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Fault Detection and 
Diagnosis

Isolation

DiagnosisDetection

Decide accurately if  the 
fault has occurred or not

Estimation

Fault Characteristics 
(type, severity, location,  

…)

Accurate evaluation of 
the fault severity 

(amplitude, length, …)

Fault location (energy source, 
sensor, cable, connector, …)

Avoid false alarms and 
miss detections 

Avoid underestimation (can 
induce reconfiguration issues, 

maintenance losses, …)

Avoid miss-isolation 
(can induce 

maintenance errors, …)
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Fault Detection and Diagnosis Methods: A compromise

Effectiveness

ReliabilityAccuracy

Robustness

Sensitivity

SimplicityResistance to the 
influence of nuisances

Capability to detect
incipient faults

Capability to perform with
the minimum amount of information

FDD
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Physics-based approach: General Scheme

Extraction of Features

Preprocessing Filtering Projection Transformations ….

….

….
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Data-driven approach: General Scheme

Process

Transformations Resampling, …

Non Statistical
Feature Extraction

Statistical Feature
Extraction

Modelling

Extraction of Features

U Y

X

Filtering

PCA, ICA, 
LDA, SVM, …

Fuzzy clustering
Artificial Neural Network, …

Evaluation of Features

Preprocessing

Data acquisition, 
building datasets

Fourier, Wavelets, …

Performance Assessment
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Phase Current Sensors Fault Diagnosis: Physics-based,  Estimation in the Park reference frame
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Phase Current Sensors Fault Diagnosis: Physics-based, Estimation in the Concordia reference frame
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Test 
Bench

Analytical Model 
(aa--bb frame)

Residual estimation
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Experimental results (offset in phase C of 16% on the peak value)
Phase Current Sensors Fault Diagnosis
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𝑟𝑟! = 0.42

𝑟𝑟" = 0.707

"𝑟𝑟! = 0.4

#𝑟𝑟" = 0.72
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Induction Motor

Fault Generation

PWM

Current
Measurement

Synchronous
Machine

0.3 kW Induction Motor 0.3kW, 230/400V, 1.47/0.85 A, 1380 rpm

Sampling and switching period 1ms

Fault Diagnosis

Power converter misfiring fault diagnosis
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Classification in PCA framework
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Power converter misfiring fault diagnosis: Data-based classification
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Data 
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Data 
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Electric discharge machining  thin cracks into a nickel-base plate
Crack dimensions : 

Small Cracks

dc

lc

Zoom

0.1 mm
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Application to Non-Destructive Evaluation with Eddy Current
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Zd = Rd + j2π fexcLd

Experimental test bed [1]

A three-axis computer-controlled 
robot

Agilent 4294A Precision Impedance Analyser

(Δx, Δy)= (0.1;0.1) mm 

[1] Y. L. Bihan, J. Pavo, and C. Marchand,  “Characterization of small cracks in eddy current testing”, The European Physical Journal Applied 
Physics, vol. 43, no. 2, pp. 231–237, 2008.

fexc ={0.1, 1, 1.5, 3, 4, 5, 6} MHz

The Imaginary part is the most affected and will be under study
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Application to Non-Destructive Evaluation with Eddy Current



/39

22..  AApppplliiccaattiioonnss

1. Introduction to Fault Detection and Diagnosis 2. Applications 3. Conclusion 15

Application to Non-Destructive Evaluation with Eddy Current
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Modelling

Preprocessing

Features
extraction

Features analysis

Feature Space: 
Time Domain 

Impedance
measurements

Normalisation

Kullback-Leibler
Divergence

Threshold logic

PCA
Probability
Density Functions
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Application to Non-Destructive Evaluation with Eddy Current: Data-driven approach

Sensitivity = 5.31 PMD = 0

KL Divergence

Healthy Faulty
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Timelines of  the main defects of  PV cells and modules
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• Decoloration
• Cell cracks
• Insulation fault
• Bypass diode 

fault

• Decoloration
• Delamination and 

corrosion
• Bypass diode fault
• Interconnection

failure

• Decoloration
• Interconnection

failure
• Delamination

and corrosion

Short-term faults  
(1 – 5 years)

Mean-term faults
(6 – 15 years)

Long-term faults
(> 15 years)

Extrinsic 
Faults

Soiling, snow, sand, shade
Environmental conditions

Intrinsic 
Faults

Application to PV module fault diagnosis
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Physics-based 
approaches Data-driven

[3] S. Spataru. Characterization and Diagnostics for Photovoltaic Modules and Arrays, Department of Energy Technology, Aalborg University, 2015. 141 p. Research output: Book/Report › Ph.D. thesis

Machine Learning Techniques, Control theory 
techniques, Decision theory, Pattern analysis, …

Features Analysis

Environmental data

Analytical
model

Estimated
features

PV module, 
array, plant

Measured
features
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[3]IRT EL

Electrical measurements Images

I(A)

V(V)

I-V curve Reflectograms

Preprocessing
Features extraction

Machine Learning Techniques, Control theory 
techniques, Decision theory, Pattern analysis, …

Application to PV module fault diagnosis
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Fault effects on the I-V curves

1
9

19

DelaminationDegradation of  
the contacts

Partial Shading

p Fault diagnosis using I-V curves

(Reference 
cell RG100)

(Pt100) (FTV200)
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Resampled 
current vector
(50 points)

Use directly as input (called direct I-V)

Transform to matrix
Dimension 
reduction

1

2

2.1

2.2

GADF

RP

Vector transformed to matrix by:
• GADF: Gramian Angular Difference Field [11]

• RP: Recurrence Plot [12]

[11] Wang Zhiguang, IJCAI-2015, 2015

[12] Marwan N, Physics reports, 2007, 438(5-6): 237-329

Features 
for 

analysis

p Feature extraction from I-V curve

Corrected
I-V curves

Extract key parameters (G, Tm, 𝑉𝑉#$$, 𝐼𝐼#$$, 𝑉𝑉%& , 𝐼𝐼'& , 𝑅𝑅( and 𝑅𝑅(), called 8paras)

Principal component 
analysis (PCA)
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p Test results using field-measured data [13]

[13] Li B., Delpha C., Migan A., Diallo D. 
Fault Diagnosis of Photovoltaic Panels Using Full I-V Characteristics and Machine Learning Techniques.  
Energy Conversion and Management 248 (2021). doi: 10.1016/j.enconman.2021.114785

Artificial Neural Network

Support Vector Machine

Decision Tree

Random Forest

k-Nearest Neighbors

Naive Bayes Classifier

ANN

SVM

DT

RF

kNN

NBC
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Modelling

Features
extraction

Preprocessing

White-
box 

model

Grey-
box 

model

Black-
box 

model

Graphical
Relations

Descriptive 
Language

Machine 
Learning

Fuzzy
Description

QualitativeQuantitative Data driven

FrequencyTime Time-Frequency Time-Scale

Features
analysis

Parameter
Estimation

Observers
Parity
space

Non 
Statistical
Feature

Extraction

Fuzzy Logic
Neural 

Network

Pattern 
Recognition

Statistical
Decision
Theory

Threshold
logic

Distance 
measures

Parametric and 
non parametric

Estimation

Signal 
processing

Physics-based Linguistic, qualitative 
rules Data

Statistical
Feature

Extraction

FDD
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In summary: a 4-step FDD methodology

[1] Delpha, C.; Diallo, D. Kullback–Leibler divergence for incipient fault diagnosis. In Signal Processing for Fault Detection and Diagnosis in Electric Machines and Systems; Benbouzid, M., Ed.; IET, The Institution of Engineering and Technology, 2020
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