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Abstract—In recent years, data-driven methods have shown
promise in diagnosing various open circuit fault (OCF) modes
in inverter drive applications. However, existing studies primarily
evaluate the reliability of these methods based solely on classifica-
tion accuracy, neglecting critical real-time factors, such as compu-
tational delays and data transfer latency associated with the data-
driven approach and communication protocols, respectively, which
can affect real-time operational reliability. This article addresses
these gaps by proposing a universally applicable reliability score
criterion that integrates classification accuracy with system timing
profiles. In addition, a model predictive control strategy employing
active thermal management (ATM) is applied to the drive system,
enabling a detailed analysis of the impact of OCF modes on the
junction temperature of MOSFETs. Moreover, a novel feature ex-
traction dataset is introduced, leveraging resistive/conduction loss
data from the ATM scheme without requiring signal preprocessing.
The proposed reliability score quantification and the dataset’s
diagnostic potential are validated using various data-driven clas-
sifiers. The most reliable classifier, achieving a 99.95% diagnosis
accuracy, is further tested under diverse operating conditions using
a control hardware-in-the-loop setup on an OPAL-RT testbed and
Raspberry Pi.

Index Terms—Active thermal management (ATM)-based model
predictive control (MPC), online fault diagnosis, reliability score
quantification, two-level three-phase inverter.

I. INTRODUCTION

HREE-PHASE voltage source inverters (VSIs) have exten-
sive applications in the automotive and electrical power
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sectors. Within these applications, open circuit faults (OCFs)
in the power switches of VSI account for up to 38% of total
inverter faults [1]. These faults pose significant challenges to
a sustained system operation by causing extreme mechanical
vibrations, electromagnetic torque distortions, and current fluc-
tuations. This, in return, results in excessive thermal stress
on healthy switches and subsequent failures of other adjacent
system components. Therefore, various substantial methods for
OCF diagnosis (detection and localization) are developed to
ensure a reliable, safe, and continuous fault-tolerant operation of
VSI. These methods can be broadly categorized as model-based,
signal-based, and data-driven approaches [2].

In model-based fault diagnosis techniques, initially, an ex-
plicit mathematical model of the practical system is obtained
by various observer-based approaches [3], [4], [5], parity equa-
tions [6], and state estimation schemes [7], [8]. Then, the model-
generated outputs are compared to the actual measured values
of the system for OCF diagnosis [2]. This approach offers a
relatively fast diagnosis without any additional hardware. How-
ever, model-based schemes are not preferred due to the high
dependence on the accuracy of the system model. This leads to
problems associated with modeling complexity and parameter
uncertainties in the working environment.

For signal-based schemes that do not use a system’s mathe-
matical model, fault indicators are identified by analyzing time
or frequency domain signals using various signal processing
techniques such as wavelet analysis and fast Fourier transform
(FFT). These techniques, however, can increase the diagnostic
time and computational burden [9] in signal-based methods.
Moreover, these methods also suffer performance degradation
due to load fluctuations and unbalanced operating conditions
as well [2], [10]. Signal-based techniques can also be further
divided into current-based [11], [12] and voltage-based [13],
[14] methods based on the signal under test. In this regard,
the current-based schemes have no extra hardware prerequisite
and operate independently of converter parameters. Regarding
diagnostic speed, current-based schemes require relatively more
time, generally one fundamental period, to ensure higher detec-
tion accuracy, leading to slow diagnosis [15]. However, voltage-
based methods exhibit better accuracy and higher diagnostic

0885-8993 © 2025 IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence and similar technologies.
Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: CLEMSON UNIVERSITY. Downloaded on July 23,2026 at 16:39:58 UTC from IEEE Xplore. Restrictions apply.


https://orcid.org/0009-0003-2610-2494
https://orcid.org/0000-0002-9733-9478
https://orcid.org/0000-0002-0081-7702
https://orcid.org/0000-0002-3451-9826
https://orcid.org/0000-0003-1043-8930
https://orcid.org/0000-0003-3934-0240
https://orcid.org/0000-0002-0054-5778
https://orcid.org/0000-0002-2885-9621
https://orcid.org/0000-0001-8883-834X
mailto:aarsala@clemson.edu
mailto:bpapari@clemson.edu
mailto:bpapari@clemson.edu
mailto:ltimils@clemson.edu
mailto:gmuriit@clemson.edu
mailto:amoghas@clemson.edu
mailto:amoghas@clemson.edu
mailto:smimrar@clemson.edu
mailto:eburaim@clemson.edu
mailto:gokhano@clemson.edu
mailto:cedring@clemson.edu
https://doi.org/10.1109/TPEL.2025.3546221

ARSALAN et al.: RELIABILITY SCORE BENCHMARKING AND RESISTIVE LOSS PROFILE-BASED OCF DIAGNOSIS APPROACH FOR MDS

speed because the terminal voltage of power switches expresses
the OCF features first compared to current-based methods [16].
Moreover, voltage-based techniques have complimentary hard-
ware requirements, which, in return, increases the overall com-
plexity of system topology, design cost, and sensor-based fault
vulnerability points.

On the other hand, data-driven approaches can be applied to
time-varying and complex nonlinear systems without relying
on the system’s model, pretuned thresholds, and load patterns.
The limitation of data scarcity associated with this approach
can be addressed by collecting the system’s data in different
operating conditions using reliable real-time simulators, such
as OPAL-RT, Typhoon, and Speedgoat. Moreover, compared to
the sturdy algorithms of signal-based and model-based meth-
ods, data-driven schemes exhibit high versatility and superior
generalization performance, making this approach suitable for
diagnosing various adjacent fault conditions in VSI.

Generally, data-driven methods use a data-based model to
establish a mapping relationship, similar to system dynamics,
between the input features and output labels [17]. Then, based
on this correlation, the trained data-driven model is employed
to distinguish between different system states. Moreover, a
highly consistent, clean, correctly labeled and balanced data
set can enhance the learning curve of a data-driven model.
Therefore, various signal preprocessing techniques, such as FFT,
principle component analysis (PCA), wavelet packet transform,
and FFT+Relief, are used for input data dimensionality re-
duction and highly correlated feature extraction in [16], [18],
[19], [20], [21], and [22]. These methodologies utilize random
vector functional link (RVFL), Bayesian networks, multiclass
relevance vector machine, long short-term memory (LSTM),
and extreme learning machine (ELM)-based RVFL as OCF di-
agnosis algorithms for two-level and multilevel inverters. Apart
from using frequency domain features, various time domain
statistical features as diagnostic signals can also be used as
in [23] and [24] with a data-driven classifier for abnormalities
detection. Moreover, in [25] and [26], convolution neural net-
work (CNN)-based fault diagnosis methods are proposed, where
time-domain diagnostic signals are converted into 2-D images
for OCF feature extraction. So, these feature extraction schemes
can be categorized into frequency, time, and image-based ap-
proaches. Furthermore, in [27], various data-driven schemes
have been evaluated for fault diagnosis in power electronics
applications, showing that deep learning algorithms [i.e., LSTM,
CNN, recurrent neural network (RNN), autoencoder] perform
better than machine learning (ML) [i.e., support vector machine,
ELM, decision tree (DT)] and neural network algorithms [i.e.,
multilayer perceptron (MLP), backpropagation neural network,
radial basis function, and fuzzy neural network]. However, this
proposition can vary based on the application.

The diagnostic speed of these data-based schemes relies heav-
ily on feature extraction window size, data-driven model compu-
tational time, and data communication delay. In this regard, sev-
eral past studies used the fixed window size to achieve balanced
OCEF diagnosis, as in [9], [16], [20], and [28], which is suitable
for a motor drive system (MDS) with a short speed range.
However, for a wide-speed domain, it can lead to inadequate or

9825

excessive diagnosis data, particularly when the fundamental pe-
riod is significantly smaller or larger than the window size, which
may result in misclassifications or slow diagnosis. Therefore, to
overcome these shortcomings, a dynamic feature extraction time
window as a function of the fundamental period is preferred in
this work, where the input diagnostic data transfer rate will be
proportional to the varying fundamental period of MDS.

Moreover, in existing data-based approaches, the diagnosis

performance solely considers the predicted output and ground
truth for accuracy evaluation during offline validation. Under
this approach, a highly accurate data-driven classifier may work
perfectly during online diagnosis when the sum of the computa-
tional latency of the data-driven model and communication delay
is less than the feature extraction time-window size. However, at
high RPMs with a fundamental period of a few milliseconds, the
delay can exceed the window size, which may lead to congestion
in the communication framework, overruns, slow diagnosis,
and consistent false alarms. Hence, the conventional reliability
quantification approach cannot guarantee the real-time diagnosis
performance of a data-driven approach. Moreover, for a data-
driven algorithm to work effectively, the sum of computational
and communication delays should always be less than the feature
extraction time-window size. Therefore, a data-driven approach
with a simplistic feature extraction scheme and a data-driven
classifier with less computational burden is always preferred. In
this regard, various previously discussed data-driven schemes
that use signal preprocessing techniques for feature extraction
are exposed to high computational load. On the other hand, in
the proposed scheme, the inherent segregation property of an
ATM-based scheme is used as leverage to capture the dynamics
of each semiconductor device in a three-phase inverter, which
further acts as a reliable dataset for OCF diagnosis without the
need for any signal preprocessing technique. So, the contribu-
tions of this work can be summarized as follows.

1) Existing data-based approaches typically use conventional
classification accuracy as the primary reliability metric.
However, this reliability score can demean at certain
vulnerable instances, such as at high RPMs, during the
real-time operation of MDS. To address this limitation,
we propose a comprehensive reliability score that incor-
porates not only classification accuracy but also factors
such as feature extraction time, model computation time,
and data transfer delay, ensuring a more robust evaluation
in realistic scenarios before online diagnosis.

2) The OCEF is a single power switch can induce increased
thermal stress on the healthy switches, which is rarely
discussed in the existing literature. Therefore, this work
also illustrates the real-time influence of various OCF
modes on the junction temperature of power switches.

3) Combining data processing techniques, such as FFT with
complex data-driven models can improve classification
accuracy but often results in high computational costs [9].
To address this, this work introduces a simplified conduc-
tion loss profile-based dataset derived from ATM-based
MPC as a novel OCF feature extraction method. This
approach leverages predefined control layer signals, elim-
inating additional computational and hardware demands.
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Fig. 1. Cyber—physical system of MDS based on ATM-based MPC.
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Fig. 2. Various OCF modes of inverter. (a) SS-OCF. (b) SDS-OCF. (c) CDS-
TABLE II

OCEF. (d) PDS-OCF.

Furthermore, the proposed dataset’s effectiveness in OCF
diagnosis is evaluated using a reliability score quantifica-
tion scheme across various data-driven classifiers.

The rest of this article is organized as follows. Section III
explains the MDS modeling with ATM-based MPC and conduc-
tion loss estimation. The proposed loss-based feature extraction
dataset acquisition and reliability score formulation are elabo-
rated in Section IV. Finally, Section V concludes this article.

II. SYSTEM LAYOUT AND FAULT LABELLING

The typical structure of the MDS with two-level, three-phase
VSIis shown in Fig. 1. The control signals are generated via an
ATM-based MPC, which considers the electrical and thermal
attributes of a power converter for cost function minimiza-
tion [29]. A simplified RC network known as a lumped parameter
thermal network (LPTN) is used to model the thermal states
of semiconductor devices analytically [29]. Moreover, the OCF
associated with the inverter’s semiconductor devices can mainly
occur in single or two-power switches. Therefore, in this study,
all possible combinations for single-switch and double-switch
OCEF are considered, which can be summarized as single-switch
OCF (SS-OCF), series double-switch OCF (SDS-OCF), cross-
double-switch OCF (CDS-OCF), and parallel double-switch
OCF (PDS-OCF), as shown in Fig. 2 with different assigned
labels in Table 1.

CURRENT CONDUCTION SEQUENCE FOR MOSFETS AND DIODES IN PHASE-A
UNDER VARIOUS OPERATING CONDITIONS

S1 So Current Conduction pattern (phase-A)
State  State  Direction S1 S Dy D2
ON OFF ig >0 Yes No No No
ON OFF 1q <0 No No Yes No
OFF ON iq >0 No No No Yes
OFF ON iq <0 No Yes No No
OFF OFF iq >0 No No No Yes
OFF OFF iqg <0 No No Yes No

A. Conduction Loss Estimation

Each phase of a two-level, three-phase inverter consists of
two power transistors (upper and lower) and two antiparallel
diodes (upper and lower). The upper switch and lower diode
can only conduct the positive current into machine winding,
whereas the negative current can only flow through the upper
diode and lower switch, as illustrated in Table 2. The power
transistor and the diode conduct current consecutively in each
switching period, as it can be correlated to Fig. 3(a), which shows
the conduction losses of the upper power switch and lower diode
during the positive half-cycle in normal mode. Moreover, con-
duction losses are influenced by several factors besides current
values, including the switch brand and its associated ON-state
resistance dynamics under varying junction temperatures and
drain-to-source current values. This loss pattern almost remains
the same for all the power transistors and the concerted diodes
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Fig. 3. Conduction losses in phase-A, (a) Normal operation. (b) Open-circuit
fault.

during normal operation. The power loss in the diode is higher
than in the power transistor due to the larger weighted voltage
drop during the forward bias condition. These weighted values
are determined through curve fitting applied to the 145 versus Vgg
data provided in Fig. 7 of the SiC half-bridge module’s datasheet
(Cree/Wolfspeed CAB530M12BM3, 1200 V, 530 A) [30]. Simi-
larly, the conduction losses for the power transistor are estimated
using the relationship between Iy and the normalized ON-state
resistance of the MOSFET, as shown in Fig. 2 of the same
datasheet. However, since the datasheet provides these values
only for specific junction temperatures, the ON-state resistance
for intermediate junction temperatures is calculated using the
following approach:

T.
Rds](on)

= Ry (1+ 15 (1)

T5=T}(rer)
ds(on) ﬁ)

where T} represents the junction temperature, I? dsj((mg is the
ON-state resistance at a predefined junction temperature (as
specified in the datasheet), and « denotes the thermal factor,

which is the rate of change of ON-state resistance with respect to

the junction temperature. Using these parameters, Rg;j on) refers
to the ON-state resistance corresponding to the required junction
temperature. The junction temperature, 7, is calculated using
the LPTN-based Cauer-type thermal network described in [29].

The calculated value of 7} is then used to estimate Rz;j on) using
(1), as illustrated by the dotted lines in Fig. 4. In addition, the
current values for each MOSFET switch and diode under various
switching states can be determined using the conduction pattern
of phase-A, as shown in Table 2. Hence, the conduction losses
for the MOSFET switch and diode can be formulated, as given in

(2a) and (2b), respectively

mft T;
Pcofltd = Igs * Rds(on) (2a)
Pcdond =Ip*Vp (2b)
Pioni = Pitna + Peond (20)
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Fig. 5. Conduction loss in MOSFET-1 and MOSFET-2 during normal opera-
tion and OCF in MOSFET-1.

where Iy is drain-to-source current, and RZ;J'(O") is obtained via
(1). For (2b), I is the current flowing through the antiparal-
lel diode, and V is the voltage drop across the diode under
forward-bias condition. The total power loss for each of the
semiconductor module per sampling period can be calculated by
using (2¢). Conduction losses vary significantly in the presence
of OCFs in power transistors, resulting in distinct dynamic be-
haviors depending on the fault category. In this context, Fig. 3(b)
illustrates the impact of conduction losses on Dy and S, for a
specific OCF case. The results show that the OCF influences
the switching sequence, with Sy remaining continuously ON
for more than half of the negative half-cycle of phase A. This
phenomenon is discussed in detail in the following section.

B. Conduction Loss Dynamics During OCFs

Fig. 5 shows the variation in conduction losses of power
switches and antiparallel diodes in phase-A when OCF occurred
in S7. During normal operation, the conduction losses behave
consecutively for each power switch and diode, where the diode
has a higher loss value than the power switch. The total con-
duction losses for the power switch and diode in one cycle
remain the same for both MOSFETs of each phase. Whereas, when
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OCF occurred in S7, the conduction loss for S; and D5 turns
to zero because conduction of the positive current of phase-A
is no longer possible. Moreover, there is an increase in the
conduction losses for D; and S5 due to the associated rise in a
negative current. Therefore, after the OCF in .S1, the total losses
in one cycle for the upper MOSFET are higher because the diode
conducts with inherently higher conduction losses. In addition,
as these characteristics are independent of any triggering thresh-
olds and load variations, they can be used as a reliable feature
for fault diagnosis. When an SS-OCF occurs in one phase, the
impact on frequency, magnitude, and phase also propagates to
the remaining phases as well, which can be examined via FFT
algorithm. In this regard, Fig. 6 shows the propagating impact of
OCFin S1, on the conduction losses for the remaining MOSFETS,
in phases B and C. In Fig. 6, the highlighted instances where
losses become zero are because of the MOSFET irregular behavior
of continuous conduction controlled by switching states, also
shown in detail in Fig. 3(b). Finally, these distortions in losses
for all six semiconductor modules with distinct dynamics can
be fed to train a data-driven algorithm for OCF diagnosis.

II. PROPOSED METHOD FOR OCF DETECTION AND
LOCALIZATION

The proposed data-driven ML approach for an OCF diagnosis
in a three-phase inverter, leveraging conduction losses as a key
feature, is illustrated in Fig. 7. This approach involves two
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Fig.7. Proposed conduction losses-based OCF diagnosis algorithm flowchart.

main stages: offline training of the ML network and its online
deployment in a target environment for real-time OCF diagnosis.

Conduction losses serve as a highly effective feature for OCF
detection and localization due to the inherent ability of the ATM-
based MPC approach to segregate electrical losses, enabling
optimal thermal stress control for each semiconductor device.
The advantages of conduction losses over traditional three-phase
current measurements for OCF diagnosis have been demon-
strated in [31]. Unlike methods that rely on three-phase current
combined with computationally intensive processes, such as
FFT for fault frequency extraction and the ReliefF algorithm for
feature selection and dimensionality reduction [16], conduction
losses offer a more streamlined and efficient alternative. Since
conduction loss dynamics are inherently generated within the
ATM-based MPC framework, they require no additional com-
putation beyond the MDS control layer.

This simplicity becomes particularly important when deploy-
ing ML classifiers in power electronics applications, where high
computational loads can lead to overruns. An overrun occurs
when the incoming data frequency from the MDS exceeds
the processing speed of the ML network—resulting in slow
diagnosis and potential false alarms. Therefore, it is crucial
to consider the diagnostic data rate and the execution time of
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ML classifiers during reliability testing and before real-time
deployment of the model. To address these challenges, this
work introduces a conduction loss-profile-based dataset as a
new feature extraction approach and proposes a novel reliability
quantification scheme for evaluating various ML classifiers in
OCF diagnosis. These contributions ensure robust, real-time
performance while minimizing computational overhead during
deployment.

A. Feature Extraction and Preprocessing

The database, providing prior knowledge to an ML model
about the operational characteristics of each MOSFET in an in-
verter, acts as a foundation to ensure the accuracy and reliability
of the associated ML classifier. In this regard, 22 different opera-
tion modes of the inverter are considered, as given in Table 1. The
operational data of MDS should be collected for each operation
mode while considering various operating conditions associated
with the reference speed and load torque of MDS. In this regard,
for offline training, initially, the conduction losses of each power
switch and diode, estimated via the three-phase output current
of the inverter under various operating conditions, are obtained
via (2a) and (2b)

|: PLoss PLoss

Xswiteh = |PES Py ...,PSF(Oiier)} L i=1 (3

Phesy], i=1 @

where P}(‘f)s and Pg;"fs represent the conduction losses in each
power switch and antiparallel diode. These losses remain zero
when there is no conduction, whereas, during the conduction
cycle, loss values continuously switch between zero and nonzero
values in each sampling instant, as shown in Fig. 3. The conduc-
tion cycle duration and the amplitude of conduction losses are
influenced by the reference speed and load torque, respectively.
Consequently, MDS operating under real-world conditions can
exhibit rapidly changing and highly dynamic conduction loss
behaviors, leading to unpredictable scenarios. These intricate
inverter dynamics, involving all twelve semiconductor devices,
demand more advanced ML models and larger training datasets.
However, this approach significantly increases computational
costs and adds complexity to the control architecture and data
preparation process. Therefore, for OCF diagnosis, adopting
a simplified dataset with a straightforward ML model offers
several advantages. It enhances generalization, reduces compu-
tational and communication burdens, and improves the model’s
adaptability to handle unconventional or underrepresented sce-
narios efficiently. To address this, instead of considering the
conduction loss value of each semiconductor device at every
sampling period, the average conduction loss over a complete
fundamental period is estimated. This preprocessing strategy
simplifies the dataset while maintaining diagnostic effective-
ness, given the data extraction window size of one fundamental
period. The conduction loss transients in (3) and (4) are reformu-
lated using this averaging approach, as outlined in the following:

Xdiode = [P<1L(Of)s7 P;(‘)iil)’ e

T(t2,t%) = 27 Jw, ©)

crvc
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where 7' is the estimated fundamental time period, and w, is
the electrical rotor speed (rad/s). Moreover, X Ei) represents
the average values of conduction losses for the conduction
period of each power switch and diode illustrated as ¢7 and
t4, respectively. In addition, n and ns) illustrate the total
number of nonzero values in the conduction period of each power
switch and diode, respectively. Furthermore, the effectiveness of
various ML classifiers for the suggested OCF feature extraction
method can be assessed using diverse performance metrics,
such as accuracy, precision, and recall, as documented in the
literature [32]. The architectures of the data-driven classifiers,
including feedforward neural network (FNN) and LSTM, tested
for the proposed OCF feature extraction method, are explained
as follows.

B. Classification Using FNN

This study uses the most commonly used feedforward MLP
neural network with four layers (one input, one output, and two
hidden layers), as shown in Fig. 8. The input of an i, neuron
in the hidden layer without bias at nth learning instant can be
defined as

J
net;(n) = Y _myz(n), i=12..T1-1 (7)
j=1

where J is the total number of neurons for the input layer, m is
the weighting factor, and x; is the input data from jth neuron.
Moreover, a rectified linear unit activation function is applied
to this sum of the first fully connected (FC) hidden layer as
follows:

yi(n) = net;(n)™ = max(0, net;(n))

t; , if net; 0 .
yi(n) = 4 R b net(m) >0 )
0 otherwise.

Finally, the sum of all hidden layer neuron outputs is fed
into the output layer with the softmax activation function to

predict the class labels. The output layer with softmax activation
function transforms the output values from the FC layer into a

Authorized licensed use limited to: CLEMSON UNIVERSITY. Downloaded on July 23,2026 at 16:39:58 UTC from IEEE Xplore. Restrictions apply.



9830

Forget Gate Input Gate

Cunl Output Gate 1Cr

|

tanh :

o) :

v |
|

T

|
|
|
: S
|
|
| tanh a
h(/-/): | | | |

Fig. 9. Structure of a basic LSTM cell.

probability distribution for all output classes, with the total sum
equal to 1

evi(n)

Softmax(y;(n)) = §; = ©

>ic1 ert”
where y; (n) represents the output from the FC layer’s ith neuron
atn learning sample, and n.. is the total number of target classes.
Finally, the output from softmax is fed into the categorical cross-
entropy cost function to minimize the error between predicted
labels and ground truth while obtaining the optimal weights for
hidden and output layers

min J = H(y,) = — > v; - log (i) (10)

where y; and gy; represent the true (one-hot encoded) and the
predicted probability of class ¢, respectively. The negative sign
turns the cross-entropy minimization into a maximization prob-
lem. Backpropagation and gradient descent methods are used to
adjust the weights and biases in FNN based on the cross-entropy
error. Finally, Tensorflow is used to build this network with
hyper-parameters as follows: batch size= 24, learning rate=
0.1 ms; 1 ms; 5 ms, hidden size = 16, optimizer = Adam.

C. Classification Using LSTM

An LSTM is the extended version of an RNN, preferred due
to its ability to capture the long-term dynamic features and
temporal patterns of sequential data. Therefore, similar to system
dynamics, LSTM establishes a definitive correlation among
different time series input features and better distinguishes be-
tween different system operational states. Hence, a correlation
among time series data sets, similar to system dynamics, is
established. Moreover, LSTM is computationally expensive and
has a longer training time due to its complex architecture, as
shown in Fig. 9, where the forget gate, input, and output gate
are used to solve the vanishing gradient problem in conventional
RNN and FNN. In addition, LSTM first calculates a candidate
cell state c’(t) for the given input x(;) and output from the
previous timestamp h(;_1), at each sampling period by using
c’(t> = tanh(mj;.h_1) + mg.z()). The forget gate, input gate,
and output gate are calculated as follows [33]:

Fay = o(ml.he 1y +mix) (11a)

ity = o(mp,h—y) +mb.a)) (11b)
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LSTM-based neural network architecture.

o) = o(mp.-h-1) +mg.x@)) (11c)

where mi, mi, mi, mt, mg, and m9 are the weights for
each gate. Then, the new cell state c(;) and hidden state /)
are computed by using cq) = fu) @ cp1) + i) @ c’(t) and
h(ty = o) ® tanh(c(y)), respectively.

For the problem of diagnosing OCFs in an inverter, the ar-
chitecture of the LSTM-based multiclass classifier used in this
study is shown in Fig. 10. The network has a softmax layer to
normalize the output predictions and a classification layer with a
categorical cross-entropy cost function, as illustrated in (9) and
(10). Moreover, Tensorflow is used to build this network with
hyper-parameters as follows: batch size = 24, learning rate =
0.1 ms; 1 ms; 5 ms, hidden size = 16, optimizer = Adam.

D. Reliability Score Quantification

In most past studies, the applicability of ML models in
power electronics applications is primarily centered on the ML
network’s accuracy, precision, and recall. However, incorpo-
rating ML-based networks with power electronics systems in
real-world scenarios may pose constraints on system reliabil-
ity arising from the computational burden associated with the
ML model’s complexity or their compatibility with the high
diagnostic data rate from power converters. More specifically,
the MDS, characterized by continuously changing fundamental
periods, may result in overruns during communication with a
complex ML model, specifically at high RPMs, thereby causing
slow and unreliable diagnosis. Therefore, it is crucial to consider
the timing profiles of these consecutive systems in the context
of reliability evaluation before their real-world implementation.
In this regard, system status trigger time (¢;,) and tolerance time
(Tio1) is formulated as follows:

t?;r = ﬁ : (Tfp(r)) + tgom + tg)lil
Tt =0 - (ﬂp(r))

where ¢, is the time taken to produce the associated operational
label of the inverter, mentioned in Table 1. Furthermore, T,
denotes the fundamental time period at the rated speed of MDS.
td  represents the communication delay during two-way data
transmission between MDS and ML-model, and tg}} signifies the
execution time of ML-model to process a singular set of data
for predicting an output class. Moreover, the first term of (12a)
represents the proportion of Ty, () used for data accumulation
before it is transmitted to the ML model. The value of the
weighting factor S depends on the design parameters of the
proposed approach, where the time-window size for feature
extraction is the function of the fundamental period. Generally,

(12a)
(12b)
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it is always preferred to have an § as small as possible to
have a fast OCF detection without compromising optimal OCF
diagnosis performance. Nevertheless, some past studies have
preferred fixed window size to achieve balanced diagnosis time,
as in [16]. This approach, however, can lead to inadequate OCF
feature data or a slow diagnosis process at some instances of
speed. Anyhow, for the reliability quantification of the approach
with fixed window size, the first term of (12a) will be replaced
with the associated time window value. In addition, T, signifies
the critical remaining lifetime before an OCF in a MOSFET
inflicts permanent damage to MDS’s adjacent components due
to accelerated aging and increased thermal stress [34], [35].
This critical time can also calculated by using the degradation
forecasting approach, which can be a promising area of research
for our future work. However, in this proposed study, T, is
defined as a function of Tj,(,.) and the scaling factor J, which
is assumed to be equal to 10. For an MDS operating at a
maximum speed of 733.04 rad/s (US06 drive cycle maximum
speed), the fundamental period is 2.14 ms. At this speed, fault
conditions would persist for roughly ten fundamental periods
before existing diagnostic schemes [9], [16], [19], [36], with
an average feature extraction window of approximately 25 ms,
detect the OCF. For lower speeds, the fundamental period will
be longer, and hence the fault conditions will persist for fewer
fundamental periods. Therefore, we considered the maximum
speed as it provides the maximum threshold of the number of
cycles we can tolerate under faulty conditions. Hence, we chose
0 = 10 as a practical and conservative assumption, reflecting
a reasonable weighting factor for the tolerance time estimation,
based on prior research insights. Moreover, in terms of reliability
quantification, Ti, provides an upper bound for the detection
time, i.e., the lesser the value of tfgr compared to Ti, the better
the reliability. Finally, the accumulated classification efficiency
of the ML model, using conventional gauging parameters, is
given as

A+ PR®+ Py + RyE + Ry + F155 + Fly®
7

Nml =
(13)
where A denotes accuracy, while Py ®, RNE, F150¢, Py'®, RS,
F15,# indicate the macroaverage values and weighted-average
values of precision, recall, and F1 score, respectively. Moreover,
during the training of the ML model, it is ensured that any
individual output class value for precision, recall, and F1 score
is not completely zero. Finally, the reliability score of an ML
model based on the timing profile and the conventional efficiency
scoring mechanism is developed as follows:

13 | g 2
(1 - Tm) + Pgn) (1 — S ) i
3

Ry = (1)

(14)
where g, | 7miny € {0, 1} represents a bipolar parameter. 1z, )
assumes the value of zero if tfgr > Tio and 'll)(fr‘!;in) will be
zero if (3, + ™) > Tmin; otherwise, they take the value of
one. Moreover, this proposed OCF diagnosis approach uses a
dynamic window size associated with a fundamental period for

OCF feature extraction. Therefore, r{;‘i“ as the most vulnerable
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instance is used in (14), which indicates the minimum funda-
mental period (which will be at highest possible RPM) for a
three-phase inverter output current. This period is considered
the most vulnerable because it has the highest possible diag-
nostic data transfer rate from MDS to the ML model and is
highly susceptible to overruns. Hence, evaluating the system
under its most vulnerable conditions is crucial to achieving
a practically feasible reliability assessment. Moreover, for the
reliability quantification for the fixed window size scheme, the
Timin yalue will be replaced with the associated feature extraction
time window value.

IV. REAL-TIME EXPERIMENTAL VALIDATION

The performance of the proposed OCF diagnosis approach is
demonstrated through a real-time CHIL platform setup carried
out on an MDS, shown in Fig. 1. This CHIL experiment aims
to illustrate the viability of the presented framework for real-
time applications. Moreover, the subsequent section explains the
implementation steps and experimental results for this real-time
experiment.

A. System Modeling

The MDS with ATM-based MPC is implemented in MAT-
LAB/Simulink environment integrated with the real-time digital
simulator, i.e., Opal-RT OP4510. The model is executed in RT-
LAB with real-time hardware synchronization mode. Moreover,
the detailed implementation of MDS in OPAL-RT is shown in
Fig. 11, where the power converter and PMSM are simulated
in the FPGA solver with a sampling time of up to 210 ns, and
the controller is implemented in the CPU of OPAL-RT with a
sampling rate of 25 us. The OCFs in different power switches
of the inverter are instigated by disabling the gate drive signals
from the console subsystem in the real-time MDS model, as
shown in Fig. 12.

Python-based scripts, such as ML multiclass classifiers, are
implemented on Raspberry Pi 4 model B, which aims to detect
and localize OCFs in power converter, as described in Sec-
tion IV. Moreover, for real-time OCF location visualization, a
GUTI is also modeled in Raspberry Pi using the Tkinter interface,
illustrating each MOSFET’s normal or OCF status in the power
converter. The OPAL-RT and Raspberry Pi are linked via user
datagram protocol (UDP). The real-time values of conduction
losses from the control layer of the MDS model (i.e., OPAL-
RT) are transmitted to Raspberry Pi, where an ML-based OCF
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diagnosis algorithm runs to predict output class labels based
on Table 1. Finally, depending upon the predicted label, the
operational status of each MOSFET is represented in the GUI,
and an OCF diagnosis signal is also sent back to the OPAL-RT
for data monitoring on the oscilloscope. The detailed layout of
the proposed strategy via the CHIL experiment setup is shown
in Fig. 13.

Moreover, to efficiently utilize the available computation
resources, the OCF diagnosis algorithm uses multithreading by
concurrently running three threads (utilizing three out of four
cores in Raspberry Pi). The first thread realizes the communica-
tion protocol to exchange the OCF trigger and input diagnosis
data between connected nodes, while the second thread runs
an ML-based OCF diagnosis neural network, generating the
OCF DaL signals to be sent back to OPAL-RT by leveraging the
same communication protocol implemented in the first thread.
Moreover, the GUI is deployed in the third threat, which receives
each MOSFET’s health status signal from the second thread.
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B. Conduction Loss-Based Real-Time Data Acquisition

To validate the performance and reliability of the proposed
ML approach for OCF diagnosis under real-time system dy-
namics, training data is gathered for various operating conditions
from the OPAL-RT-based MDS model illustrated in Fig. 11. In
this regard, various categories of single and double-switch OCFs
are instigated, as illustrated in Fig. 14. Moreover, the reference
speed is varied between 20 rad/s to 200 rad/s with an interval
of 20 rad/s. This period is considered due to substantial change
in the fundamental period, as shown in Fig. 15. Moreover, the
data associated with conduction losses of each power switch
and diode for different operating modes (mentioned in Table 1)
is obtained at each incremented interval of reference speed.
In this regard, Figs. 16 and 17 show the real-time plots of
conduction losses of phases A, B, and C for single, cross, series
and parallel-switch OCFs. During normal operation, the losses
of all the diodes are always higher than those of their associated
power switches. However, this proposition can vary after an
OCF is instigated at the time (¢,). The variations in these loss
values are associated with the impacted switching sequence of
power switches after ¢,.. Each type of OCF has a different
impact on these losses, which can be quantified by the ATM
approach discussed in [29]. Moreover, OCF in a power switch
turns conduction losses to zero for that switch and its associated
diode in the same phase, which is true for all OCF modes. Hence,
this real-time data associated with each semiconductor device
during various operating states of MDS is collected and further
used for OCF feature extraction, as explained in Section IV. Fur-
thermore, the MDS can have a wide speed profile of up to approx.
733.04 rad/s (observed in US06 drive cycle), with a fundamental
period varying between 150 and 2.14 ms, as shown in Fig. 15,
particularly in EV applications. So, using a fixed time window
for feature extraction in a frequency-varying system can lead
to slow diagnosis and misclassifications due to abnormalities in
extracted feature data. Moreover, computing an optimal value
of time-window size for a balanced diagnosis in a wide-speed
MDS profile can also be very challenging. Conversely, the
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fundamental period-based time window approach is much more
simplistic and can achieve fast diagnosis at high RPMs when
the system is highly susceptible to physical faults. However,
for this approach to work perfectly, it is crucial to consider the
timing profiles of the data-based approach for reliability score
quantification.
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Fig. 18.  Thermal imbalance among MOSFETs and increased thermal stress
due to various OCF scenarios. (a) SS-OCF. (b) SDS-OCF.

C. Impact of Different OCFs on MOSFET Junction
Temperature

The current distortion with magnitude and phase variations
caused by various OCFs can accelerate the aging and the thermal
stress for some semiconductor devices in an inverter. This rise
in temperature is considered a salient feature in measuring the
health condition of a MOSFET because most electrical faults
ultimately reflect damage in the form of increased thermal stress.
Therefore, it is very meaningful to study the thermal impact
of various OCFs on MOSFETs to model better thermal control
schemes. So, different single and double-switch OCFs men-
tioned in Table 1 are instigated in the real-time model of the MDS
shown in Fig. 11. The real-time effect of each category of OCFs
on the three-phase output current can also be seen in Fig. 14.
Moreover, the impact on each MOSFET’s junction temperature
(T;) due to SS-OCFs in all six power switches is shown in
Fig. 18(a). During normal operation, the T); for each MOSFET
remains the same. However, when an SS-OCF is instigated, the
T); does not show any substantial variation for MOSFET under
fault, whereas the other MOSFET in the same phase experiences
a decline in 7). This decline is because this T is associated
with the lower losses of the power transistor. Meanwhile, the
higher T); of MOSFET under fault is because this T’ is associated
with the higher losses of the antiparallel diode. Moreover, It
can also be concluded by Fig. 18(a) that SS-OCF in the upper
switch of a phase has a higher impact on the T} of the lower
MOSFETs of the other two phases compared to the upper switches
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and vice versa. In addition, for MOSFETS under SDS-OCEF, the
T} drops to ambient temperature for both MOSFETS in all three
cases, as shown in Fig. 18(b). Meanwhile, the MOSFETs in the
remaining two phases without fault experience a similar rise in
T};. Moreover, compared with SS-OCF, SDS-OCF puts higher
thermal stress on the T’; of MOSFETs without fault.

In addition, Fig. 19 explains the impact of various CDS-OCFs
and PDS-OCFs on T); of MOSFETs. In the case of CDS-OCFs,
the MOSFET with a power switch under fault has a higher 77 than
the other MOSFET in the same phase, similar to SS-OCF. These
higher 7’; are normally associated with the conduction losses of
diodes having a higher area under the curve. Moreover, in the
case of all double-switch CDS faults, the latter switch, such as
S4 in the case of OCF-S14, always has a higher impact on T}, as
shown in Fig. 19(a). This shows the uneven current distribution
among MOSFETs due to OCFs, whereas, in normal operation, the
current is always balanced. Moreover, in the case of PDS-OCF,
it can be seen in Fig. 19(b) that the lower MOSFET of the phase
without fault has the highest 7; when the upper two switches
of the remaining phases are under OCF and vice versa. This is
because, in the case of PDS-OCEF, the controller always tries to
avoid the scenario where all top or bottom MOSFETs are OFF.
Due to PDS-OCEF, either the top two or bottom two MOSFETS of
two-phase are under OCF; if the third parallel MOSFET also goes
into OFF condition, then the output of the inverter will be zero,
hence maximizing the MPC cost function. Finally, comparing all
four categories of OCFs shows that the PDS-OCF propagates the
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highest thermal impact on the MOSFET without fault. In addition
to the uneven thermal stress distribution among switches caused
by OCFs, Fig. 20 illustrates the elevated thermal stress in the
form of increased thermal cycling, as highlighted using a box
plot for the MOSFETs in phase-A under a specific OCF scenario.
The figure demonstrates not only the rise in junction temperature
due to the OCF but also the increased variation/spread in junction
temperature after reaching its peak values, indicating intensified
thermal cycling effects. Thus, this thermal impact quantification
can further be used for the degradation forecasting of healthy
MOSFETs due to OCFs and lead to critical time estimation
mentioned in (12b).

D. Offline Validation

The obtained MDS data is split into training and testing data
sets with a 70:30 ratio for the training and evaluation of vari-
ous state-of-the-art ML networks. These networks’ frameworks
are then optimized to achieve fast convergence using hit and
trail on various hyperparameters, including batch normalization,
dropout layers, number of hidden layers and neurons, batch
size, and learning rate. Moreover, the ML network structures
are kept as simplistic as possible to reduce the computational
burden while avoiding overfitting or underfitting issues. The
architecture of these neural networks is already explained in
Section IV. Moreover, the validity of the proposed OCF feature
extraction approach for various ML classifiers, including FNN,
LSTM, random forest (RF), and DT, is illustrated in Table 3. In
this regard, Fig. 21 signifies the convergence rate of accuracy for
FNN and LSTM neural networks, considering different learning
rates for one hundred epochs, with FNN showing better accuracy
and rapid convergence. A higher learning rate is preferred as it
can lead to fast training; However, it can also cause convergence
issues. Furthermore, comparing the accuracy of all ML clas-
sifiers in Table 3, FNN has the highest value for training and
testing datasets. Whereas, in the case of training time, DT has
the least duration with a value of 0.067 s.
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TABLE III
PERFORMANCE COMPARISON AMONG VARIOUS ML CLASSIFIERS
ML Characteristics Learning rate (Af) Reliability score quantification
classifier 0.1 ms 1 ms 5ms t2! (ms) Rs(%)
Accuracy [99.88, 99.88] [100, 100] [100, 100]
FNN Training time (s) 39.14 14.6 5.18 0.6 77.31
Epoch 100 40 14
Accuracy [94.01,93.94] [98.59,98.55] [98.59, 98.45]
LSTM Training time (s) 268.05 268.22 268.82 1.9 60.59
Epoch 100 100 100
'A-ccur'acy [100, 100], (No. of trees = 3) 70 56.39
RE Training time (s) 0.214, (No. of trees = 3)
'A‘ccm.'acy [100, 99.92], (No. of trees = 2) 59 5701
Training time (s) 0.167, (No. of trees = 2)
DT ‘A-ccur-acy [100, 99.83] 0.9 71.98
Training time (s) 0.067
100 500
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Fig.22. Real-time OCF diagnosis for different ML classifiers. (a) Three-phase

E. Real-Time Reliability Analysis

Moreover, various reliability score parameters derived from
real-time testing are also mentioned in Table 3. In this regard, t™!
is obtained by running each trained ML classifier in Raspberry
Pi for a single input data frame. As a result, FNN signifies the
least computational burden, whereas tg}(l of RF shows the highest
execution time of 7.0 ms. Furthermore, when tg,‘(l is compared to
Tf’é‘i“, i.e., 2.14 ms, FNN and DT are prone to illustrate superior
computational performance in terms of overruns compared to
LSTM and RF. Moreover, during the actual implementation
of such diagnosis approaches, the delay associated with the
communication framework must also be considered. In this
regard, Fig. 22 shows the real-time detection of an SS-OCF in
S1 based on the proposed OCF feature extraction approach with
communication and computational latency during data transmis-
sion between OPAL-RT and Raspberry Pi. The communication

current under OCF-S1. (b) OCF diagnosis time. (c) Accuracy dip.

delay is not always fixed due to the dynamic nature of the
communication network, as shown in Fig. 22(b), where the
diagnosis delay for four different ML classifiers is compared.
The detection sequence based on ! remains the same, with
FNN showing the least OCF diagnosis time of approx. 1.0 ms.

These different diagnosis periods are primarily associated
with tg}(l, and the bidirectional data transfer delay for the UDP
framework used in the experimental testbed, which is approx.
0.5 ms. This value is obtained via various data-transfer loopback
tests between OPAL-RT and Raspberry Pi. The delay can vary
for other communication protocols, such as transmission control
protocol, control area network buses, FlexRay communication,
and local interconnect network. Moreover, Fig. 22(c) shows the
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Fig. 24. CHIL OCF diagnosis results. (a) SS-OCF. (b) SDS-OCF.

real-time accuracy dip for different classifiers caused by the
misclassifications due to OCF detection latency. The classifier
with the highest latency has the highest dip, thus resulting in
less overall accuracy, slow diagnosis, probable congestion in
the communication network at high RPMs, and false alarms.
Therefore, it is important to consider the timing profiles dur-
ing reliability quantification as in (14) to scale the practical
effectiveness of an ML-based approach across MDSs spanning
a wide speed range. So, considering the temporal analysis of
ML networks and the communication framework, the reliability
score for each ML classifier is given in Table 3. Thus, considering
the offline validation results and reliability scores, FNN is opted
as a reliable ML classifier to further validate the performance of
the proposed OCF diagnosis scheme.

F. Real-Time FNN-Based CHIL OCF Diagnosis

In order to further substantiate the practical applicability of the
proposed approach, various case study scenarios from Table 1
are implemented via the CHIL experimental setup. The real-time
data acquisition results related to the three-phase output current
and OCF diagnosis signal are displayed by using an oscilloscope
(Tektronix TDS2024 C) connected to the analog output port of
OPAL-RT. The CH1, CH2, and CH3 correspond to phase-A, B,
and C currents, while CH4 is linked to the fault diagnosis signal
obtained via Raspberry Pi.

In this regard, Figs. 23 and 24(a), illustrate two scenarios of
SS-OCFs, where there is no phase-A positive current component
for OCF in S1 and no negative current component for OCF
in S4. Moreover, to represents the time when OCF has been
instigated, while ¢; is the time of OCF detection. The fault
diagnosis signal shows the associated label value according
to Table 1. Furthermore, Fig. 24(b) shows the OCF diagnosis
for SDS-OCF in Phase-A and B. Since both the upper and
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lower switches of phases A and B are under OCF therefore,
the current for both phases has become zero. Moreover, the
associated fault label, i.e., 7, is also successfully detected. For
the scenarios of CDS-OCF and PDS-OCF in Figs. 25(a) and (b),
respectively, the OCF in the upper switch reduces the positive
current of the associated phase to zero, while the OCF in the
lower switch eliminates the negative current of the associated
phase. Moreover, the assigned labels to each category of faults
are shown as a fault diagnosis signal. Finally, to demonstrate
the comprehensive effectiveness of the proposed OCF diagnosis
approach, all OCF categories outlined in Table 1 are randomly
executed in real-time, as shown in Fig. 26. The classifier shows
misclassifications in certain instances, particularly during the
transition states. However, during the steady state, the OCFs
are perfectly diagnosed. The overall accuracy of the suggested
FNN-based classifier, as illustrated in Fig. 26(b), is less than
that shown in Table 3, indicating the classifier’s sensitivity con-
cerning different operating conditions. Hence, the false alarms
caused by the real-world operating conditions associated with
MDS can be subdued by using a majority vote mechanism
(MVM). In this scheme, the classifier’s output is considered for
multiple instants after the first trigger, rather than the disturbance
trigger for a single instant, reducing the chances of false alarms
but also increasing the diagnosis time. So, by adopting the MVM
approach, the accuracy of the proposed OCF diagnosis can be
further improved.
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TABLE IV
COMPARISON OF ML-BASED FAULT DIAGNOSIS METHODS

Type of faults ML Data Window size Detection Accuracy Computational
model preprocessing time effort
Single and double .
_switch OCFs [9] ELM PCA 40ms (fixed) >40ms 96.76% Medium
Single and double FFT and e ) .
-switch OCFs [22] HEL RelicfF 25ms (fixed) 30ms 99.00% High
Single and double FFT and
-switch OCFs, and RVFL . 20ms (fixed) 22ms 98.83% High
ReliefF
sensor faults [16]
Single and double FFT and .
-switch OCFs [37] BN PCA — 71ms 98.99% High
Single and double FFT and .
-switch OCFs [19] MRVM PCA 20ms (fixed) 131ms 98.11% High
Voltage, current, and . .
speed sensor faults [36] ELM None 8ms (fixed) 10ms 98.00% Low
(Proposed method) Low
Single and double FNN None 1 FP 1 FP+0.6ms 99.95% (620 FLOPs)
-switch OCFs

ELM (extreme learning model). HEL (hybrid ensemble learning). RVFL (random vector functional link). BN (Bayesian networks). MRVM (multikernel relevance

vector machines). FLOPs (floating-point operations). FP (fundamental period).

G. Comparative Analysis With Prior Studies

Finally, Table 4 presents a comparative analysis of the pro-
posed scheme with various previous studies that utilized data-
driven approaches for fault diagnosis in power electronic sys-
tems. Most existing schemes exhibit one or both of the following
limitations: reliance on complex data preprocessing techniques
for feature extraction and the use of a fixed feature extraction
window size. These shortcomings lead to increased computa-
tional demands, insufficient or excessive diagnostic data, and
timing overruns, especially in applications with dynamic speed
profiles, such as those in the automotive sector. The proposed
approach offers significant advantages over existing methods,
including independence from preprocessing techniques, a dy-
namic feature extraction window size of 1 FP, a minimal detec-
tion time, and superior accuracy. To assess the computational
burden of the proposed FNN, the number of floating-point op-
erations (FLOPs) is quantified, as presented in Table 4. Further-
more, since prior published works lack a detailed architecture of
their data-driven schemes, accurately determining their FLOPs
values remains challenging.

V. CONCLUSION

This study provides a practically more viable approach for
reliability score benchmarking of data-driven schemes used for
OCEF diagnosis in MDS. Moreover, the conduction loss profiles
associated with each semiconductor device in the power con-
verter are proposed as a new system’s operational feature extrac-
tion approach for OCF diagnosis, reflecting the enhanced appli-
cability of ATM-based schemes. Moreover, these loss profiles
further estimated the thermal impact of OCFs on each MOSFET.
The proposed approach is validated via the CHIL experiment as
well, showing an accuracy of 99.95% for 21 different modes of
OCFs. Moreover, the reliability score quantification approach
considers real-time timing profiles as a crucial parameter of the
system for practical implementation, hence making it a more
reliable method for data-driven-based OCF diagnosis system
design for power converters.

The proposed OCF diagnosis approach is independent of
any system parameters, and it can be extended for a multilevel
inverter due to the inherent segregation property of the ATM
scheme. In addition, the thermal impact analysis can also be
further used for degradation forecasting of healthy switches
due to OCFs for a more sophisticated critical time estimation
in reliability score quantification, which will be a focus of our
future work. Moreover, OCF localization will also be associated
with an adaptive fault-tolerant operation to develop a resilient
control approach for our upcoming research work.
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