Pre prints.org

Article Not peer-reviewed version

Hardware-Based Open Switch Fault
Diagnosis in Three-Phase Voltage
Source Inverters Using Single Neuron
Implementation

Manisha Dale " , Vaishali H. Kamble , R. B. Dhumale , Aziz Nanthaamornphong i

Posted Date: 28 February 2025
doi: 10.20944/preprints202502.2233.v1

Keywords: fault diagnosis; switching devices; single and multiple open circuit fault; single processing neuron

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/4264412
https://sciprofiles.com/profile/4140929
https://sciprofiles.com/profile/4186846
https://sciprofiles.com/profile/2133725

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 28 February 2025 d0i:10.20944/preprints202502.2233.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article

Hardware-Based Open Switch Fault Diagnosis in
Three-Phase Voltage Source Inverters Using Single
Neuron Implementation

Manisha Dale !, Vaishali H. Kamble 2, R. B. Dhumale ? and Aziz Nanthaamornphong **

! MES Wadia College of Engineering, Pune, Department of Electronics and Telecommunication
2 DES Pune University, Pune

3 AISSMS Institute of Information Technology, Pune, India

+ College of Computing, Prince of Songkla University, Phuket, Thailand

* Correspondence: aziz.n@phuket.psu.ac.th

Abstract: Park's Vector Transform, Discrete Wavelet Transform, Artificial Neural Network, Fuzzy
Logic, and other methods are used to diagnose faults in the power converter in both single and
multiple open switch situations. These methods are implemented on the digital signal processor or
controller, which needs additional hardware and consumes more processing time. This paper
presents a hardware-based open switch fault diagnostic method in a three-phase voltage source
inverter to minimize fault diagnosis time and cost. An innovative hardware-based approach that
utilizes a single neuron for open switch fault diagnosis in three-phase voltage source inverters has
been successfully implemented. A gradient descent algorithm calculates the weight and bias values
of a single processing neuron. Furthermore, a high-speed multiplier and adder circuit seamlessly
integrate with the single processing neuron, enabling rapid real-time fault diagnosis. This method is
capable of diagnosing single and multiple switches open circuit faults in switching devices under
variable load conditions at different frequencies. The results are presented for different combinations
of single and multiple open switch faults under variable load conditions at different frequencies.
Compared to existing algorithms, the proposed approach significantly accelerates computation while
maintaining uncompromised accuracy and stability in fault diagnostics, even under dynamic load
conditions in permanent magnet synchronous motor drives. The combination of a hardware-based
solution, single neuron architecture, real-time gradient descent adaptation, and rapid fault diagnosis
makes this method very innovative and impactful for fault diagnostics.

Keywords: fault diagnosis; switching devices; single and multiple open circuit fault; single
processing neuron

1. Introduction

Nowdays, DC-AC converters have been effectively used in industrial equipment like adjustable
speed drives, uninterruptible power supplies, flexible AC transmission systems, voltage
compensators, photovoltaic inverters, and others [1]. DC-AC converters have advantages like high
effectiveness, high accuracy, compactness, and high consistency. The consistency of the DC-AC
converters is a most important disquiet. The fault-tolerant control to guarantee the uninterrupted and
correct converter operation is compulsory [2]. This involves a quick and consistent fault diagnostic
system. It is observed that the switching devices in the power converter are one of the weakest
components, which report about 30% of the breakdown and cause interruptions [3].

Induction Motors (IMs) are driven by the space vector control approach and the process to be
followed in controls is utilized by Voltage Source Inverter (VSI) [4]. However, as a result of the
complications of the drive systems and the diversity of operation conditions, several faults take place
in the VSI. When there are faults in the VSI, the whole induction motor drive system will not function
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under normal or usual conditions [5]. Moreover, the faults occurred in control techniques can affect
financial losses or terrible accidents [6]. As a result, an investigation of the fault diagnosis in the VSI
is the most significant.

The core components involved in power conversion are power switches such as Insulated Gate
Bipolar Transistors (IGBT) or Metal Oxide Semiconductor Field Effect Transistors (MOSFET). It
is well-known that there are six power switches in the three-phase VSI. The breakdown of these
power switches can be broadly classified as short circuit faults (SCFs), Misfiring Faults (MFs), and
Open-Circuit Faults (OCFs) [7].

The SCFs take place rapidly and IGBT can sustain against this fault for 10 usec [8]. Hence, it is
hard to identify SCFs using algorithmic techniques as protection time is very small. MFs are caused
due to missing transistor gate pulses which result in poor performance of devices. Several methods
should be utilized to diagnose OCFs[9]. As a result, much of that current research is going in the area
of OCF diagnosis in the VSI, which is furthermore the research topic in this paper. Out of several open
circuit Fault diagnostic Methods (FDMs) of switching devices in power converters, Park’s Vector
Transform (PVT) based diagnosis techniques have received a lot of interest in the past few decades.
M. Trabelsi et al. proposed OCF diagnosis in the two power converters of a Permanent Magnet
Synchronous Generators (PMSGs) drive for the online diagnosis of multiple OCFs. This has been
implemented signal processing algorithms on the dSPACE DS1103 digital controller that needs only
three-phase current and speed which are already sensed for internal control of the drive. The FDM
shows high resistance to false alarms, sustaining under variable load or high-speed conditions[10].

Current trajectory’s midpoint [11], Normalized DC Current Method[12], Modified Normalized
DC Current Method [13], and Slope Method [14] are based on PVT and have been implemented on
MATLAB and Xmath package for diagnosis of OCF.

The author proposed in [15] the FDM for a three-phase Permanent Magnet Synchronous Motor
(PMSM) drive based on the average current calculated using PVT. The Fault Diagnosis Variables
(FDVs) are computed by using the average current. The Fuzzy based classifier is applied to process
the FDVs to diagnose single or multiple OCFs with 96% accuracy. The algorithm is implemented on
DSP (TMS320F2812) control board. A combination of PVT and Fuzzy Logic System (FLS) has been
proposed in [16] for the diagnosis of single and multiple OCF under variable load conditions. The
FLS is utilized for a threshold value adjustment to diagnose OCF under variable load conditions.

R. B. Dhumale, et al. proposed FDM based on the combination of signal preprocessing, feature
extraction, feature selection technique, and fault classifier. The PVT is used to normalize current to
diagnose fault under variable load conditions [17]. The features are extracted using Discrete Wavelet
Transform (DWT) and max features are selected to train the Artificial Neural Network (ANN) based
fault classifier. The results are shown for different fault patterns, single and multiple OCFs under
variable load conditions at different frequencies. Also, the results are shown for the online fault
diagnosis, with the incidence of fault occurrence and the incidence of diagnosis. This method requires
Digital Signal Controller for the implementation of the proposed FDM as a result this algorithmic
solution requires high processing time. An easy and reliable method for the diagnosis of OCFs based
on a discrete wavelet transform (DWT) and the FLS has been proposed in [18]. The proposed FDM
is checked for a variable load condition and experimental results are validated on dsPIC30F4011. In
contrast, this technique is slower than other earlier proposed FDMs but gives satisfactory results for
practical applications. The same combination of DWT-FLS has been implemented on an Intel
80C196KC 16-bit microcontroller for the diagnosis of single switch faults in Pulse Width Modulation
(PWM)-VSI. This FDM shows a high potential for OCF diagnosis[19].

In [20] author proposed Artificial Neural Network (ANN) based FDM, four features like two-
phase currents (I« and Ig), angle to the current pattern (Is), and surface difference of the current
patterns between healthy and faulty (Es) are extracted from the current signal using PVT. An ANN
of structure 4-15-13 is implemented on the computer for further processing. This FDM is quick, capable,
and 100% perfect for single or multiple OCF diagnoses. The single and multiple OCF diagnoses of a
phase-controlled three-phase full-bridge rectifier using the Deep Neural Network (DNN) have been
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proposed in [21]. Wavelet-Neural Network Method, Wavelet-ANFI System, Clustering-ANFI
method, and Model-Based ANN Method have been proposed in [22-25] respectively. Simulation
results show great accuracy of fault classification using ANN. Some manual methods have been
proposed in [26,27] which are based on measured voltage and Bond Graph Model respectively. In
[28], the current spectrum has been examined for the diagnosis of OCF. A Fast Fourier Transform
(FFT) has been analyzed for the spectrum analysis. This needs comparatively high computing power.
The main disadvantages of the earlier techniques were the load dependence and the sensitivity
to transients, whereas the drawbacks are overcome in recently proposed FDMs in review [10,15-17].
These recent methods have good efficiency for low load levels and during transients. The normalized
average currents are proposed and processed to succeed in dealing with these limitations. As per the
reviews and surveys in the literature, it is observed that several FDMs for OCFs in VSIs have been
proposed but these methods are complicated and require either a DSP control board or computer for
practical implementation. Therefore, the objective of this research paper is to propose an innovative
idea to investigate new FDM based on fundamental hardware components. The Hardware-based
Implementation of the Single Neuron Algorithm (HISNA) for Open Switch Fault Diagnosis in VSI
is explained in section II, where the implementation of the proposed HISNA is reported in section III,
and experimental results are presented to evaluate the fault diagnosis performance in section IV.
This research introduces a new online Fault Diagnosis System (FDS) for detecting OCF in
switches using a Hardware-Based Intelligent Single Neuron Approach (HISNA). Unlike other
methods, it does not require extra hardware like a DSP control board or a computer for practical use.
A detailed study of existing research was done to understand the need for a simple hardware-based
fault diagnosis system for Permanent Magnet Synchronous Motor (PMSM) drives working under
different load conditions. The system is designed using a single-neuron ANN model, which can
diagnosis all types of open-circuit faults, including single-phase faults, in PMSM drives.
Additionally, the input and bias weights are carefully chosen by studying how different fault
conditions affect the system under changing load conditions. This ensures accurate and reliable fault
diagnosis.

2. Fault Diagnostic Method

The structure of a VSI consists of six transistors; two transistors for each phase. The supply from
AC mains is converted into DC using a bridge rectifier and filter. This DC input is provided to each
of these transistors in a typical switching manner to generate the three-phase voltage used to drive
the load. The circuit diagram of the three-phase inverter is shown in Figure 1. The current signals at
the output of each phase of VSI are sensed and converted into voltage using a V-I converter. In the
proposed HISNA system, the extracted signal is given by Eq. 1.

Vp = Vi, xsin(wt) )

Where Vyis the output of VSI, and p is phase R, Y, or B. Vm is the Peak value of the signal and w
is the angular frequency. The sensed signals are normalized so that the system can diagnose fault
under variable load conditions. In the normalization process, sensed signals are divided by the peak
value of that signal which is given by Eq. 2.

Vpge = L X oin(e) @
m

Where Vym is the output of the normalizer. The normalized signal is further applied to the
processing unit which is also called neuron cells. In ANN, the basic computational element is called
a neuron cell or processing unit. It receives input through the synaptic terminals each having an
associated weight with it. A single artificial neuron cell has been used for the classification of the
faulty switch. In the HISNA system, six neuron cells are implemented for six switches as shown in
Fig.1. A neuron cell classifies faulty switches from the same phase. I, and bias (b) are two inputs to
the neuron cell having corresponding weights as Wy and Wop respectively.

The neuron cell or processing unit uses the equation to calculate output as given in Eq. 3.

Yp(S) = WR X VR(II) + WY X Vy(n) + WB X VB(n) +b X WOp (3)
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Yres) is the output of ANN for the individual switch. S is a parameter showing the Upper or
Lower switch. U stands for the upper switch and L for the lower switch in phase. Wr and Wor are the
pre-determined synaptic weights for each switch. Wi, Wy,and Wy are the calculated weights of
neuron cells of R, Y, and B phases respectively.

The normalized signal at the output of the normalizer is multiplied with a pre-determined
synaptic weight. The product obtained is added with a pre-determined bias to implement Eq. 3. The
values of the synaptic weights are calculated by training ANN using Delta Learning Rule. The
Gradient Descent Algorithm is used to calculate optimum values of parameters by minimizing the
Cost Function (Cr) given by Eq. 4.

n

1
CF = HZ(Yp(n) - YW)Z (4)
p=0

Yw is the actual output for p training sample. The term (Y, —Y,) is for calculating the
difference between the actual value and fitted value of the p™ training example. The cause that
squaring is to eliminate the sign earlier to this error as it can be both positive and negative. The new
weights are calculated by using weight updating equations given in Eq. 5 and Eq. 6.

n

1
Wys = Wys + X HZ(YP(S) —Yy) XX, (5)
p=0
n
1
Wop = Wop + n X HZ(Y"(S) ~Yy) (6)
p=0

Where n is the learning rate which is a parameter that decides to what extent the new weights
change concerning old values. The activation function is a function that is used to map the output of
ANN Yrs into a response variable based on a decision. The threshold activation function is used to
convert process value Y, into a decision which is given by Eq. 7.

0 Yps) < 6
Ty = f(Yps)) = {1 Yoes) > 0 ™

Jis1,2,3,.,6 and O is the threshold value. The value of 6 is determined by observing the output
Y,y which is given by Eq. 3. The output of the processing unit is provided as an input to the
activation function which compares it with a threshold value. The output of the activation function
is ‘1" if the fault is present in the switch and ‘0" for the healthy condition.

Processing units Activation function

Processing Unit 1 4.{ £ {(Yaqu;)
Yo

Processing Unit 2 Ty}
[Yeuy
Current Sensors

Processing Unit 3 £ (Vi)
In I s Voo
Current to Voltage Converter
Processing Unit 4 1 (Yrqwy) Té
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=

Result of Open Circuit Fault Diagnosis

Vul V\i Yu l
Processing Unit 5 _.{  (¥yery)
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Figure 1. Fault Diagnosis System.

Three-phase normalized voltage

Vim



https://doi.org/10.20944/preprints202502.2233.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 28 February 2025 d0i:10.20944/preprints202502.2233.v1

5 of 16

3. Implementation

An open-circuit fault in the VSI is introduced by opening the collector terminal in the
experimental setup for the proposed HISNA system. Such a facility is generated in the test box. The
Data Acquisition System (DAS) consists of a VSI, induction motor, and real-time interface. A
protection circuit is provided to avoid the damage to the IGBTs, caused due to various faulty
conditions. The specifications of VSI used in experimentation are given in Table 1. The variable load
conditions are implemented in the test bench for its application during the proposed methodology
assessment using a pulley wheel mechanism which helps to increase or decrease the load on the
induction motor. An induction motor with 0.75kW, 1415 rpm, and 1.8 Amp current rating is used for
experimentation. The features like analog to digital converter and Pulse Width Modulation of DSP
processor TMS320C2407 are used. The experimental setup is shown in Figure 2.A. The three-phase
AC signal at the output of the inverter is passed through a filter circuit. These individual phase signals
are normalized within the range of “+1” to avoid the effect of load variation.

Table 1. Specifications of VSI.

Parameters Values
DC Link Electrolytic Capacitor  5000uF
Load Inductance 10mH
Load Resistor 0.20Q2
Output AC Voltage 230Vp
Output Current 3.0630 Amp
Output Frequency 40Hz -70 Hz
Load Power (Variable) 500W — 1.5kW

The normalized signal is used to train ANN which is implemented by the equation Eq.3. The
values of weights Wp and Wop are calculated using Gradient Descent Algorithm implemented using
MATLAB as given below.

1. Load training data as input vector V) and their expected output vectorY,,. Initialize weights
(Wpand Wy,,), number of iterations, learning rate (1), and cost function (Cr).

Calculate value of new weights using Eq.5 & Eq.6.

Calculate values of the Y, using equation Eq.3.

Calculate values of the cost function using equation Eq.4.

wokw

Repeat steps 3, 4, and 5 for the given number of iterations or till getting the required value of Ct.
A separate processing unit for each switch is implemented to diagnose OCF in the switch. To
implement the HISNA system, samples of health conditions and samples with faulty conditions have been
combined. For the information that is collected to diagnose the fault in T1, combinations like T1, T1-T2,
T1-T3, T1-T4, T1-T5, and T1-T6 have been taken. Such information is collected for other switches. For
example, the combination of T2, T2-T1, T2-T3, T2-T4, T2-T5, and T2-T6. In this way, such six sets for the
six switches have been made. Different values for Wyand W, are calculated for each set. The algorithm
above is used to find it. The calculated weights are substituted in Eq. 3 to obtain the output.

The ANN model is trained for 10000 iterations with a 0.007 learning rate which is obtained by
trial and error. The parameters W,and W, obtained during the implementation of the HISNA
system are given in Table 2. By putting these values of weights in Eq. 3 and looking at the healthy
condition of the switch, the maximum value of Y, for the good condition is 0.86. Therefore, the
value of 0 for OCF diagnosis is greater than 0.86. The output of the processing unit is compared with
the threshold value to decide whether the switch is healthy or faulty using Eq. 7. The threshold
activation function is implemented for each switch by observing the values of output. The
Operational Amplifier (Opamp) based comparator circuit is used to implement the activation
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function. The sensed signal was the current parameter (Ir) that has changed to voltage (Vr) using the
V-I converter. Vr is divided by the voltages (Vrc) stored in the capacitors. In this case, Re1, Rr2, and
Rrs have been used to fine-tune the sensed signals from VSI as shown in Figure 2.B. The values of R,
Rrz, and Res are kept such that the sensed signals given as input to the multiplier will always be
between -1 and 1. To get normalized values within the range of +1, Vr is stored in the capacitor. Detail
step of HISNA Implementation for IGBT T1 are given below.

Step 1. Current normalization: For diagnosis of faults under variable load conditions, three-
phase currents are normalized within the range of +1. The peak voltage Vm is stored as Vre, Vvc and
Vsc in capacitor as shown in Figure 2. The input voltage Vi, Vy and Vs are divided by Vrc, Vyc and
Vsc respectively normalization like Vrn, Vyn and Ve~ within the range of +1.

Step 2. Data Collection: The three-phase current waveforms are collected under healthy and
different faulty conditions. An open circuit fault in the VSI is introduced by the opening collector
terminal. Such a facility is generated in the test box. A protection circuit is provided to avoid the
damage to the IGBTs, caused due to various faulty conditions. A data packet consists of an
accumulation of samples for the angular frequency of 3600 or one fundamental period of the current
cycle. The training data set consists of 5000 samples for healthy and faulty conditions. Such samples
are separately collected for six processing units which are shown in Figure 1. The testing data set
consists of 1250 samples.

Step 3. Weights Calculation: The collected data samples for every processing unit are used to
calculate the weights of that processing unit using MATLAB. For every processing unit weight (W)
and bias (Wy,) are calculated using Eq. 5 and Eq. 6.

Step 4. Multiplier: The normalized voltages like Vry, Vyn and Ven are multiplied by their
respective weights calculated in Step 4.

Step 5. Adder: The result of multiplication in above step 4 is added using adder circuitry as
shown in Figure 2.

Step 6. Comparator: The processed value in step 5 is converted into the decision of whether the
IGBT is healthy or faulty. Such a decision is taken by comparing the processed value with the
threshold value as given in Eq. 7. By observing the waveforms in Figure X to Fig X the threshold
value (0) is decided as 0.86. The threshold values i.e. in this application of fault diagnosis the
normalized signals are used hence it is not required to change the threshold value (0) as per load
variation.

Table 2. Calculated values of synaptic weights and Ct using Gradient Descent Algorithm.

Switch ~ Wr Wy Ws Wo Ct (%)
T1 036 010 0.09 0.58 0.89
T4 034 006 008 0.65 0.90

Figure 2. A. Experimental setup.
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4. Results and Discussion

In this section results for some faulty conditions are presented to elaborate on the performance
of the HISNA system. Analysis of the system is done with the help of waveforms under different
conditions in the time domain.

A. Single switch open-circuit fault (T1):

In this, an open circuit fault is generated in T1 at time instant T_Fault. It is required to avoid false
interpretation of waveforms of three-phase signals. Hence evaluation of the output is done with the
help of processed value. All the waveforms are shown in Figure 3. In this case, a sample value is taken
from the normalized three-phase current waveform, R =0.9162, Y =0. 315, B = 0.8746 giving processed
value Yp(yy = 1.0727. As the processed value is greater than the threshold value, it indicates that
switch T1 is faulty.

B. Double switch OCF in the upper part of different legs (T1-T3):

Switches T1 and T3 are present in the upper part of the different legs in an inverter. In an
inverter, the fault is introduced in T1 and T3 switches. The time domain waveforms of three-phase
current in healthy as well as in faulty conditions at different phases are shown in Figure 4. For
analysis purposes sample values from the waveform of Normalized Three-phase current are taken at
time instant T_Fault-1 as shown in Figure 4.b, R=0.721, Y= 0.996, B=0.980. At this point, the processed
value for T1is Yg(y)=1.0436 as shown in Figure 4.c. As this output value is greater than the threshold
value, You=1. It indicates transistor T1 is faulty and shown in Figure 4.d. Same analysis is done at time
instant T_Fault-2, R= 0.887, Y= 0.7631, B= -0.5125. For this processed value we get, Ygy)= 0.9465.
Hence a fault is indicated with Yout =1.

C. Double switch OCF in the same phase (T1 and T4):

The faults are generated in switches T1 and T4 lay in the same phase. This is a single-phase open
fault. The three-phase signal, normalized output, and processed signal waveforms are shown in
Figure 5. For the analysis, a sample value is taken from the normalized three-phase current waveform
at time instant T_Fault-1 as shown in Figure 5.b, R = 1.0014, Y = -1.1556, B = 0.9881. For this sample,
we get Yry) = 0.9228, which indicates transistors T1 is faulty as shown in Figure 5.c. The same
procedure is repeated for R =0.8248, Y = 0.3526, B =0.9648 giving processed value Yg(y, =1.0149. This
shows that switch T1 is defective.

D. Double switch OCF in different legs (T1 and T6):

In this, an open circuit fault is generated in T1 and T6 at time instant T_Fault. All the waveforms
are shown in Figure 6. In this case, a sample value is taken from the normalized three-phase current
waveform, R=0.9162, Y = 0.8746, B = 0. 315 giving processed value output=1.0599. As the processed
value is greater than the threshold value, it indicates switch T1 is faulty.

E. OCF diagnosis under variable load conditions:

The time domain waveform of transient caused due to load variation from light to heavy load
during T-1 fault condition is shown in Figure 7.a. Due to load variation, the amplitude of three-phase
voltage is changed and generates variations in sensed three-phase voltage. Three phase currents are
normalized in the range of +1 shown in Figure 7.b. An unimportant change in the amplitude is
observed in load voltage during load variation, which is no sudden rise or fall in the current signal.
Hence, the results of HISNA will not affect. The values of Yg(y, after IGBT fault are very high as
compared to the values of threshold as shown in Figure 7.c.

A comparison of various open switch fault diagnosis methods based on their effectiveness,
resistivity, detection time, implementation effort, tuning effort, diagnostic capability and threshold
dependence is given in Table 3. The Park’s Vector method shows ambiguity at small currents and
has poor resistivity under such conditions, with a detection time of 20 ms. It requires medium
implementation effort and high tuning effort but is limited to diagnosing single switch faults with
high threshold dependence. The Slope method also struggles at small currents, with poor resistivity
and a higher detection time of 38.3 ms. It has low implementation effort but high tuning effort,
diagnosing only single switch faults with high threshold dependence. The Centroid-based fault
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detection method demonstrates good effectiveness and resistivity but lacks reported detection time
and tuning effort. It is capable of diagnosing single switch faults without a specified threshold
dependence. The Wavelet-Fuzzy method performs well if fuzzy rules are carefully designed,
showing good resistivity and a detection time of five cycles. However, it requires high
implementation effort and medium tuning effort, with low threshold dependence. The Wavelet-
Neural Network approach achieves a diagnosis error of less than 5%, with good resistivity if the
neural network is thoroughly trained. While its detection time is not specified, it demands high
implementation effort due to neural network training but requires low tuning effort. It is capable of
diagnosing double switch faults without threshold dependence. The Modeled-Based ANN method
exhibits a prediction rate of around 75% but has unspecified resistivity, detection time, and tuning
effort. It requires high implementation effort and is capable of diagnosing double switch faults. The
Hybrid Approach, which combines Park’s Vector and Wavelet-Neural Network methods, offers good
effectiveness and resistivity with a significantly reduced detection time of % cycle. It requires high
implementation effort and can diagnose multiple switch faults without threshold dependence. The
proposed HISNA system demonstrates similar advantages, achieving good effectiveness and
resistivity with a detection time of a cycle. However, it requires lower implementation effort
compared to the hybrid approach while maintaining the capability to diagnose multiple switch faults
without threshold dependence.
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Figure 2. B. Circuit diagram of fault diagnosis method.
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Table 3. Comparison of Open Switch Fault Diagnosis Methods.
Detection | Implementation | Tuning | Capability Threshold
Methods | Effectiveness | Resistivity
time Effort Effort to diagnose | Dependence
Park’s Poor at
Ambiguous at Single
Vector small 20.00 ms Medium High High
small currents switch fault
method currents
Slope Poor at small Single
Poor 38.30 ms Low High High
method current switch fault
Centriod
based Single
Good Good - Medium - N/A
fault switch fault
detection
Good if the
Wavelet
fuzzy rules Single
fuzzy Good 5 cycles High Medium Low
are carefully switch fault
Method
designed
Good if
Wavelet-
Diagnosis NN is High due to NN Double
Neural - Low N/A
error <5% thoroughly training switch fault
N/w
trained
Modeled
based Prediction rate Double
- - High - N/A
ANN of around 75% switch fault
method
Hybrid
Approach
(Park’s
Vector
Multiple
method Good Good Y4 Cycle High - N/A
switch fault
and
Wavelet-
Neural
N/w)
Proposed
Multiple
HISNA Good Good 1 Cycle Low - N/A
switch fault
system
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Figure 3. Results regarding the time-domain waveforms of the three-phase currents, the normalized currents

ANN processed output, and the diagnosis result of T1 open circuit fault.
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Figure 4. Results regarding the time-domain waveforms of the three-phase currents, the normalized currents,

ANN processed output, and the diagnosis result of T1-T3 open circuit fault.
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Figure 5. Results regarding the time-domain waveforms of the three-phase currents, the normalized currents,

ANN processed output, and the diagnosis result of T1-T4 open circuit fault.
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Figure 6. Results regarding the time-domain waveforms of the three-phase currents, the normalized currents,

ANN processed output, and the diagnosis result of T1T6 open circuit fault.
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Figure 7. Results regarding the time-domain waveforms of the three-phase currents, the normalized currents,

ANN processed output and the diagnosis result of T1 open circuit fault under variable load conditions.

5. Conclusion

In this work, a single neuron is constructed using basic electronics components. The delta
learning rule has been used to find the values of the weights and biases. Using this algorithm, three
weights and one bias are calculated for each switching device. The current signal is converted into
voltages using a V-I converter. Normalized three-phase voltages are given as input to a single neuron
model. The paper explains how all the training samples needed to train a single neuron were
collected. The built-in single neuron model was tested with all combinations of switching devices like
single switch faults, double switch faults in the same leg, and double switch faults in different legs.
The proposed HISNA system outperforms existing open switch fault diagnosis methods by offering
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good effectiveness and resistivity with a fast detection time. Unlike the Hybrid Approach, which
requires high implementation effort, HISNA achieves similar diagnostic accuracy with lower effort.
Traditional methods like Park’s Vector and Slope suffer from poor resistivity and longer detection
times, while ANN-based techniques demand intensive training. HISNA ensures efficient multiple
switch fault diagnosis without threshold dependence.
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