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Abstract

Semiconductor devices in electric vehicle (EV) motor 
drive systems are considered the most fragile 
components with a high occurrence rate for open 

circuit fault (OCF). Various signal-based and model-based 
methods with explicit mathematical models have been 
previously published for OCF diagnosis. However, this 
proposed work presents a model-free machine learning 
(ML) approach for a single-switch OCF detection and 
localization (DaL) for a two-level, three-phase inverter. 
Compared to already available ML models with complex 
feature extraction methods in the literature, a new and 
simple way to extract OCF feature data with sufficient 
classification accuracy is proposed. In this regard, the 

inherent property of active thermal management (ATM) 
based model predictive control (MPC) to quantify the 
conduction losses for each semiconductor device in a 
power converter is integrated with an ML network. This 
recurrent neural network (RNN)-based ML model as a 
multiclass classifier localizes the faulty switch based on 
the dynamics associated with conduction losses as 
reliable and feature-rich data. The presented approach 
utilizes the controller data with no additional computa-
tional load to compute the feed-in data for the ML model 
and no extra hardware requirements. The proposed data-
driven approach, with an accuracy of 99% for distinct 
hyperparameters and testing datasets, proves to be a 
promising solution for OCF DaL.

Introduction

The recent advancements towards electric drive 
systems (EDS) have increased the utilization of 
inverter-fed interior permanent magnet synchro-

nous motor (IPMSM) applications with the latest control 
topologies in the transportation sector [1, 2]. This EDS is 
considered to be one of the most important safety-critical 
subsystems in an EV infrastructure. Although these power 
electronics-based systems have evolved exponentially 
with the latest research progress, they are still prone to 
critical faults when exposed to high stress. Based on the 
recent statistical data, semiconductor power devices 
account for 31% as the most fragile component in a power 
converter. The most common failure modes in these 
semiconductor devices are open-circuit and short-circuit 
faults, which occur due to various reasons such as thermal 
stress, high dv/dt, and over-voltage. In the case of a short 
circuit fault, the power converter experiences an instant 
current upsurge, which triggers the protection circuit to 
cut off the gate-drive signal. In comparison, the OCF 
doesn’t necessarily shut down the system immediately; 
instead, it can persist while causing performance degra-
dation in the form of torque and current ripples and leads 
to faults in other system components. In addition, open 
circuit fault (OCF) accounts for 38% of the total faults that 

may occur in a power converter [3]. Therefore, it is impor-
tant to have a viable device-level control approach that 
can detect and localize an OCF before its effects propa-
gate to other subsystems.

An OCF in a power switch causes characteristic distor-
tions in an inverter’s voltage and current signals. Thus, the 
most commonly used signal-based techniques for OCF 
diagnosis methods can be categorized into voltage-based 
[4, 5] and current-based [6, 7] approaches. In this regard, 
an OCF diagnosis method based on the stator current 
analysis is presented in [8]. Current-based approaches 
using the current space vector trajectory diameter and 
Park’s vector method have been proposed in [9, 10]. 
However, these schemes are not preferred due to their 
associated disadvantages related to tuning and complexity. 
In addition, a two-line voltage attributes-based OCF diag-
nostic approach is presented in [11], which localizes an OCF 
in I/20 of fundamental period. In [12], a model-based 
approach with a line-to-line output voltage scheme is 
presented, where the preprocessed diagnosis eigenvalues 
are compared with a voltage envelope for a single switch 
OCF DaL. Current-based techniques require a relatively 
extended diagnostic duration (normally one fundamental 
period (FP)) to ensure higher OCF detection accuracy. 
However, voltage-based techniques have a lower fault 
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diagnosis time and higher accuracy compared to current-
based approaches. The key benefit of the current-based 
approach is its independence from system parameters 
with no additional hardware requirements. However, 
voltage-based techniques require extra voltage sensors, 
increasing the overall system cost, complexity, and poten-
tial fault vulnerability points. Moreover, adding additional 
sensors to a system affects the overall system topology 
as well, which is also not appreciated by the manufac-
turers. In addition, model-based techniques are also widely 
applied for fault diagnosis in motor drives. This method 
uses a variety of observers, such as sliding mode observer 
[13], variable structure observer [14], Luenberger observer 
[15], and nonlinear observer [16], which provides a relatively 
short diagnosis time with no additional hardware require-
ments. However, these methods are not preferred due to 
their performance being heavily dependent on the accuracy 
of the explicit system model and sensitivity to motor 
parameter deviations. On the other hand, data-driven 
approaches are based on the system’s historical data [17] 
and can be applied to time-varying and complex nonlinear 
systems for OCF diagnosis without relying on machine 
models, trigger thresholds and load characteristics. 
Moreover, compared to the sturdy algorithms of signal-
based and model-based methods, ML models are very 
versatile and can be easily extended to multiple fault diag-
nosis algorithms.

So, an ML approach with no need for an accurate 
system model or additional hardware and fast OCF detec-
tion can be a promising fault diagnosis technique to 
overcome some of the shortcomings of previously 
mentioned schemes. In this regard, various ML models 
based on random vector functional link (RVFL), convolution 
neural network (CNN), deep sparse filtering (DSF) network, 
deep belief networks (DBN) and least square support 
vector machine (LSSVM) have been proposed for OCF 
diagnosis [18, 19, 20, 21, 22]. Using more complex ML 
models may increase the detection accuracy but can also 
lead to computational burden and longer training time. 
This results in overrun problems during the practical 
implementation of an ML model. Therefore, an ML 
approach with a lower computation load and better 
accuracy is always preferred. So, in this work, rather than 
focusing on a more complex ML model to achieve better 
classification accuracy, a new way of OCF feature extrac-
tion with adequate classification accuracy is proposed. 
Where the conduction losses of each MOSFET obtained 
via ATM-based MPC are used as viable OCF feature data. 
The presented work integrates the ATM-based MPC with 
an LSTM-based ML model for OCF DaL, where the former 
provides additional physics-informed features via conduc-
tion losses, i.e., the feature’s rich data, for the latter to 
classify effectively. The proposed approach utilizes the 
control layer’s already available signals, avoiding additional 
computational or hardware requirements. Moreover, the 
contribution of this work can also be  summarized 
as follows,

	 1.	 The notion of OCF DaL is introduced for ATM-
based MPC.

	 2.	 The impact of single switch OCF on the 
conduction losses of each MOSFET in a two-level 
three-phase inverter is analyzed.

	 3.	 The efficiency of an LSTM-based neural network 
for OCF DaL by considering conduction losses 
associated with each MOSFET as a new OCF 
feature extraction mechanism is presented.

The rest of this paper is structured as follows. The 
EV powertrain architecture and control design section 
presents a general structure of an EDS with an ATM-based 
MPC mathematical model. The methodology section 
explains the neural network structure and the preferred 
datasets to be used for OCF diagnosis. Lastly, the experi-
mental analysis and performance evaluation section illus-
trates the impact analysis of an OCF and the accuracy 
quantification of the proposed ML approach.

EV Powertrain Architecture 
and Control Design
A typical architecture of a modern EV system can be cate-
gorized into cyber (energy management system (EMS), 
controller, etc.) and physical system (traction inverter, 
interior permanent magnet synchronous motor (IPMSM), 
etc.). IPMSMs are widely used in EVs as traction motors 
because of their better efficiency, smooth torque output, 
and high power density. Each IPMSM is connected to a 
controller via a traction inverter while constituting a cyber-
physical system.

ATM-Based Motor Drive Control 
Design
There are various control typologies for IPMSM motor 
drives. However, MPC is preferred due to its multi-objec-
tive, multi-constraint control features, reduced torque 
ripples, and better steady-state performance, along with 
an intuitive and coherent design approach [23, 24]. In 
addition, MPC can also be configured with active thermal 
control by coupling the electrical and thermal attributes 
of power converters, which is denoted as ATM-based 
MPC [25, 26, 27]. This enables the MPC to consider the 
thermal aspects of switching devices (SiC-MOSFETs) of 
power electronics converters in a multi-objective optimi-
zation problem that reduces the negative impacts of 
thermal cycling and thermal stress on power quality. 
Moreover, this thermal management approach also 
reduces the degradation and fault occurrence rate of 
MOSFETs by considering their junction temperature in 
terms of conduction and switching loss to obtain the 
optimal switching state. Therefore, ATM-based MPC can 
be considered a promising control approach for motor 
drive control design in automotive applications. The 
detailed schematic of the ATM-based MPC model for the 
IPMSM motor drive is shown in Fig. 1 with both physical 
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and cyber layers. The predicted values of current for 
IPMSM, based on model predictive current control (MPCC), 
can be obtained by using the forward Euler discretization 
approach as follows,
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Where Id, Iq, vd, vq, Ld, and Lq are the winding current, 
voltage, and inductance of IPMSM in the dq frame of 
reference, respectively. In addition, Rs is the average 
winding resistance per phase, tsc is the control layer 
sampling rate, P is the number of poles, ψf is the perma-
nentmagnet flux linkage, and ωm is the mechanical speed 
of IPMSM.

Power Loss Modelling
The most prominent losses in power electronics 
converters are conduction and switching loss of semi-
conductor switching devices. These power losses are 
calculated by using the predicted dq-axis currents from 
(1) and (2), along with the associated characteristics 
obtained from the manufacturer’s datasheet. The pattern 
of current conduction for each power switch and diode 
of phase A for different switching states of S1 and S2 at 
positive and negative phase currents are described in 

Table 1. This table concludes that the positive current 
(current flowing outward from the inverter) can either 
flow through the upper power switch or lower diode, and 
the negative current (current flowing inward to the 
inverter) can only flow through the lower power switch 
or upper diode for each phase. This specific sequence is 
due to the defined placement and connectivity of these 
semiconductor devices. Moreover, the on and off-state 
currents for each switching state of MOSFET in Table 1 
can be obtained via predicted current values for each 
phase. The conduction losses for the MOSFET and diode 
can be formulated as given in (3a) and (3b), respectively.

	 ( )
∗= 2mft

cond ds ds onP I R 	 (3a)

	 ∗=d
cond F FP I V 	 (3b)

  FIGURE 1    The Cyber-physical system of Motor Drive based on ATM-based MPC.

TABLE 1  Current Conduction Sequence for MOSFETs and Diodes in Phase-A under various operating conditions

S1  
State

S2  
State Current Direction

Conduction pattern (Phase-A)
S1 S2 D1 D2

ON OFF ia > 0 Yes No No No
ON OFF ia < 0 No No Yes No
OFF ON ia > 0 No No No Yes
OFF ON ia < 0 No Yes No No
OFF OFF ia > 0 No No No Yes
OFF OFF ia < 0 No No Yes No

  FIGURE 2    The steps for the proposed ML method for OCF 
DaL
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	 = +mfttotal d
cond cond condP P P 	 (3c)

Where Ids is drain-to-source current, and Rds(on) is a 
varying on-state resistance for MOSFET based on the Ids 
and junction temperature. For (3b), IF is the current for 
the anti-parallel diode, and VF is the voltage drop across 
the diode under forward-bias condition. The total power 
loss for each of the semiconductor devices per sampling 
period can be calculated by using (3c). The characteristics 
obtained from the datasheet of the SiC half-bridge 
module with model number Cree/Wolfspeed 
CAB530M12BM3 (1200V, 530A) are used for the power 
loss modeling in this proposed study. In addition, for the 
sake of simplicity in terms of OCF DaL, only conduction 
losses are considered in the power loss modeling of the 
ATM-based finite control set (FCS) MPC model. Moreover, 
based on the similarities between electrical and thermal 
dynamics, a lumped parameter thermal network (LPTN) 
is used to analytically model the thermal states of semi-
conductor devices as given in [25, 28].

Cost Function
A multi-objective linear cost function is formulated based 
on the dq axis currents and thermal control of semicon-
ductor devices.

	    + +   
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elec 1 1
p p
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Where Jelec and Jth control the electrical and thermal 
performance of the traction inverter. ref

dI  and ref
qI  are refer-

ence values for the complex current components. Similarly, 

( )
ref
j iT  is the reference junction temperature for the ith switch 

with N as the total number of switches and ( )
 + 1k
j iT  is the 

associated predicted junction temperate for the ith switch 
obtained as given in [25]. The objective is to minimize the 
multi-objective cost function (4c) with respect to reference 

values. In addition, ωe and ωt are the weighting coefficients 
that can control the performance of the power electronics 
converter as ωe + ωt = 1.

Methodology
The structure of the proposed ML approach leveraging 
conduction losses as a salient feature for OCF diagnosis 
in a three-phase inverter is shown in Fig. 2. Initially, a 
dataset including 3-phase current and conduction losses 
of each MOSFET is generated for the motor drive system 
shown in Fig. 1 under various operating conditions. This 
dataset is assigned distinct labels for each system state 
using one-hot encoding. Then, the data is split into 
training and testing datasets, with 70% of the data used 
for training and the remaining 30% for testing. The opera-
tional reliability of a model-free ML approach is very 
much based on the garbage-in garbage-out (GIGO) 
concept. Therefore, a non-redundant, balanced, and clean 
training dataset having a better correlation with output 
classes will result in better predictions. Finally, an LSTM-
based ML classifier is trained and tested for OCF DaL in 
this study. LSTM is preferred due to its various advan-
tages, such as insusceptibility to vanishing gradient 
problems and the capability to better capture the 
temporal patterns of time series data with long-term 
data dependence capabilities. This LSTM-based neural 
network is incorporated with the physics-based prior 
system information in terms of conduction losses of each 
MOSFET to further enhance the ML model’s learning 
capabilities, defined as physics-informed machine learning 
(PIML) [29].

The Critical EDS Features and 
Neural Network
An optimized neural network model utilizing certain 
physics-based characteristics associated with each type 
of disturbance can effectively distinguish between 
various output classes. All physical faults produce a 
specific regular impact on system response due to their 
rooted physical model. Similarly, OCFs also have a partic-
ular influence on various system variables. In particular, 
Fig. 4 shows the disruption in the flow of currents in 
each phase due to the OCF in phase A. Moreover, when 
an OCF occurs in a MOSFET, it will no longer be able to 
conduct the current, resulting in zero conduction losses. 
In this regard, most past studies consider the phase 
currents Ia, Ib, and Ic as the most implicit parameters for 
the power transistor’s fault analysis. However, by using 
the inherent property of ATM-based MPC, these three-
phase currents can be  decoupled for each of the 
MOSFET modules, which in return estimates the conduc-
tion losses via (3) for every switching sample, as shown 
in Fig. 7. These conduction losses can be used as an 
effective physics-based data feature to locate the OCF 
fault for MOSFETs within the traction inverter. So, the 

  FIGURE 3    LSTM-based neural network for OCF DaL
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Xcl vector, representing the MOSFETs conduction losses, 
correlated with output class labels, can be expressed 
as follows,

	 ( ) ( ) ( )+ +
 = …
 1 5, , . .,Loss Loss Loss

mft i mft i mft iP P PclX 	 (5)

	  =  , ,a b cI I IabcX 	 (6)

	  =  ,cl abcX X X 	 (7)

where ( )
Loss

mft iP  represents the total conduction losses 
of a MOSFET module, with i = 1. The structure of a 
MOSFET module consists of a MOSFET and an anti-
parallel diode. Hence, ( )

Loss
mft iP  indicates the sum of conduc-

tion losses associated with both of these components. 
In addition, Xabc represents the dataset with measured 
three-phase output currents and X as the total dataset 
containing both 3-phase currents and conduction losses. 
The accuracy of the LSTM classifier is tested for all three 
datasets in (5), (6), and (7). During the normal and abnormal 
operation of the system, these losses are periodic in 
nature, with a half-cycle associated with MOSFET and the 
other half-cycle to diode. The peak and frequency of these 
loss values will change based on the reference input of 
EDS. As a result of an OCF, the losses of MOSFET turn 
to zero, whereas the linked diode still conducts and 
reflects an increase in conduction losses due to an 
increase in current, as shown in Fig. 4 and 5. So, the 
MOSFET module with increased conduction loss of diode 
and zero losses for the MOSFET switch is used by the 
LSTM-based classifier as an implication to localize the 
OCF for each MOSFET. In this work, the case of single-
switch OCF is considered; therefore, there are a total of 
seven output classes for LSTM classifier Y0…Y6, as shown 

in Fig. 3. The hidden layer consists of LSTM and dense 
layers. The output layer with softmax activation function 
transforms the predicted values into a probability distri-
bution for all output classes, with the total sum equal to 
1. The softmax function can be defined as,

	

( )
=

= =

∑


1

ˆSoftmax
i

c
j

x

j ni x

j

ex y
e

	

(8)

Where xi represents the factors of the predicted 
vector from the dense layer, and nc is the sum of all target 
classes. These target classes are obtained during data 
pre-processing via one-hot encoding. Finally, to minimize 
the error between anticipated labels ( )ˆ jy  and ground truth 
(yj), a mean squared error-based cost function is used, 
which can be expressed as follows,

  FIGURE 4    Disturbances in the 3-phase current of power 
converter due to OCF. (a) OCF in MOSFET-1, (b) OCF in 
MOSFET-2 (Phase-A, Phase-B, Phase-C)

  FIGURE 5    Conduction loss in MOSFET-1 and MOSFET-2 
during normal operation and OCF. (a) OCF in MOSFET-1, (b) 
OCF in MOSFET-2
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( ) ( )

1
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j=

= −∑
21min ˆj jmseJ y y

N
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Where N is the sum of total training data points. 
Moreover, the concept of a confusion matrix is used to 
estimate the different performance evaluation metrics, 
such as accuracy, precision, and recall, for the proposed 
LSTM-based classifier.

Simulation Analysis and 
Performance Evaluation
This section investigates the impact analysis of OCFs on 
device-level signals of power converter along with perfor-
mance evaluation of the proposed ML classifier for OCF 
DaL. The EDS architecture shown in Fig. 1 is simulated in 
MATLAB Simulink platform with a sampling time of 25us. 
The EDS dynamics associated with conduction losses of 
each MOSFET are analyzed for various case study 
scenarios. Finally, to illustrate the validity of the presented 
work, the prospective approach is tested for two different 
datasets and hyperparameters.

OCF and Conduction Loss 
Analysis
The section discusses the impact of single switch open-
circuit fault (SSOF) on the 3-phase output current and 
conduction losses associated with each semiconductor 
device in the power converter. The OCF condition is simu-
lated by continuously considering the gate signal of a 
MOSFET as zero. In addition, for a 2-level 3-phase inverter, 
each upper and lower MOSFET for a single phase produces 
the output current’s positive and negative half-cycles. 
Therefore, when an OCF occurs in a single switch, it clips 
the associated output half-cycle, as shown in Fig. 4. In 
addition, Fig. 4a shows the output current of the power 
converter for normal operation and SSOF condition in S1. 
So, for this scenario, the positive half cycle for phase-A is 
clipped, as the positive current can no longer conduct 
through S1 due to OCF. Similarly, when SSOF will occur in 
S3 and S5, the positive half cycles for phase-B and C will also 
be  clipped. In addition, when OCF occurred in lower-
MOSFET (S2), the negative half-cycle of output current 
turned to zero continuously, as the negative current can no 
longer conduct through S2, as shown in Fig. 4b. In addition, 
a similar effect will also reflect for phase-B and C currents 
when S4 and S6 are under OCF. Moreover, when an SSOF 
occurs in one phase, the impact on frequency, magnitude, 
and phase also propagates to the remaining phases as well, 
which can also be examined via a fast Fourier transform.

Fig 5 shows the variation in conduction losses of 
MOSFETs and antiparallel diodes in phase-A when OCF 
occurred in S1 and S2. In case I, as shown in Fig. 5a, during 

normal operation, the conduction losses exist consecu-
tively for each MOSFET and diode, where the diode has 
a higher loss value with a peak of ≃400W and MOSFET 
illustrate lower losses with a peak value of ≃200W. These 
losses are calculated by applying the curve fitting tech-
nique on the characteristics curves in the datasheet of 
these semiconductor devices. The conduction losses 
remain the same in each half cycle for both MOSFETs 
and diodes of Phase-A during normal operation. Whereas, 
when OCF occurred in S1, the conduction loss turns to 
zero for S1 and D2 because conduction of the positive 
current of phase-A is no longer possible due to OCF in 
S1. Moreover, there is an increase in the conduction losses 
for D1 and S2 because of the increase in the peak of 
negative current, as shown in Fig. 4a. However, during 
the OCF in S1, the overall losses for the upper MOSFET 
are more compared to the lower MOSFET because the 
diode is conducting for the upper MOSFET, which inher-
ently has high conduction losses. In addition, when OCF 
occurred in S2, the losses for D1 and S2 become zero, as 
the negative half current of phase A can no longer 
conduct, as shown in Fig. 5b. After an OCF in S2, the upper 
MOSFET module has only MOSFET losses, and the lower 
module has diode losses with much higher values 
compared to MOSFET. Hence, it shows that the MOSFET 

  FIGURE 6    Conduction loss in MOSFET-3, MOSFET-4, 
MOSFET-5, and MOSFET-6 during normal operation and 
under OCF in MOSFET-1.
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module under OCF experiences higher conduction losses 
than other MOSFET modules in the same phase, which 
can also be used as a feature for fault DaL.

Furthermore, Fig. 6 shows the variations in conduc-
tion losses for the remaining MOSFET modules in phase-B 
and C when there was an OCF in S1. It is evident that the 
variations in the conduction losses for the rest of the 
semiconductor switches have more fluctuations and are 
not similar to Fig. 5. Still, there are some instances where 
these losses are zero. During normal operation, a MOSFET 
or diode doesn’t conduct continuously for each sampling 
period, whereas MOSFETs and diodes take turns one 
after the other for each switching cycle, as shown in Fig. 7. 
In this regard, when MOSFET is conducting, the losses 
for the diode are zero and vice versa. In Fig. 6, the 
instances when losses are turned to zero are because 
the MOSFET showed an irregular behavior of continuous 
conduction in the same instances. These irregularities in 
conduction losses when it completely becomes zero for 
phases B and C are also highlighted in Fig. 4. Finally, these 
distortions in losses for all six MOSFETs with distinct 
dynamics can be fed to train an ML classifier, which can 
be further used for OCF diagnosis.

Effectiveness of the Proposed 
Physics-Based Features for OCF 
Detection and Localization
This section presents the accuracy of the proposed 
LSTM-based classifier to detect and locate an OCF for 
different training datasets and hyperparameters. An ML 
classifier can be trained for various training data frames 
to classify future input values and the effectiveness of 
these training data frames, which ultimately decide the 
classifier’s performance, depends on various factors, such 
as correlation with target labels, training data size, and 
the presence of outliers. Typically, a feature’s rich data 
will have a higher training accuracy, which further reflects 

itself with better classifier efficiency for unseen future 
values. Therefore, in this section, the accuracy of the 
proposed classifier is compared and analyzed for OCF 
DaL under various operating parameters and training 
data frames. The data frame showing better training 
accuracy is considered a viable choice for an ML network 
used in DaL. In most recent model-based studies, the 
power converter’s output current characteristics are used 
for OCF DaL because they can better reflect system 
dynamics under various operating conditions. However, 
in this proposed study, physics-based features originating 
from ATM-based control of the power converter are first 
utilized to anticipate the conduction losses for each 
MOSFET and then further used for OCF diagnosis using 
an ML classifier. In this regard, the performance of the 
LSTM classifier is evaluated for three different categories 
of the dataset, including three-phase currents (data-
driven Approach), Conduction losses of MOSFETs (Physics-
Informed Approach), and both three-phase currents and 
conduction losses (Hybrid Approach). In addition, two 
datasets for two different operating conditions are illus-
trated as X1 and X2. These datasets, reflecting the dynamic 
behavior of the system with respect to 3-phase current 
and conduction losses, are obtained as a .csv file while 
considering OCF for each MOSFETs. These input data 
frames are fed individually and combined for the training 
of the LSTM classifier while considering 200 Epoch. The 
LSTM neural network is trained and tested for X1 and X2, 
along with window size [10,30] and learning rate [5ms,1ms]. 
The accuracy of these datasets for different learning rates 
and window sizes is shown in Fig. 8 to validate the 
proposed approach of using conduction loss for OCF DaL. 
The final accuracy results associated with each dataset 
and precision and recall of each output class for X2 data 
set are shown in Table 2 and 3, respectively. It is evident 
from Fig. 8 and Table 3 that the hybrid approach, where 
the ML network is trained by using physics-based features 
and three-phase currents, performs better than the 
standalone physics-informed or data-driven approach. 
Moreover, the comparison between the proposed 
approach and signal-based approaches is also shown in 
Table 4, where window size=10 is multiplied by the 
controller sampling rate to estimate the detection time 
of the proposed approach. However, the requirement of 
a large volume of historical data of the system under 
various operating conditions and the complexity of LSTM-
based networks can also result in longer training time 
and slow computation of the input data to predict the 
system status regarding OCF detection. In addition, only 
the electrical characteristics of a motor drive are consid-
ered in this study for the training purpose of neural 
network, so that the proposed approach can also 

  FIGURE 7    Normal conduction operation of diode and 
MOSFET

TABLE 2  OCF Detection Accuracy Results for two different data sets: [Training, Testing]%

Dataset Category
  ws = 10, Δt = 5ms   ws = 30, Δt = 1ms
Data Driven Physics-Informed Hybrid approach Data Driven Physics-Informed Hybrid approach

X1 [80.97, 81.68] [96.82, 96.91] [98.81, 98.74] [78.86, 79.03] [97.68, 97.39] [98.98, 98.81]
X2 [79.01, 79.51] [96.95, 96.34] [99.08, 98.89] [85.87, 85.80] [97.92, 96.88] [98.93, 99.01]
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be considered viable for electrical power applications. 
Moreover, the conduction losses only require a 3-phase 
current as a main factor for its computation, so the 
proposed solution can also be used for conventional 
FCSMPC and FOC-centered controllers. In addition, the 
validity of the proposed approach can also be examined 
for particular scenarios associated with standard drive 
cycles such as US06 or WLTP2, which is the future target 
work of this proposed scheme.

Conclusion
This study provides an ML approach with unique and 
reliable feature rich data to detect and locate an OCF in 
a 2-level 3-phase inverter. The impact of OCF on the 
conduction losses of semiconductor devices and the 
performance of proposed ML approach is validated for 
various operating scenarios. The results shows that 
conduction losses obtained via ATM-based MPC approach 
can be used as a viable dataset for OCF DaL. Moreover, 
OCF localization is considered as first step for the devel-
opment of a resilient control framework. Therefore, our 
future work will be based on the adaptive fault-tolerant 
control associated with OCF localization.
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TABLE 3  Precision (P) and Recall (R) metrics for X2, ωs = 10, Δt = 5ms

Labels
Data Driven Physics Informed Hybrid Approach
P R P R P R

Healthy(0) 0.97 1.00 1.00 1.00 1.00 1.00
OCF-1 0.78 0.79 0.91 0.98 0.98 0.99
OCF-2 0.79 0.78 0.98 0.96 0.99 0.98
OCF-3 0.76 0.79 0.97 0.93 0.99 0.98
OCF-4 0.79 0.74 0.95 0.95 0.98 0.98
OCF-5 0.77 0.74 0.98 0.96 0.99 0.99
OCF-6 0.75 0.76 0.96 0.98 0.99 0.99

TABLE 4  Performance Comparison between different OCF Diagnosis Methods

Methods Detection Time Accuracy Implementation Cost
Current-based Methods One FP Good No extra hardware required
Voltage-based Methods <One FP Good High (needs extra voltage sensors)
Proposed ML Approach 0.25ms Good No extra hardware required

  FIGURE 8    Accuracy curves of LSTM classifier for dataset X1 
and X2
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