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I Prognostics and Diagnostics Overview
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Data
Processing

Diagnostics focuses on detecting faults and
“ anomalies to facilitate timely maintenance and

« Accurate and comprehensive data collection from sensors and
monitoring systems is essential to capture the operational and
health information of machines and batteries

~

* Proper storage and organisation of data allow for easy accessibility
and analysis when developing prognostic and diagnostic models

» Advanced data processing techniques, such as data cleaning, pre- h

processing, and feature extraction, are employed to transform raw
data into meaningful information

Fault
Diagnosis/
rognosi

Faults
Handling

* Diagnostics- Fault Detection/ Isolation / Estimation
* Prognostics- State Estimation/ Prediction

+ Condition monitoring
* Predictive Maintenance
* Fault Tolerant Control

v

Data Driven General Fault Diagnosis/ Prognostic Procedure

Prognostics involves predicting the
life and identifying potential failures

Efficient: System
design in Al and ML
should strive for
efficiency in terms of
computational
resources and real-
time response

Stable: System
design in Al and ML
should aim for
stability to ensure
robust and reliable
performance

remaining useful

Implementable:
System design in Al
and ML should be
practical and
implementable in
real-world
applications

Trusted: System
design in Al and ML
should be built on
trusted algorithms
and models

Comprehensive Test/Validation is imperative



IAIS& ML in PEMD
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We asked Al 'where will Al benefit power electronics, machines and

drives?'

The response from ChatGPT [https://openai.com], for which we would like your feedback, was as follows.

There are numerous opportunities for utilizing Al to benefit power electronics, machines, and drives (PEMD) and here are some areas where Al can make a significant impact:

I 1. Fault Diagnosis and Prognostics: Al techniques such as machine learning and deep learning can be employed to develop advanced fault diagnosis and prognostic systems for PEMD. By
analysing data from sensors, Al algorithms can detect and predict faults in power electronics components, machines, and drives, allowing for proactive maintenance and minimizing downtime. |

2. Energy Optimization: Al can optimize the energy consumption and efficiency of PEMD systems. By analysing real-time data from sensors and actuators, Al algorithms can adjust control
parameters and optimize the operation of power converters, motor drives, and other components to minimize energy losses and improve overall system efficiency.

——— — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — — —— — —— — — — — — — — — — — —

I 3. Condition Monitoring and Predictive Maintenance: Al can enable condition monitoring and predictive maintenance in PEMD systems. By continuously monitoring operational parameters and|
I analysing historical data, Al algorithms can detect early signs of component degradation or failure, allowing for timely maintenance interventions and reducing the risk of unplanned downtime. I
e e e e e e e — — — — — — — — — — ———— —— —— — o o o o o o o o e o e o

4. Control and Optimization: Al-based control techniques can enhance the performance and capabilities of PEMD systems. Reinforcement learning algorithms can learn optimal control policies

5. Power Quality Improvement: Al can contribute to improving power quality in PEMD systems. By analysing voltage and current waveforms, Al algorithms can identify and mitigate power
quality issues, such as harmonics, voltage sags, or flicker, through active control strategies and optimized filtering techniques.

6. Intelligent Energy Management: Al can be used to develop intelligent energy management systems for PEMD applications. By considering multiple factors such as load demand, energy
storage, renewable energy availability, and grid conditions, Al algorithms can optimize the allocation and utilization of energy resources, ensuring reliable and efficient operation.

7. Virtual Prototyping and Design Optimization: Al-based simulation and optimization techniques can accelerate the design and development of PEMD systems. By using Al models and
algorithms, designers can simulate and optimize different configurations, topologies, and control strategies, reducing the time and cost associated with physical prototyping.

8. Smart Grid Integration: Al can facilitate the integration of PEMD systems with smart grids. By analysing real-time grid data and considering demand response, energy pricing, and grid
stability, Al algorithms can enable optimal coordination and control of PEMD systems, enhancing the reliability and efficiency of grid operations.
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[1 M. Al-greer, M. Ahmeid, M. Armstrong, D. Giaouris, “Advances on System Identification Techniques for DC-DC Switch Mode Power Converter Applications.”, IEEE Transactions on Power Electronics, vol. 34, pp. 6973 — 6990, July. 2019.

[] M. Algreer, M. Armstrong, and D. Giaouris, "Active On-Line System Identification of Switch Mode DC-DC Power Converter Based on Efficient Recursive DCD-IIR Adaptive Filter," IEEE Transactions on Power Electronics, vol. 27, pp. 4425-4435, 2012.
[1 M. Algreer, M. Armstrong, and D. Giaouris, "Adaptive PD+I Control of a Switch-Mode DC-DC Power Converter Using a Recursive FIR Predictor,” IEEE Transactions on Industry Applications, vol. 47, pp. 2135-2144, 2011.

[13in Xu, M. Armstrong, M. Al-greer, “Centralised System Identification of Multi-Rail Power Converter Systems using an Iterative Decimation Approach”, IEEE Transactions on Circuits & Systems, vol. 68, pp. 3520-3533, May 2021.
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[1 M. Ahmeid, M. Armstrong, S. Gadoue, M. Algreer, P. Missailidis, “Real-Time Parameter Estimation DC-DC Converters Using a Self-tuned Kalman Filter”, IEEE Transactions on Power Electronics, vol.32, pp. 5666 - 5674,July. 2017.

[] M. Al-greer, M. Armstrong, Jin Xu, “Coordinate Descent Auto-Tuning Architecture for Multi Rail DC-DC Switch Mode Power Converters,” in Proc. 19th IEEE Workshop on Control and Modeling for Power Electronics, IEEE COMPEL 2018, Padova, Italy.

[13in Xu, M. Armstrong, M. Al-greer, “Computational Burden Reduction in Real-Time System Identification of Multi-Rail Power Converter by Re-using Covariance Matrix Approximation™ in 2020 IEEE Applied Power Electronics Conference and Exposition (APEC), 2020.
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[1 M. Algreer, M. Armstrong, and D. Giaouris, "Adaptive PD+I Control of a Switch-Mode DC-DC Power Converter Using a Recursive FIR Predictor," IEEE Transactions on Industry Applications, vol. 47, pp. 2135-2144, 2011.



hJ

Stator Inter-turn Short Circuit
Faults

= The stator winding of a PMSM is
a distributed winding consisting
of 16 series turns stranded by
eight conductors. One of the 16
turns was connected to the test
terminal for the experiment.
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Non-Uniform Demagnetisation

Faults

Non-uniform demagnetisation
was achieved using a test
motor. For this purpose, one
magnet is separated from the
rotor and excessive heat is
applied until it demagnetises.

e

Normalized Magnetic Flux Density
&
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Static Eccentricity
Faults

The inner part of the motor
cage was machined 0.5 mm
from one side, and a shim
was placed on the other side.
When the air gap was 1.8
mm, the displacement of 0.5
mm corresponds to 28%
SEF.
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Project: (Sg2\100005): Condition Monitoring of Integrated Motors for Predictive Maintenance & Safe-Operation, TU and METU, Lloyds Foundation,



Condition Monitoring and Fault Detections of PMSM
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[1 Aykut Demirel, Ma’D El-Dalahmeh, Ozan Keysan, M. Al-greer, “Non-Invasive Real-Time Diagnosis of PMSM Faults Implemented in Motor Control Software for Mission Critical Applications, Measurement, 2023. Under review



Condition Monitoring and Fault Detections of PMSM
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Condition Monitoring and Fault Detections of PMSM
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different load torque and speed. (a) PMSM works
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[1 Ma’D El-Dalahmeh, M. Al-greer, Moath El-Dalahmeh, Imran Bashir, Aykut Demirel, Ozan Keysan, “Autonomous Faults Detection of Electrical Machines Using Combined Variational Mode Decomposition Plus Hilbert-Huang Transform and Convolution Neural Network”, Journal of
Elsevier, Electrical and Computer Engineering, 2023.
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[1 Ma'D El-Dalahmeh, J. Lillystone, M. Al-greer, Mo'Ath El-Dalahmeh, “State of Health Estimation of Lithium-ion Batteries Based on Data-Driven Techniques”, in 56th IEEE International Universities Power Engineering Conference, UPEC, 2021.
[1 Ma'D El-Dalahmeh, P. Thummarapally, M. Al-greer, Mo'Ath El-Dalahem, “Lithium-ion Battery Capacity Prediction based on Time and Frequency Domains Diagnostics Features”, in 56th IEEE International Universities Power Engineering Conference, UPEC, 2021.
[1A. Gailani, R. Mokidm M. El-Dalahmeh, M. Al-greer, “Analysis of Lithium-ion Battery Cells Degradation Based on Different Manufacturers, under review in 55th IEEE International Universities Power Engineering Conference, UPEC 2020.
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Research team develop pioneering
battery management for electric cars

Prognostics & Diagnostics of Batteries
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I Prognostics & Diagnostics of Batteries
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I Plans and Vision
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