Health Management
Society, PHM, 2016, vol. 2016-October, pp. 109-116.

J. Lei, C. Liu, and D. Jiang, “Fault diagnosis of wind turbine based on Long
Short-term memory networks,” Renewable Energy, 2019, vol. 133, pp. 422-432.



References 149

[47]

[48]

[51]

[53]

[54]

[55]

G. P. Liao, W. Gao, G. J. Yang, and M. F. Guo, “Hydroelectric Generating Unit
Fault Diagnosis Using 1-D Convolutional Neural Network and Gated Recurrent
Unit in Small Hydro,” IEEE Sensors Journal, 2019, vol. 19, no. 20, pp. 9352-9363.

P. Pennacchi, N. Bachschmid, A. Vania, G. A. Zanetta, and L. Gregori, “Use
of modal representation for the supporting structure in model-based fault iden-
tification of large rotating machinery: part 1-—theoretical remarks,” Mechanical
Systems and Signal Processing, 2006, vol. 20, no. 3, pp. 662—681.

N. Bachschmid, P. Pennacchi, and A. Vania, “Identification of multiple faults in
rotor systems,” Journal of sound and vibration, 2002, vol. 254, no. 2, pp. 327-366.

R. Ricci and P. Pennacchi, “Diagnostics of gear faults based on emd and automatic
selection of intrinsic mode functions,” Mechanical Systems and Signal Processing,
2011, vol. 25, no. 3, pp. 821-838.

W. Li, Z. Zhu, F. Jiang, G. Zhou, and G. Chen, “Fault diagnosis of rotating
machinery with a novel statistical feature extraction and evaluation method,”
Mechanical Systems and Signal Processing, 2015, vol. 50, pp. 414-426.

V. Rai and A. Mohanty, “Bearing fault diagnosis using fft of intrinsic mode func-

b

tions in hilbert—huang transform,” Mechanical Systems and Signal Processing,

2007, vol. 21, no. 6, pp. 2607-2615.

L. Cui, J. Huang, and F. Zhang, “Quantitative and localization diagnosis of a de-
fective ball bearing based on vertical-horizontal synchronization signal analysis,”
IEEE Transactions on Industrial Electronics, 2017, vol. 64, no. 11, pp. 8695-8706.

E. Oztemel and S. Gursev, “Literature review of industry 4.0 and related tech-

nologies,” Journal of Intelligent Manufacturing, 2020, vol. 31, no. 1, pp. 127-182.

R. Liu, B. Yang, E. Zio, and X. Chen, “Artificial intelligence for fault diagnosis of
rotating machinery: A review,” Mechanical Systems and Signal Processing, 2018,
vol. 108, pp. 33-47.

R. Zhao, R. Yan, Z. Chen, K. Mao, P. Wang, and R. X. Gao, “Deep learning and
its applications to machine health monitoring,” Mechanical Systems and Signal
Processing, 2019, vol. 115, pp. 213-237.

Y. Wei, Y. Li, M. Xu, and W. Huang, “A review of early fault diagnosis ap-
proaches and their applications in rotating machinery,” Entropy, 2019, vol. 21,
no. 4, p. 409.



150 References

[58] M. MacCambhaoil, “Static and dynamic balancing of rigid rotors,” Bruel & Kjaer
application notes, BO, 2016, pp. 0276—-12.

[59] S. Bognatz, “Alignment of critical and non critical machines,” Orbit, 1995, vol. 4,
pp. 23-25.

[60] T. Wu, Y. Chung, and C. Liu, “Looseness diagnosis of rotating machinery via
vibration analysis through hilbert—huang transform approach,” Journal of Vibra-
tion and Acoustics, 2010, vol. 132, no. 3, p. 031005.

[61] F. Fahy and D. Thompson, Fundamentals of sound and vibration, 2nd ed. Boca
Raton, FL: CRC Press, 2014.

[62] T. H. Patel and A. K. Darpe, “Coupled bending-torsional vibration analysis of
rotor with rub and crack,” Journal of Sound and Vibration, 2009, vol. 326, no.
3-5, pp. 740-752.

[63] S. MA Cruz, AJ Marques Cardoso, “Rotor cage fault diagnosis in three-phase
induction motors by extended park’s vector approach,” FElectric Machines é&Power
Systems, 2000, vol. 28, no. 4, pp. 289-299.

[64] A. H. Bonnett, “Root cause ac motor failure analysis with a focus on shaft fail-
ures,” IEFE transactions on industry applications, 2000, vol. 36, no. 5, pp. 1435—
1448.

[65] V. Hariharan and P. Srinivasan, “Vibration analysis of misaligned shaft vibration
analysis of misaligned shaft—ball bearing system ball bearing system ball bearing
system,” Indian Journal of Science and Technology, 2009, vol. 2, no. 9.

[66] G. H. Bate, “Vibration diagnostics for industrial electric motor drives,” in Appli-
cation Notes. Bruel & Kjaer, Nacrum, 1987.

[67] J. Mais, “Spectrum analysis: the key features of analyzing spectra,” SKF USA,
Inc, 2002.

[68] J. Alsalaet, “Vibration analysis and diagnostic guide,” University of Basrah, 2012.

[69] M. Nakhaeinejad and S. Ganeriwala, “Observations on dynamic responses of mis-
alignments,” Technologial Notes. SpectraQuest Inc, 2009.

[70] H. Ma, X. Zhao, Y. Teng, and B. Wen, “Analysis of dynamic characteristics for

a rotor system with pedestal looseness,” Shock and vibration, 2011, vol. 18, no.
1-2, pp. 13-27.



References 151

[71]

73]

[76]

[79]

[80]

A. Darpe, K. Gupta, and A. Chawla, “Dynamics of a bowed rotor with a trans-
verse surface crack,” Journal of Sound and Vibration, 2006, vol. 296, no. 4-5, pp.

888-907.

A. Lees, J. Sinha, and M. Friswell, “Model-based identification of rotating ma-
chines,” Mechanical Systems and Signal Processing, 2009, vol. 23, no. 6, pp. 1884—
1893.

N. Wang, D. Jiang, and T. Han, “Dynamic characteristics of rotor system and
rub-impact fault feature research based on casing acceleration,” Journal of Vi-
broengineering, 2016, vol. 18, no. 3, pp. 1525-1539.

M.-Y. Chow, P. M. Mangum, and S. O. Yee, “A neural network approach to real-
time condition monitoring of induction motors,” IEEE Transactions on industrial
electronics, 1991, vol. 38, no. 6, pp. 448-453.

T. Yu and Q. Han, “Crack fault identification in rotor shaft with artificial neural
network,” Proceedings - 2010 6th International Conference on Natural Computa-
tion, ICNC 2010, 2010, vol. 3, no. Icnc, pp. 1629-1634.

T. Hassan, A. El-Shafei, Y. Zeyada, and N. Rieger, “Comparison of neural net-
work architectures for machinery fault diagnosis,” in Turbo Fxpo: Power for Land,
Sea, and Aur, vol. 36843, 2003, pp. 415-424.

A. El-Shafei, T. A. Hassan, A. K. Soliman, Y. Zeyada, and N. Rieger, “Neural
network and fuzzy logic diagnostics of 1x faults in rotating machinery,” Journal
of Engineering for Gas Turbines and Power, 2007, vol. 129, no. 3, pp. 703-710.

M. C. S. Reddy and A. S. Sekhar, “Application of artificial neural networks for
identification of unbalance and looseness in rotor bearing system,” International

Journal of Applied Science and Engineering, 2013, vol. 11, no. 1, pp. 69-84.

N. Singh, Sukhjeet Kumar, “Rotor faults diagnosis using artificial neural networks
and support vector machines,” International Journal of Acoustics and Vibrations,
2015, vol. 20, no. 4, pp. 153-159.

W. Li, Z. Zhu, F. Jiang, G. Zhou, and G. Chen, “Fault diagnosis of rotating
machinery with a novel statistical feature extraction and evaluation method,”
Mechanical Systems and Signal Processing, 2015, vol. 50-51, pp. 414-426.



152

References

[81]

[82]

[83]

[84]

[86]

[87]

[33]

[89]

G. F. Bin, J. J. Gao, X. J. Li, and B. S. Dhillon, “Early fault diagnosis of rotat-
ing machinery based on wavelet packets - Empirical mode decomposition feature
extraction and neural network,” Mechanical Systems and Signal Processing, 2012,
vol. 27, no. 1, pp. 696-711.

A. Sadeghian, Z. Ye, and B. Wu, “Online detection of broken rotor bars in in-
duction motors by wavelet packet decomposition and artificial neural networks,”

IEEE Transactions on Instrumentation and Measurement, 2009, vol. 58, no. 7,
pp. 2253-2263.

C. S. Chen and J. S. Chen, “Rotor fault diagnosis system based on sGA-based

2

individual neural networks,” FEzpert Systems with Applications, 2011, vol. 38,

no. 9, pp. 10822-10830.

H. Srinivas, K. Srinivasan, and K. Umesh, “Application of Artificial Neural Net-
work and Wavelet Transform for Vibration Analysis of Combined Faults of Unbal-
ances and Shaft Bow,” Adv. Theor. Appl. Mech, 2010, vol. 3, no. 4, pp. 159-176.

X. Pang, J. Shao, X. Xue, and W. Jiang, “Application of axis orbit image opti-
mization in fault diagnosis for rotor system,” International Journal of Rotating
Machinery, 2020, vol. 2020.

Y. Lei, F. Jia, J. Lin, S. Xing, and S. X. Ding, “An Intelligent Fault Diagnosis
Method Using Unsupervised Feature Learning Towards Mechanical Big Data,”
IEEE Transactions on Industrial Electronics, 2016, vol. 63, no. 5, pp. 3137-3147.

Q. Jiang, Y. Shen, H. Li, and F. Xu, “New fault recognition method for rotary
machinery based on information entropy and a probabilistic neural network,”
Sensors, 2018, vol. 18, no. 2, p. 337.

A. Widodo and B. S. Yang, “Wavelet support vector machine for induction ma-
chine fault diagnosis based on transient current signal,” Fxpert Systems with Ap-
plications, 2008, vol. 35, no. 1-2, pp. 307-316.

M. Kang and J. M. Kim, “Singular value decomposition based feature extraction
approaches for classifying faults of induction motors,” Mechanical Systems and
Signal Processing, 2013, vol. 41, no. 1-2, pp. 348-356.

H. Keskes, A. Braham, and Z. Lachiri, “Broken rotor bar diagnosis in induction
machines through stationary wavelet packet transform and multiclass wavelet
SVM,” Electric Power Systems Research, 2013, vol. 97, pp. 151-157.



References 153

[91]

[92]

[93]

[94]

[95]

[96]

[97]

[98]

J. Zhang, W. Ma, J. Lin, L. Ma, and X. Jia, “Fault diagnosis approach for
rotating machinery based on dynamic model and computational intelligence,”
Measurement: Journal of the International Measurement Confederation, 2015,
vol. 59, pp. 73-87.

H. Malik and S. Mishra, “Proximal Support Vector Machine (PSVM) Based Im-
balance Fault Diagnosis of Wind Turbine Using Generator Current Signals,” En-
erqy Procedia, 2016, vol. 90, no. December 2014, pp. 593—603.

C. W. Fei, G. C. Bai, W. Z. Tang, and S. Ma, “Quantitative diagnosis of rotor
vibration fault using process power spectrum entropy and support vector machine
method,” Shock and Vibration, vol. 2014, no. 10, pp. 269-278.

X. Tang, L. Zhuang, J. Cai, and C. Li, “Multi-fault classification based on support
vector machine trained by chaos particle swarm optimization,” Knowledge-Based
Systems, 2010, vol. 23, no. 5, pp. 486-490.

O. Janssens, R. Schulz, V. Slavkovikj, K. Stockman, M. Loccufier, R. Van De
Walle, and S. Van Hoecke, “Thermal image based fault diagnosis for rotating

machinery,” Infrared Physics and Technology, 2015, vol. 73, pp. 78-87.

W. Sun, R. Zhao, R. Yan, S. Shao, and X. Chen, “Convolutional discrimina-
tive feature learning for induction motor fault diagnosis,” IEEE Transactions on
Industrial Informatics, 2017, vol. 13, no. 3, pp. 1350-1359.

S. Fatima, B. Guduri, A. R. Mohanty, and V. N. A. Naikan, “Transducer invariant
multi-class fault classification in a rotor-bearing system using support vector ma-
chines,” Measurement: Journal of the International Measurement Confederation,

2014, vol. 58, pp. 363-374.

B. Pang, G. Tang, C. Zhou, and T. Tian, “Rotor fault diagnosis based on char-
acteristic frequency band energy entropy and support vector machine,” Entropy,
2018, vol. 20, no. 12, p. 932.

I. Aydin, M. Karakose, and E. Akin, “Artificial immune based support vec-
tor machine algorithm for fault diagnosis of induction motors,” International
Aegean Conference on Electrical Machines and Power Electronics and Electromo-
tion ACEMP’07 and Electromotion’07 Joint Conference, 2007, pp. 217-221.



154

References

[100]

[101]

[102]

[103]

[104]

[105]

[106]

107]

[108]

[109]

A. Moosavian, H. Ahmadi, B. Sakhaei, and R. Labbafi, “Support vector machine
and K-nearest neighbour for unbalanced fault detection,” Journal of Quality in

Maintenance Engineering, 2014, vol. 20, no. 1, pp. 65-75.

F. Ruiming and M. Hongzhong, “Application of MCSA and SVM to induction
machine rotor fault diagnosis,” Proceedings of the World Congress on Intelligent
Control and Automation (WCICA), 2006, vol. 2, no. 2, pp. 5543-5547.

L. M. R. Baccarini, V. V. Rocha E Silva, B. R. De Menezes, and W. M. Caminhas,
“SVM practical industrial application for mechanical faults diagnostic,” Fxpert
Systems with Applications, 2011, vol. 38, no. 6, pp. 6980-6984.

J. Kurek and S. Osowski, “Support vector machine for fault diagnosis of the
broken rotor bars of squirrel-cage induction motor,” Neural Computing and Ap-
plications, 2010, vol. 19, no. 4, pp. 557-564.

M. Biet, “Rotor faults diagnosis using feature selection and nearest neighbors rule:
Application to a turbogenerator,” IEEE Transactions on Industrial Electronics,
2013, vol. 60, no. 9, pp. 4063-4073.

M. Biet and A. Bijeire, “Rotor faults diagnosis in synchronous generators using
feature selection and nearest neighbors rule,” SDEMPED 2011 - §th IEEE Sym-
posium on Diagnostics for Electrical Machines, Power Electronics and Drives,
2011, pp. 300-306.

M. Gohari and A. M. Eydi, “Modelling of shaft unbalance: Modelling a multi
discs rotor using k-nearest neighbor and decision tree algorithms,” Measurement,
2020, vol. 151, p. 107253.

P. Karvelis, G. Georgoulas, I. P. Tsoumas, J. A. Antonino-Daviu, V. Climente-
Alarcén, and C. D. Stylios, “A Symbolic Representation Approach for the Diagno-
sis of Broken Rotor Bars in Induction Motors,” IEEE Transactions on Industrial
Informatics, 2015, vol. 11, no. 5, pp. 1028-1037.

J. D. Son, G. Niu, B. S. Yang, D. H. Hwang, and D. S. Kang, “Development of
smart sensors system for machine fault diagnosis,” Ezpert Systems with Applica-
tions, 2009, vol. 36, no. 9, pp. 11981-11 991.

X. Yang, R. Yan, and R. X. Gao, “Induction motor fault diagnosis using mul-

tiple class feature selection,” in 2015 IEEE International Instrumentation and



References 155

[110]

[111]

112]

[113]

[114]

[115]

[116]

[117]

[118]

[119]

Measurement Technology Conference (I2MTC) Proceedings. 1EEE, 2015, pp.
256-260.

J. Wang, S. Liu, R. X. Gao, and R. Yan, “Current envelope analysis for de-
fect identification and diagnosis in induction motors,” Journal of Manufacturing
Systems, 2012, vol. 31, no. 4, pp. 380-387.

J.-S. Jang, “Anfis: adaptive-network-based fuzzy inference system,” IEEFE trans-

actions on systems, man, and cybernetics, 1993, vol. 23, no. 3, pp. 665—-685.

Y. Lei, Z. He, and Y. Zi, “A new approach to intelligent fault diagnosis of rotating
machinery,” Fxpert Systems with Applications, 2008, vol. 35, no. 4, pp. 1593-1600.

Y. Lei, Z. He, Y. Zi, and Q. Hu, “Fault diagnosis of rotating machinery based
on multiple ANFIS combination with GAs,” Mechanical Systems and Signal Pro-
cessing, 2007, vol. 21, no. 5, pp. 2280-2294.

Y. Qiu and S. S. Rao, “A fuzzy approach for the analysis of unbalanced nonlinear
rotor systems,” Journal of Sound and Vibration, 2005, vol. 284, no. 1-2, pp. 299—
323.

X. Xu, D. Cao, Y. Zhou, and J. Gao, “Application of neural network algorithm in
fault diagnosis of mechanical intelligence,” Mechanical Systems and Signal Pro-
cessing, 2020, p. 106625.

N. T. Nguyen and H. H. Lee, “Improvement of induction motor fault diagnosis
performance by using genetic algorithm-based feature selection,” Proceedings of
the Institution of Mechanical Engineers, Part C: Journal of Mechanical Engineer-
ing Science, 2008, vol. 222, no. 8, pp. 1613-1619.

X. Yan, Z. Sun, J. Zhao, Z. Shi, and C.-A. Zhang, “Fault diagnosis of active
magnetic bearing-rotor system via vibration images,” Sensors, 2019, vol. 19,
no. 2, p. 244.

H. Jeong, S. Park, S. Woo, and S. Lee, “Rotating Machinery Diagnostics Using
Deep Learning on Orbit Plot Images,” Procedia Manufacturing, 2016, vol. 5, pp.
1107-1118.

D. Liu, X. Lai, Z. Xiao, X. Hu, and P. Zhang, “Fault diagnosis of rotating ma-
chinery based on convolutional neural network and singular value decomposition,”
Shock and Vibration, 2020, vol. 2020.



156

References

[120]

[121]

[122]

[123]

[124]

[125]

[126]

[127]

[128]

Z. Liu, J. Wang, L. Duan, T. Shi, and Q. Fu, “Infrared image combined with cnn
based fault diagnosis for rotating machinery,” Proceedings - 2017 International
Conference on Sensing, Diagnostics, Prognostics, and Control, SDPC 2017, 2017,
vol. 2017-December, pp. 137-142.

L. Yongbo, D. Xiaogiang, W. Fangyi, W. Xianzhi, and Y. Huangchao, “Rotating
machinery fault diagnosis based on convolutional neural network and infrared
thermal imaging,” Chinese Journal of Aeronautics, 2020, vol. 33, no. 2, pp. 427—
438.

Y. Yao, Y. Li, P. Zhang, B. Xie, and L. Xia, “Data fusion methods for convo-
lutional neural network based on self-sensing motor drive system,” Proceedings:
IECON 2018 - }4th Annual Conference of the IEEE Industrial Electronics Soci-
ety, 2018, vol. 1, pp. 5371-H376.

X. Zhu, D. Hou, P. Zhou, Z. Han, Y. Yuan, W. Zhou, and Q. Yin, “Rotor fault
diagnosis using a convolutional neural network with symmetrized dot pattern
images,” Measurement: Journal of the International Measurement Confederation,

2019, vol. 138, pp. 526-535.

X. Zhu, J. Zhao, D. Hou, and Z. Han, “An SDP characteristic information fusion-
based CNN vibration fault diagnosis method,” Shock and Vibration, 2019, vol.
2019.

W. Yu, S. Huang, and W. Xiao, “Fault Diagnosis Based on an Approach Com-
bining a Spectrogram and a Convolutional Neural Network with Application to
a Wind Turbine System,” Energies, 2018, vol. 11, no. 10, p. 2561.

S. Guo, T. Yang, W. Gao, and C. Zhang, “A novel fault diagnosis method for
rotating machinery based on a convolutional neural network,” Sensors, 2018,
vol. 18, no. 5, p. 1429.

R. Liu, G. Meng, B. Yang, C. Sun, and X. Chen, “Dislocated Time Series Convo-
lutional Neural Architecture: An Intelligent Fault Diagnosis Approach for Electric
Machine,” IEEE Transactions on Industrial Informatics, 2017, vol. 13, no. 3, pp.
1310-1320.

T. Ince, S. Kiranyaz, L. Eren, M. Askar, and M. Gabbouj, “Real-Time Motor
Fault Detection by 1-D Convolutional Neural Networks,” IEEE Transactions on
Industrial Electronics, 2016, vol. 63, no. 11, pp. 7067-7075.



References 157

[129]

[130]

[131]

[132]

[133]

[134]

135

[136]

137]

J. Wang, P. Fu, W. Li, and L. Zhang, “Multimodal deep learning for multiple
motor and sensor faults diagnosis,” in Proceedings of the International Symposium
on Flexible Automation. The Institute of Systems, Control and Information
Engineers, 2018, pp. 366-372.

Z. Xiaoxun, Z. Jianhong, H. Dongnan, and H. Zhonghe, “Research on mechanical
rotor condition monitoring based on VCNN,” Energy Procedia, 2019, vol. 158, pp.
6393-6398.

W. Zhao, C. Hua, D. Wang, and D. Dong, “Fault diagnosis of shaft misalignment
and crack in rotor system based on mi-cnn,” in Proceedings of the 15th Inter-
national Conference on Damage Assessment of Structures. Springer, 2020, pp.
529-540.

M. Sadoughi and C. Hu, “Physics-Based Convolutional Neural Network for Fault
Diagnosis of Rolling Element Bearings,” IEEE Sensors Journal, 2019, vol. 19,
no. 11, pp. 4181-4192.

W. Zhang, G. Peng, C. Li, Y. Chen, and Z. Zhang, “A new deep learning model
for fault diagnosis with good anti-noise and domain adaptation ability on raw

vibration signals,” Sensors, 2017, vol. 17, no. 2, p. 425.

Z. Yuan, L.. Zhang, and L. Duan, “Multi-sourced monitoring fusion diagnosis for
rotating machinery faults,” Proceedings - Annual Reliability and Maintainability

Symposium, 2019, vol. 2019-January, no. 1, pp. 1-7.

N. Sonkul, J. Singh, and N. S. Vyas, “Deep learning protocol for condition mon-
itoring and fault identification in a rotor-bearing system from raw time-domain
data,” in Surveillance, Vishno and AVE conferences. INSA-Lyon, Université de
Lyon, 2019.

Z. Yuan, L. Zhang, and L. Duan, “A novel fusion diagnosis method for rotor
system fault based on deep learning and multi-sourced heterogeneous monitoring
data,” Measurement Science and Technology, 2018, vol. 29, no. 11, p. 115005.

J. Zhang, D. Zhang, M. Yang, X. Xu, W. Liu, and C. Wen, “Fault Diagnosis for
Rotating Machinery with Scarce Labeled Samples: A Deep CNN Method Based
on Knowledge-Transferring from Shallow Models,” ICCAILS 2018 - 7th Interna-
tional Conference on Control, Automation and Information Sciences, 2018, no.
Iccais, pp. 482-487.



158

References

138

[139)]

[140]

[141]

[142]

[143]

[144]

145

[146]

[147]

J. Zhang, J. Tian, T. Wen, X. Yang, Y. Rao, and X. Xu, “Deep fault diagnosis for
rotating machinery with scarce labeled samples,” Chinese Journal of Electronics,

2020, vol. 29, no. 4, pp. 693-704.

X. Xu, H. Zheng, Z. Guo, X. Wu, and Z. Zheng, “Sdd-cnn: Small data-driven
convolution neural networks for subtle roller defect inspection,” Applied Sciences,
2019, vol. 9, no. 7, p. 1364.

S. Langarica, C. Ruffelmacher, and F. Nunez, “An Industrial Internet Applica-
tion for Real-Time Fault Diagnosis in Industrial Motors,” IEEE Transactions on

Automation Science and Engineering, 2019, pp. 1-12.

S. Lu, G. Qian, Q. He, F. Liu, Y. Liu, and Q. Wang, “In situ motor fault diagnosis
using enhanced convolutional neural network in an embedded system,” [EEFE
Sensors Journal, 2019, vol. 20, no. 15, pp. 8287-8296.

Z. Guan, Z. Liao, K. Li, and P. Chen, “A precise diagnosis method of structural
faults of rotating machinery based on combination of empirical mode decompo-

sition, sample entropy, and deep belief network,” Sensors, 2019, vol. 19, no. 3, p.
591.

H. Shao, H. Jiang, H. Zhang, W. Duan, T. Liang, and S. Wu, “Rolling bearing
fault feature learning using improved convolutional deep belief network with com-
pressed sensing,” Mechanical Systems and Signal Processing, 2018, vol. 100, pp.
743-765.

J. Yan, Y. Hu, and C. Guo, “Rotor unbalance fault diagnosis using dbn based on
multi-source heterogeneous information fusion,” Procedia Manufacturing, 2019,
vol. 35, pp. 1184-1189.

S. Shao, W. Sun, P. Wang, R. X. Gao, and R. Yan, “Learning features from
vibration signals for induction motor fault diagnosis,” International Symposium
on Flexible Automation, ISFA 2016, 2016, pp. 71-76.

Z. Li, Y. Wang, and K. Wang, “A deep learning driven method for fault clas-
sification and degradation assessment in mechanical equipment,” Computers in
Industry, 2019, vol. 104, pp. 1-10.

Z. Chen and Z. Li, “Research on fault diagnosis method of rotating machinery
based on deep learning,” in 2017 Prognostics and System Health Management
Conference (PHM-Harbin). 1EEE, 2017, pp. 1-4.



References 159

[148]

[149]

[150]

[151]

[152]

[153]

[154]

[155]

[156]

H. Shao, H. Jiang, F. Wang, and H. Zhao, “An enhancement deep feature fusion
method for rotating machinery fault diagnosis,” Knowledge-Based Systems, 2017,
vol. 119, pp. 200—-220.

Z. Meng, X. Guo, Z. Pan, D. Sun, and S. Liu, “Data Segmentation and Aug-
mentation Methods Based on Raw Data Using Deep Neural Networks Approach
for Rotating Machinery Fault Diagnosis,” IEEFE Access, 2019, vol. 7, pp. 79510~
79 522.

T. Narendiranath Babu, A. Aravind, A. Rakesh, M. Jahzan, and D. Rama
Prabha, “Application of EMD ANN and DNN for self-aligning bearing fault di-
agnosis,” Archives of Acoustics, 2018, vol. 43, no. 2, pp. 163-175.

N. T. Babu, A. Aravind, A. Rakesh, M. Jahzan, R. D. Prabha, and M. Ramalinga
Viswanathan, “Automatic fault classification for journal bearings using ANN and

DNN,” Archives of Acoustics, 2018, vol. 43, no. 4, pp. 727-738.

X. Kong, G. Peng, X. Li, Z. Wang, and X. Na, “Aeroengine Fault Diagnosis
Method Based on Stack Denoising Auto-Encoders Network,” Proceedings - 2018

11th International Congress on Image and Signal Processing, BioMedical Engi-
neering and Informatics, CISP-BMFEI 2018, 2019, pp. 1-9.

H. Tang, Z. Liao, Y. Ozaki, and P. Chen, “Stepwise intelligent diagnosis method
for rotor system with sliding bearing based on statistical filter and stacked auto-
encoder,” Applied Sciences, 2020, vol. 10, no. 7, p. 2477.

W. Sun, S. Shao, R. Zhao, R. Yan, X. Zhang, and X. Chen, “A sparse auto-
encoder-based deep neural network approach for induction motor faults classifi-
cation,” Measurement: Journal of the International Measurement Confederation,
2016, vol. 89, pp. 171-178.

Z. X. Yang, X. B. Wang, and J. H. Zhong, “Representational learning for fault
diagnosis of wind turbine equipment: A multi-layered extreme learning machines

approach,” Energies, 2016, vol. 9, no. 6, pp. 1-17.

S. Sharma, H. Malik, and A. Khatri, “External Fault Classification Experienced
by Three-Phase Induction Motor Based on Multi-Class ELM,” Procedia Computer
Science, 2015, vol. 70, pp. 814-820.



160

References

[157]

[158]

[159]

[160]

[161]

[162]

[163]

164]

[165]

[166]

X.-B. Wang, X. Zhang, Z. Li, and J. Wu, “Ensemble extreme learning machines
for compound-fault diagnosis of rotating machinery,” Knowledge-Based Systems,

2020, vol. 188, p. 105012.

X. Zhao, M. Jia, P. Ding, C. Yang, D. She, and Z. Liu, “Intelligent fault diagnosis
of multichannel motor-rotor system based on multimanifold deep extreme learn-
ing machine,” IEEE/ASME Transactions on Mechatronics, 2020, vol. 25, no. 5,
pp. 2177-2187.

L. Bo, Y. Jin, Y. Chen, and X. Fan, “The study on rotating machinery fault
diagnosis based on deep neural networks,” Proceedings - 2016 International Con-
ference on Intelligent Transportation, Big Data and Smart City, ICITBS 2016,
2017, vol. 9, pp. 125-129.

D. Xiao, Y. Huang, C. Qin, H. Shi, and Y. Li, “Fault Diagnosis of Induction
Motors Using Recurrence Quantification Analysis and LSTM with Weighted BN,”
Shock and Vibration, 2019, vol. 2019.

T. Huang, S. Fu, H. Feng, and J. Kuang, “Bearing fault diagnosis based on shallow
multi-scale convolutional neural network with attention,” Energies, 2019, vol. 12,
no. 20, p. 3937.

X. Li, W. Zhang, and Q. Ding, “Understanding and improving deep learning-
based rolling bearing fault diagnosis with attention mechanism,” Signal process-
ing, 2019, vol. 161, pp. 136-154.

H. Wang, J. Xu, R. Yan, C. Sun, and X. Chen, “Intelligent bearing fault diagnosis
using multi-head attention-based cnn,” Procedia Manufacturing, 2020, vol. 49, pp.
112-118.

Y. Hao, H. Wang, Z. Liu, and H. Han, “Multi-scale cnn based on attention mecha-
nism for rolling bearing fault diagnosis,” in 2020 Asia-Pacific International Sym-
posium on Advanced Reliability and Maintenance Modeling (APARM). 1EEE,
2020, pp. 1-5.

X.Zhang, Y. Cong, Z. Yuan, T. Zhang, and X. Bai, “Early fault detection method
of rolling bearing based on mcnn and gru network with an attention mechanism,”
Shock and Vibration, 2021, vol. 2021.

Y. Yan, Q. Liu et al., “Motor fault diagnosis algorithm based on wavelet and

attention mechanism,” Journal of Sensors, 2021, vol. 2021.



References 161

[167]

168

[169)]

[170]

[171]

[172]

[173]

[174]

[175]

[176]

Y. Chen, G. Peng, Z. Zhu, and S. Li, “A novel deep learning method based on
attention mechanism for bearing remaining useful life prediction,” Applied Soft

Computing, 2020, vol. 86, p. 105919.

L. Xiang, P. Wang, X. Yang, A. Hu, and H. Su, “Fault detection of wind turbine
based on scada data analysis using cnn and Istm with attention mechanism,”
Measurement, 2021, vol. 175, p. 109094.

Y. Yao, S. Zhang, S. Yang, and G. Gui, “Learning attention representation with
a multi-scale cnn for gear fault diagnosis under different working conditions,”
Sensors, 2020, vol. 20, no. 4, p. 1233.

H. Wang, Z. Liu, D. Peng, and Y. Qin, “Understanding and learning discriminant
features based on multiattention ldcnn for wheelset bearing fault diagnosis,”
IEEFE Transactions on Industrial Informatics, 2019, vol. 16, no. 9, pp. 5735-5745.

Y. L. Karnavas, S. Plakias, and I. D. Chasiotis, “Extracting spatially global and
local attentive features for rolling bearing fault diagnosis in electrical machines
using attention stream networks,” IET Electric Power Applications, 2021, vol. 15,

no. 7, pp- 903-915.

Y. O. Lee, J. Jo, and J. Hwang, “Application of deep neural network and gen-
erative adversarial network to industrial maintenance: A case study of induction
motor fault detection,” Proceedings - 2017 IEEE International Conference on Big
Data, Big Data 2017, 2017, vol. 2018-January, pp. 3248-3253.

T. Han, C. Liu, W. Yang, and D. Jiang, “A novel adversarial learning frame-
work in deep convolutional neural network for intelligent diagnosis of mechanical
faults,” Knowledge-Based Systems, 2019, vol. 165, pp. 474-487.

J. Kittler, M. Hatef, R. Duin, and J. Matas, “On combining classifiers,” IFEFE
Transactions on Pattern Analysis and Machine Intelligence, 1998, vol. 20, no. 3,
pp. 226-239.

S. Rothe, B. Kudszus, and D. Soffker, “Does classifier fusion improve the over-
all performance? numerical analysis of data and fusion method characteristics

influencing classifier fusion performance,” Entropy, 2019, vol. 21, no. 9, p. 866.

Y. S. Huang and C. Y. Suen, “The behavior-knowledge space method for combi-

Y

nation of multiple classifiers,” in IEEFE computer society conference on computer



162 References

vision and pattern recognition. Institute of Electrical Engineers Inc (IEEE), 1993,
pp. 347-347.

[177] T. K. Ho, J. J. Hull, and S. N. Srihari, “Decision combination in multiple classifier
systems,” IEEFE transactions on pattern analysis and machine intelligence, 1994,
vol. 16, no. 1, pp. 66-75.

[178] A. S. Britto Jr, R. Sabourin, and L. E. Oliveira, “Dynamic selection of classi-
fiers—a comprehensive review,” Pattern recognition, 2014, vol. 47, no. 11, pp.

3665-3680.

[179] G. Niu, T. Han, B. S. Yang, and A. C. C. Tan, “Multi-agent decision fusion for
motor fault diagnosis,” Mechanical Systems and Signal Processing, 2007, vol. 21,
no. 3, pp. 1285-1299.

[180] P. Santos, L. F. Villa, A. Refiones, A. Bustillo, and J. Maudes, “Wind turbines

2

fault diagnosis using ensemble classifiers,” Lecture Notes in Computer Science
(including subseries Lecture Notes in Artificial Intelligence and Lecture Notes in

Bioinformatics), 2012, vol. 7377 LNAI, pp. 67-76.

[181] H. Tao, L. Mo, F. Shen, Z. Du, and R. Yan, “Multi-classifiers ensemble with
confidence diversity for fault diagnosis in induction motors,” Proceedings of the

International Conference on Sensing Technology, ICST, 2016, no. 2015, pp. 1-5.

[182] 1. Martin-Diaz, D. Morinigo-Sotelo, O. Duque-Perez, and R. J. De Romero-
Troncoso, “Early Fault Detection in Induction Motors Using AdaBoost with Im-
balanced Small Data and Optimized Sampling,” IEEFE Transactions on Industry
Applications, 2017, vol. 53, no. 3, pp. 3066-3075.

[183] A. G. Nath, A. Sharma, S. S. Udmale, and S. K. Singh, “An early classification
approach for improving structural rotor fault diagnosis,” IFEE Transactions on

Instrumentation and Measurement, 2020, vol. 70, pp. 1-13.

[184] “MaFaulDa machinery fault database,” http://www02.smt.ufrj.br/offshore/mfs/page_01.html,
accessed: 2020-05-11.

[185] J. Lu, T. Ming, and C. Zhang, “Simulation research of rotor misalignment fault
based on adams,” in IOP Conference Series: Earth and Environmental Science,
vol. 252, no. 2. TOP Publishing, 2019, p. 02214S.



References 163

[186]

187

[188]

[189)]

[190]

[191]

[192]

193]

[194]

[195]

[196]

T. H. Patel and A. K. Darpe, “Vibration response of misaligned rotors,” Journal
of sound and vibration, 2009, vol. 325, no. 3, pp. 609-628.

B. Al-Bedoor, “Modeling the coupled torsional and lateral vibrations of unbal-
anced rotors,” Computer methods in applied mechanics and engineering, 2001,
vol. 190, no. 45, pp. 5999-6008.

A. G. A. Rahman, Z. Ismail, S. Noroozi, and O. Z. Chao, “Study of open crack
in rotor shaft using changes in frequency response function phase,” International
Journal of Damage Mechanics, 2013, vol. 22, no. 6, pp. 791-807.

F. Chu and W. Lu, “Experimental observation of nonlinear vibrations in a rub-
impact rotor system,” Journal of Sound and Vibration, 2005, vol. 283, no. 3-5,
pp. 621-643.

T. Patel and A. Darpe, “Use of full spectrum cascade for rotor rub identification,”

Advances in Vibration Engineering, 2009, vol. 8, no. 2, pp. 139-151.

K. N. Sujatha, K. Vaisakh et al., “Implementation of adaptive neuro fuzzy infer-
ence system in speed control of induction motor drives,” Journal of Intelligent

Learning Systems and Applications, 2010, vol. 2, no. 02, p. 110.

Z. Xing, J. Pei, and P. S. Yu, “Early classification on time series,” Knowledge and

Information Systems, apr 2011, vol. 31, no. 1, pp. 105-127.

U. Mori, A. Mendiburu, E. Keogh, and J. A. Lozano, “Reliable early classification
of time series based on discriminating the classes over time,” Data mining and
knowledge discovery, 2017, vol. 31, no. 1, pp. 233-263.

A. Gupta, H. P. Gupta, B. Biswas, and T. Dutta, “Approaches and applications
of early classification of time series: A review,” IEEFFE Transactions on Artificial
Intelligence, 2020, vol. 1, no. 1, pp. 47-61.

A. Bregén, M. A. Simén, J. J. Rodriguez, C. Alonso, B. Pulido, and I. Moro,
“Early fault classification in dynamic systems using case-based reasoning,” in
Conference of the Spanish Association for Artificial Intelligence. Springer, 2005,
pp. 211-220.

Z. Xing, J. Pei, P. S. Yu, and K. Wang, “Extracting interpretable features for
early classification on time series,” in Proceedings of the 2011 SIAM International
Conference on Data Mining. SIAM, 2011, pp. 247-258.



164

References

[197]

193]

[199]

200]

201]

202]

203]

204]

[205]

206]

207]

J. Lv, X. Hu, L. Li, and P. Li, “An effective confidence-based early classification
of time series,” IEEE Access, 2019, vol. 7, pp. 96 113-96 124.

A. Sharma and S. K. Singh, “Early classification of multivariate data by learning

optimal decision rules,” Multimedia Tools and Applications, 2020, pp. 1-24.

M. RuBwurm, R. Tavenard, S. Lefevre, and M. Korner, “Early classifica-
tion for agricultural monitoring from satellite time series,” arXiw preprint
arXiv:1908.10283v1.

M. F. Ghalwash, V. Radosavljevic, and Z. Obradovic, “Extraction of interpretable
multivariate patterns for early diagnostics,” in 2013 IEEE 13th International
Conference on Data Mining. ITEEE, 2013, pp. 201-210.

A. Sharma and S. Kumar Singh, “A novel approach for early malware detection,”
Transactions on Emerging Telecommunications Technologies, 2021, vol. 32, no. 2,
p- €3968.

A. Sharma, S. K. Singh, S. S. Udmale, A. K. Singh, and R. Singh, “Early trans-
portation mode detection using smartphone sensing data,” IEEE Sensors Journal,
2021, vol. 21, no. 14, pp. 15651-15659.

A. Gupta, H. P. Gupta, B. Biswas, and T. Dutta, “An early classification ap-
proach for multivariate time series of on-vehicle sensors in transportation,” IEFEFE

Transactions on Intelligent Transportation Systems, 2020, vol. 21, no. 12, pp.
5316-5327.

H. Sakoe, “Dynamic-programming approach to continuous speech recognition,”

in 1971 Proc. the International Congress of Acoustics, Budapest, 1971.

H. Sakoe and S. Chiba, “Dynamic programming algorithm optimization for spo-
ken word recognition,” IEEE transactions on acoustics, speech, and signal pro-
cessing, 1978, vol. 26, no. 1, pp. 43—49.

M. Cuturi and M. Blondel, “Soft-dtw: a differentiable loss function for time-

series,” in Proceedings of the 34th International Conference on Machine Learning-
Volume 70. JMLR. org, 2017, pp. 894-903.

M. Shah, J. Grabocka, N. Schilling, M. Wistuba, and L. Schmidt-Thieme, “Learn-
ing dtw-shapelets for time-series classification,” in Proceedings of the 3rd IKDD
Conference on Data Science, 2016, 2016.



References 165

208

209

[210]

[211]

212]

[213]

[214]

[215]

[216]

[217)

M. Cuturi, J.-P. Vert, O. Birkenes, and T. Matsui, “A kernel for time series
based on global alignments,” in 2007 IEEE International Conference on Acous-
tics, Speech and Signal Processing-ICASSP’07, vol. 2. IEEE, 2007, pp. 11-413.

F. Petitjean, A. Ketterlin, and P. Gangarski, “A global averaging method for dy-
namic time warping, with applications to clustering,” Pattern Recognition, 2011,
vol. 44, no. 3, pp. 678-693.

G. Forestier, F. Petitjean, H. A. Dau, G. I. Webb, and E. Keogh, “Generating
synthetic time series to augment sparse datasets,” in 2017 IEEE international
conference on data mining (ICDM). 1EEE, 2017, pp. 865-870.

Z. Guan, Z. Liao, K. Li, and P. Chen, “A precise diagnosis method of structural
faults of rotating machinery based on combination of empirical mode decompo-
sition, sample entropy, and deep belief network,” Sensors, 2019, vol. 19, no. 3, p.
591.

H. 1. Fawaz, G. Forestier, J. Weber, L. Idoumghar, and P.-A. Muller, “Data
augmentation using synthetic data for time series classification with deep residual
networks,” arXiw preprint arXiv:1808.02455, 2018.

S. Hochreiter and J. Schmidhuber, “Long short-term memory,” Neural computa-
tion, 1997, vol. 9, no. 8, pp. 1735-1780.

K. Cho, B. van Merrienboer, C. Gulcehre, D. Bahdanau, F. Bougares, H. Schwenk,
and Y. Bengio, “Learning phrase representations using rnn encoder-decoder for
statistical machine translation,” arXiv preprint arXiv:1406.1078v3, 2014.

S. S. Udmale and S. K. Singh, “Application of spectral kurtosis and improved
extreme learning machine for bearing fault classification,” IEEFE Transactions on
Instrumentation and Measurement, 2019, vol. 68, no. 11, pp. 4222-4233.

J. Eckmann, S. O. Kamphorst, D. Ruelle et al., “Recurrence plots of dynamical
systems,” World Scientific Series on Nonlinear Science Series A, 1995, vol. 16,
pp. 441-446.

F. Takens, “Detecting strange attractors in turbulence,” in Dynamical systems
and turbulence, Warwick 1980. Springer, 1981, pp. 366-381.



166

References

[218]

[219]

[220]

[221]

[222]

[223]

[224]

[225]

[226]

[227)

[228]

[229]

C. Fan, T. Chen, Y. Shang, Y. Gu, S. Zhang, R. Lu, S. OuYang, X. Zhou, Y. Li,
W. Meng et al., “Cancer-initiating cells derived from human rectal adenocar-
cinoma tissues carry mesenchymal phenotypes and resist drug therapies,” Cell
death & disease, 2013, vol. 4, no. 10, pp. e828—-e828.

T. D. Pham, “Fuzzy recurrence plots,” EPL (Europhysics Letters), dec 2016, vol.
116, no. 5, p. 50008.

J. C. Bezdek, Pattern Recognition with Fuzzy Objective Function Algorithms.
Springer US, 1981.

X. Liu, L. Ma, and J. Mathew, “Machinery fault diagnosis based on fuzzy mea-
sure and fuzzy integral data fusion techniques,” Mechanical Systems and Signal
Processing, 2009, vol. 23, no. 3, pp. 690-700.

H. Tahani and J. M. Keller, “Information fusion in computer vision using the fuzzy
integral,” IEFEE Transactions on systems, Man, and Cybernetics, 1990, vol. 20,
no. 3, pp. 733-741.

G. Choquet, “Theory of capacities,” in Annales de l’institut Fourier, vol. 5, 1954,
pp. 131-295.

T. Murofushi and M. Sugeno, “An interpretation of fuzzy measures and the cho-

)

quet integral as an integral with respect to a fuzzy measure,
Systems, 1989, vol. 29, no. 2, pp. 201-227.

Fuzzy sets and

A. Banerjee, P. K. Singh, and R. Sarkar, “Fuzzy integral-based cnn classifier
fusion for 3d skeleton action recognition,” IEFEE Transactions on Circuits and
Systems for Video Technology, 2021, vol. 31, no. 6, pp. 2206-2216.

B. Goswami, “A brief introduction to nonlinear time series analysis and recurrence
plots,” Vibration, 2019, vol. 2, no. 4, pp. 332-368.

L. I. Kuncheva, Combining Pattern Classifiers: Methods and Algorithms, 2nd
Edition. John Wiley and Sons, 2004.

A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N. Gomez,
L. Kaiser, and I. Polosukhin, “Attention is all you need,” in Advances in neu-

ral information processing systems, 2017, pp. 5998-6008.

A. P. Parikh, O. Téackstrom, D. Das, and J. Uszkoreit, “A decomposable attention
model for natural language inference,” CoRR, 2016, vol. abs/1606.01933.



References 167

[230] Z. Wang, Y. Ma, Z. Liu, and J. Tang, “R-transformer: Recurrent neural network
enhanced transformer,” CoRR, 2019, vol. abs/1907.05572.

[231] M. Dehghani, S. Gouws, O. Vinyals, J. Uszkoreit, and L. Kaiser, “Universal
transformers,” CoRR, 2018, vol. abs/1807.03819.

[232] L. S. Dhamande and M. B. Chaudhari, “Compound gear-bearing fault feature
extraction using statistical features based on time-frequency method,” Measure-
ment, 2018, vol. 125, pp. 63-77.



