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Abstract

In this paper, a fault diagnosis method based on temperature rise detection is proposed
for power converters in switched reluctance motor drive systems used in electrical trans-
portation equipment. First, the total power losses of all power devices are calculated
and recorded under different operating conditions in both healthy and faulty states. A
finite-element electrothermal model is then established to characterize the relationship
between fault-induced power-loss redistribution and variations in the temperature rise
of the converter devices. Based on the power-loss analysis, temperature rise is used as a
key characteristic, and a corresponding fault diagnosis method is proposed. To account
for the influence of operating conditions on the diagnostic criterion, three independent
backpropagation neural network (BPNN) models are developed to predict fault-specific
temperature-rise thresholds using rotor speed, load torque, and ambient temperature as
inputs. During diagnosis, the real-time temperature evolution of the power diodes is com-
pared with the selected thresholds to detect power converter faults. Finally, experimental
results demonstrate the validity of the proposed fault diagnosis method.

Keywords: switched reluctance motor (SRM); power converter; fault diagnosis; finite-element
method (FEM); backpropagation neural network (BPNN); temperature rise detection

1. Introduction

In recent years, electric machines have attracted increasing attention for use in electric
vehicles (EVs) [1,2], aerospace systems [3], electric traction systems [4], and other electric
transportation equipment. The switched reluctance motor (SRM) offers advantages includ-

ing a simple structure, high fault tolerance, and excellent dynamic response. Consequently,
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SRMs have considerable potential for use in electric transportation applications that require
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an open-circuit or short-circuit fault occurs in a converter power transistor, the affected
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o , phase may be lost or subjected to overcurrent. Both fault types can seriously degrade
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distributed under the terms and operating performance and may cause further damage to the entire system [9,10]. Therefore,
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Figure 1. SRM-based electric drive system for transportation equipment.

Most existing methods diagnose faults by analyzing and comparing changes in cur-
rent characteristics before and after a fault occurs. In [11], fault types and locations are
identified by detecting variations in bus current coefficients under normal and faulty
operating conditions. However, this approach is limited to specific control modes, and
current reconstruction complicates the diagnostic process. In [12], faults are diagnosed
by reconstructing the measured signals from current sensors and calculating the slope of
the phase current. Nevertheless, this method cannot detect open-circuit faults in position
transistors, simultaneous open-circuit faults in the chopper and position transistors within
the same phase, and similar cases. The midpoint current spectral analysis method pro-
posed in [13] identifies open-circuit faults and locates faulty positions, but it requires an
additional current sensor and two additional power transistors. In [14], faults are detected
by monitoring phase currents that are already available for drive control; however, the
method requires the storage of sampled data and multiple strokes to detect and locate
faults. In [15], open-circuit and short-circuit faults in power transistors are diagnosed by
calculating current vectors and analyzing their trajectories, but identifying the faulty phase
remains difficult.

The fault diagnosis methods described above rely heavily on accurate transient-current
detection. However, current sensors may themselves fail, potentially compromising di-
agnostic reliability. In addition, switched reluctance motors (SRMs) often operate under
complex and harsh conditions. Sudden changes in load or rotor speed can cause rapid
phase current fluctuations and may lead to misdiagnosis by current-based diagnostic sys-
tems. Selecting a fault characteristic with high discriminability and reliability is therefore
critical for power-converter fault diagnosis.

A comprehensive comparison of these methods is provided in Table 1.

Table 1. Comparison of the above fault diagnosis methods.

Methods [11] [12] [13] [14] [15]
Accuracy Good Medium Good Medium Good
Universality =~ Medium Poor Poor Good Poor
Stability Poor Poor Medium Medium Poor
Cost Low Low High High Medium
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Although current-based methods have been widely studied, the thermal behavior of
converter power devices has received considerably less attention in the fault diagnosis
of switched reluctance motor (SRM) drives. In particular, the relationship between fault-
induced power-loss redistribution and the resulting temperature rise of the associated
freewheeling diodes remains insufficiently understood. Furthermore, a fixed temperature
threshold may be inadequate under varying rotor speed, load torque, and ambient tempera-
ture conditions. A diagnostic approach that integrates the physical thermal response of the
converter with operating-condition-dependent threshold prediction is therefore required.
In this framework, finite element modeling (FEM) and backpropagation neural network
(BPNN) models serve as supporting tools, whereas the core scientific contribution is the
relationship established among the fault mechanism, diode temperature response, adaptive
diagnostic threshold, and faulty-phase localization.

This study focuses on an asymmetric half-bridge power converter used in a four-phase
switched reluctance motor (SRM). The objective is not simply to combine a finite-element
model with a neural network, but to establish a fault-specific electrothermal diagnostic
relationship linking converter power loss, diode temperature-rise variations, operating con-
ditions, and faulty-phase localization. Under different transistor fault conditions, changes in
the current conduction path alter the distribution of power losses among converter devices
and produce distinguishable temperature-rise patterns in the corresponding freewheeling
diodes. Based on this physical mechanism, the finite-element model characterizes fault-
related thermal responses, while backpropagation neural network (BPNN) models predict
the corresponding fault temperature thresholds at different rotor speeds, load torques,
and ambient temperatures. The predicted thresholds are then combined with monitored
diode temperature variations to identify the investigated fault types and faulty phases.
Short-circuit faults can be localized to the corresponding transistor, whereas open-circuit
faults can be localized to the faulty phase.

Motivation and Main Contributions

Unlike conventional approaches that rely on transient-current features or fixed diag-
nostic thresholds, the proposed method uses the temperature-rise characteristics of power
diodes and estimates operating-condition-dependent fault thresholds from the rotor speed,
load torque, and ambient temperature. The diagnostic thresholds can therefore be adjusted
adaptively as the operating conditions vary.

The main contributions of this paper are summarized as follows:

1. A fault-specific, temperature-rise-based diagnostic framework is proposed for the
asymmetric half-bridge power converter in an SRM. The framework uses the ther-
mal response of the converter’s freewheeling diodes as a fault-sensitive indicator,
thereby reducing reliance on transient-current characteristics under the investigated
operating conditions.

2. A simplified electrothermal finite-element model is developed to characterize the
relationship between fault-induced power-loss redistribution and the resulting
temperature-rise variations in converter devices. The model establishes the physical
basis for distinguishing the thermal behavior of the healthy state from that of the three
investigated transistor fault conditions.

3.  Three independent fault-specific BPNN models, each with a common 3-9-1 architec-
ture, are developed to approximate the nonlinear mapping from rotor speed, load
torque, and ambient temperature to the fault temperature threshold for each investi-
gated fault type. The BPNN models therefore provide operating-condition-dependent
thresholds rather than a single fixed threshold.

The remainder of this paper is organized as follows: Section 2 analyzes the power
loss of the power converter; Section 3 describes the finite element modeling approach for

https:/ /doi.org/10.3390/machines14080941


https://doi.org/10.3390/machines14080941

Machines 2026, 14, 941

40f23

the power converter; Section 4 presents the fault diagnosis method based on temperature-
rise monitoring; Section 5 validates the proposed method experimentally; and Section 6
presents the conclusions.

2. Power Loss Analysis of Power Converters

Using a four-phase SRM as the research prototype, this paper presents the topology of
its asymmetric half-bridge power converter in Figure 2. As shown in Figure 2, the controller
uses a current chopping control strategy: during motor excitation, the bottom transistors
remain on, while the top transistors perform the chopping operation. Specifically, Q1-
Q4 serve as choppers, with D5-D8 serving as the down freewheeling diodes; Q5-Q8 are
position transistors, while D1-D4 are the up freewheeling diodes.

D5 ?

Qldgs DIZx Q2493 D2&

X Q545 D6 % Q645} D77

=]

LA Lg

Figure 2. Asymmetric half-bridge converter.

Common faults in each phase bridge arm of a power converter include open-circuit
and short-circuit faults in power transistors and freewheeling diodes. Because power
transistors have a higher failure rate than power diodes, this paper focuses exclusively on
diagnosing open-circuit and short-circuit faults in power transistors.

Converter power losses are primarily attributable to power switching transistors and
diodes, whose conduction and switching losses dominate the total power loss. The average
conduction power loss of a single power MOSFET is calculated using Equation (1):

1 .
Pron 0 = T /t ng(t) - Rypdt )

where Peon_o, Tyn, teon_q, 14, and Ron represent the average conduction loss of the power
transistor, the switching period, the conduction duration, the drain current, and the on-
resistance, respectively.

The switching process of the MOSFET is shown in Figure 3. The red curve represents
gate-source voltage vGS, the blue curve is drain-source voltage vDS, and the green one
denotes drain current id. The dashed lines mark ton and toff, which are the turn-on and
turn-off transition intervals adopted to calculate switching loss energy. The integral term
J vas(£)ig(t)dt over the switching transition interval represents the energy loss generated in
a single switching action, namely the turn-on energy loss E,, and turn-off energy loss E; ;.
Dividing this single-transition energy loss by the switching period T, yields the average
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switching power loss over a complete switching cycle, as expressed in Equations (2) and (3),

respectively:
Pong = T%zh fl‘on Eon(vgs,ig)dt 2
= 1 fo 2us0) - ia(t)dt
Porf- @ = Ty Juy Eosf (Vussia)dtt o

= 1 i, 0as(t) - ia(B)at

where Eqn and E¢ denote the energy losses during a single turn-on and turn-off transition
of the MOSFET, respectively. Py, g and Py o are the average turn-on and turn-off power
losses of the transistor within one switching cycle.

Figure 3. Transient switching process of the MOSFET.

In this study, the IRFP4688 MOSFET was selected as the device under test. A standard
test circuit was built in the LTspice simulation environment to measure turn-on and turn-off
energy losses under various current and voltage conditions. The measured results are
presented in Figure 4.

The power losses of diodes are also primarily attributable to conduction and switching
losses. The average conduction loss of a power diode is determined using Equation (4):

1

Pcon_D = ﬂ[ UF(t) : ir(t)dt (4)
p con_D

where Py, p, Tyhs teon_Ds VF, and ir represent the average conduction loss, the operating
period, the conduction duration, the diode voltage drop, and the current flowing through
the diode, respectively.

In diode switching-loss analysis, turn-on losses are generally negligible compared
with turn-off losses [13]. As shown in Figure 5a, the turn-off transient of a power diode
comprises two distinct stages. During the first stage, in which the diode voltage remains
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nearly unchanged, the turn-off loss caused by reverse recovery can be determined using
Equation (5):

Prec = T%nh ftw Erec(vl-"/ ir)dt

= 1 i, or(t) - ir(t)at

where Prec, trr and Erec represent the average turn-off loss power of the diode, the reverse

©)

recovery time of the diode, and the reverse recovery energy of the diode, respectively.

15 20
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V) S g 0 idA) i(A)

10

Figure 4. Power loss of the IRFP4688 MOSFET during a single switching cycle: (a) turn-on process;
(b) turn-off process.
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Figure 5. Reverse recovery characteristics of a power diode. (a) Reverse recovery waveform. (b) Table
of the average turn-off loss power.

Because the reverse recovery time ¢, of the diode is extremely short, its average
turn-off loss power can be obtained from the average turn-off loss table shown in Figure 5b.

Based on the experimental prototype simulation model developed in MATLAB R2023b,
the instantaneous loss characteristics of the phase-A power transistors were obtained using
the simulation parameters listed in Table 2. The corresponding results are presented in
Figure 6.
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Table 2. Simulation parameters.

Operating Conditions and Device Parameters Value
Power supply voltage U 12V
Conduction 6 3-26°
Load torque Tr. 0ON-m
Rotor speed n 800 r/min
Rise time of MOSFET 105 ns
Fall time of MOSFET 74 ns
Diode forward voltage 08V
Diode reverse recovery time 121 ns

—~ 3.00
<< 2.00
= 1.00
0.00

~

= 0.09
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000
ar 0.00
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Figure 6. Transient power loss of devices in phase-A.

The simulation results in Figure 6 indicate that the loss characteristics of power devices
differ considerably among current chopping control modes. For the phase-A devices, Q1
switches frequently, and its switching losses far exceed its conduction losses. In contrast,
the conduction losses of Q5 are considerably higher than its switching losses. The voltage
across D5 alternates rapidly between positive and negative values within a single operating
cycle. D1 conducts freewheeling current only at the end of the cycle; consequently, its
conduction losses are substantially lower than its reverse recovery losses.

3. Thermal Modeling of the Power Converter

In a conventional power converter, as illustrated in Figure 7, the numbers from D1
to Q8 on each device denote the serial numbers of power semiconductor devices. Most
heat generated during operation is conducted through the device base and a thermally
conductive insulating spacer to the heat sink. The heat is then dissipated to the surrounding
air by convection and radiation from the heat-sink fins. The remaining heat in the device is
released directly from its surfaces to the air by convection and radiation.

In this study, power converter faults are diagnosed using temperature-rise data ob-
tained from the power-device housings. To simplify the thermal simulation model with-
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out compromising simulation accuracy, the following reasonable simplifications were
applied [16-20]:

Phase-D Phase-C Phase-B Phase-A

4

UL

Figure 7. FEM of the four-phase asymmetric half-bridge converter for the SRM.

(1) The internal multilayer structure of the MOSFET, including the chip solder layer,
DBC packaging layer, and substrate solder layer, was combined into an equivalent solder
layer, as illustrated in Figure 8.

MOSFET Die
Equivalent Solder
Grease

Figure 8. Layers of the 3-D FEM model of the MOSFET.

(2) The power electronic device was modeled as a rectangular prism composed of
a single material, and the thermal conductivity of this equivalent rectangular prism was
calculated using Equation (6):

A ki

= 6
" ARy ©)

where Ry, is the thermal resistance from the bottom case to the chip of the i-th device, [;
is the thickness of the device, and A; is the area of the bottom surface of the device. The
simplified simulation model is shown in Figure 8.

Homogenizing the internal multilayer structure neglects local temperature gradients
within the device. However, because the proposed diagnostic method uses only the external
housing temperature rather than the internal chip temperature, this simplification has little
effect on the steady-state temperature rise of the device case while substantially reducing
the mesh count and computational burden.

Based on the assumptions described above, a steady-state thermal finite element
model of the power converter was developed. The geometric parameters and simula-
tion environment parameters are provided in Tables 3 and 4, respectively. According to
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the official device datasheets, the junction-to-case thermal resistance is 0.5 °C/W for the
power diode and 0.29 °C/W for the IRFP4688 MOSFET. Both devices have dimensions of
20 mm X 16 mm X 5 mm. Equation (6) gives equivalent thermal conductivities of
54 W/ (m-°C) for the MOSFET and 32 W/(m-°C) for the power diode. The junction-to-
case thermal resistances were obtained directly from the official manufacturer datasheets,
and the equivalent thermal conductivities were then derived using the standard thermal-
resistance formulation. For the PCB, heat sink, and thermal grease, thermal conductivities
were assigned based on typical material parameters reported in the literature. Because the
convective heat-transfer coefficient and surface emissivity listed in Table 4 are not provided
in device datasheets, their initial values were selected with reference to relevant thermal
simulation studies of power electronics. Because the present study did not reserve a sepa-
rate experimental dataset for FEM validation, the same experimental data were used to
assess the agreement between the calibrated FEM results and the measurements. Therefore,
this comparison should be regarded as a calibration and model-experiment agreement
assessment rather than an independent validation. For the thermal simulation, a geometric
model was constructed using the parameters in Table 3 and imported into finite element
simulation software. A steady-state thermal analysis was performed at a constant ambient
temperature of 27 °C. The convective heat-transfer coefficients and thermal emissivity
values of the heat sink and power devices were set as specified in Table 4.

Table 3. Material properties and geometric dimensions.

Component Conductivity Dimensions
(W/m-°C) (mm)
MOSFET 54 20 x 16 x 5
Diode 32 20 x 16 x 5
PCB 0.29 260 x 152 x 2.5
Heat sink 120 22 x 20 x 3
Grease 4 22 x 16 x 0.5

Table 4. Boundary conditions for the power converter.

Convective Heat Transfer

Coefficient (W/m2-°C) Emissivity
Heat sink 6 03
Power device 6 08

The established finite element model was used to obtain converter temperature dis-
tribution contours under normal operation and various fault conditions, as illustrated in
Figure 9. The simulation results show that a short circuit in the phase-A chopper switch
increases the temperature of the phase-A power transistor. Under closed-loop speed control,
the currents in the remaining healthy phases decrease slightly, causing a corresponding re-
duction in power-transistor temperature relative to normal operation. A short-circuit fault
in the phase-A position transistor increases the temperature of the DOWN freewheeling
diode. When an open-circuit fault occurs in the phase-A chopper, the faulty phase cannot
be excited properly, and its phase current falls to zero; consequently, the temperatures
of the power devices in the faulty phase do not increase. The closed-loop speed control
compensates for the total output torque by increasing the phase currents in the remaining
healthy phases, which raises the temperatures of the power devices in those phases.
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Figure 9. Temperature-distribution contours of the power converter. (a) Normal state. (b) Chopper
short-circuit fault. (c) Position transistor short-circuit fault. (d) Chopper open-circuit fault.

4. Fault Diagnosis Method Based on Temperature-Rise Monitoring

To calibrate the thermal boundary parameters and assess the agreement between the
thermal model and the experimental measurements, temperature data were collected from
the switched reluctance motor (SRM) prototype under no-load operation at 800 r/min. The
measured temperatures were compared with the corresponding FEM results, as shown
in Figure 10. These boundary parameters were calibrated by comparing the simulated
housing temperatures with the experimental measurements obtained under the operating
conditions shown in Figure 10. The experimental data shown in Figure 10 were used both
to calibrate the convective heat-transfer coefficient and surface emissivity and to quantify
the agreement of the resulting calibrated model. No independent experimental dataset was
available for a separate FEM validation.

The mean relative deviation (MRD) between the simulated and measured temperature
responses was calculated for each operating condition. The MRD values were 4.2%, 3.2%,
2.0%, and 4.5% for the normal condition, chopper transistor short-circuit fault, position tran-
sistor short-circuit fault, and chopper transistor open-circuit fault, respectively. The overall
mean relative deviation was 3.5%. These results indicate that the calibrated FEM model
reproduced the main temperature trends and relative temperature variations observed in
the tested cases. However, because the same data were involved in parameter calibration
and agreement assessment, these results do not constitute independent FEM validation.

To obtain temperature-difference thresholds for the different fault cases, three fault-
specific backpropagation neural network (BPNN) models were developed to predict fault-
induced temperature-rise-variation thresholds for the monitored power diodes under
various operating conditions. The models were based on results from the finite element
thermal model [21-25] and corresponded to a chopper transistor short-circuit fault, a
position transistor short-circuit fault, and a chopper transistor open-circuit fault. All three
models used the same 3-9-1 architecture, as illustrated in Figure 11.
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Figure 10. Calibration and model-experiment agreement assessment of the FEM thermal model.
(a) Normal state. (b) Chopper transistor short-circuit fault. (c¢) Position transistor short-circuit fault.

(d) Chopper transistor open-circuit fault.
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Figure 11. BPNN model for predicting the fault temperature thresholds.
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As shown in Figure 11, each BPNN model contains an input layer with three neu-
rons corresponding to load torque, rotor speed, and ambient temperature; a hidden layer
with nine neurons; and an output layer with one neuron representing the fault-induced
temperature-rise-variation threshold for the corresponding fault type. The models were
trained using gradient descent. The number of hidden-layer neurons was selected using
preliminary comparative experiments and empirical BPNN design rules, for which several
architectures with different numbers of hidden-layer neurons were evaluated. Too few
hidden-layer neurons prevented the network from adequately characterizing the nonlinear
relationship among load torque, rotor speed, ambient temperature, and the fault temper-
ature threshold. Conversely, too many neurons produced only marginal improvements
in prediction accuracy while increasing training complexity and the risk of overfitting.
Nine hidden-layer neurons were therefore selected as a trade-off between predictive per-
formance and model complexity. Gradient descent was selected because the threshold
prediction problem is a low-dimensional regression task with three input variables and one
output variable. After data normalization, the method provided stable convergence and
low computational cost for the given dataset and was therefore suitable for training the
BPNN-based temperature threshold prediction model.

The training procedure was as follows:

(1) Randomly input sample data into the neural network, denoted as the matrix X,
where X = [x1, X2, X;, X1

(2) Initialize network weights and biases: The weight from the input layer to the
hidden layer is W, the bias is b, and the activation function is (W, b); the weight from the
hidden layer to the output layer is V, the bias is B, and the activation function is g(V, B).

(3) Calculate the hidden-layer output values: y = f(WX + D).

(4) Calculate the output-layer values: 0 = g(Vy + B).

(5) Compare the predicted output values with the expected values. If the error is
within a reasonable range, the training process is complete; otherwise, iteratively update
the weights and biases until the output error meets the accuracy requirements.

In this study, 1344 sets of simulation data covering different combinations of the three
influencing factors were selected as BPNN samples; 1294 sets were used for training and
50 sets for testing. On the test data, the trained model achieved a mean absolute error
(MAE) of 0.018 and a correlation coefficient of 0.996. The quality and representativeness
of the samples were ensured in three ways. First, the FEM-based thermal model used to
generate the samples was experimentally validated under normal and representative fault
conditions, as shown in Figure 10. The close agreement between simulated and measured
temperature variations confirms the physical fidelity of the generated samples. Second,
samples were generated by systematically varying rotor speed, load torque, and ambient
temperature across the investigated operating range. The resulting sample set covers all
operating conditions considered in this study and supports reliable interpolation by the
trained BPNN within this range. Third, all input and output data were normalized before
training to eliminate the effects of different variable scales and improve convergence. The
low MAE and high correlation coefficient on the test set further confirm the prediction
accuracy of the trained model for unseen samples within the investigated operating range.
Prediction performance may, however, deteriorate when operating conditions fall outside
the range of the training data. The MAE represents the average absolute deviation between
the predicted and target thresholds; the value of 0.018 indicates a small average prediction
error after data normalization and shows that the BPNN can accurately approximate
the nonlinear relationship between the operating conditions and the fault temperature
threshold. The correlation coefficient of 0.996 indicates strong linear agreement between the
predicted and target threshold values, with the predicted thresholds following the target
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threshold trends across different rotor speeds, load torques, and ambient temperatures. The
trained BPNN therefore provides satisfactory predictions over the investigated operating
range and can supply operating-condition-dependent diagnostic thresholds. The well-
trained BPNN model was then used to predict the temperature thresholds for different
fault types and influencing factors. For rotor speeds of 400 to 1000 r/min and load torques
of 0 to 0.1 N-m, heat maps of the fault temperature thresholds at four ambient temperatures

are presented in Figures 12-14.
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Figure 12. Heat map of the chopper short-circuit fault temperature threshold.
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Figure 13. Heat map of the position transistor short-circuit fault temperature threshold.

This paper proposes a novel fault diagnosis method that uses power diode temperature
variations and the temperature thresholds predicted by the BPNN. The schematic diagram

of the proposed diagnostic procedure is illustrated in Figure 15.
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Figure 14. Heat map of the chopper open-circuit fault temperature threshold.
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Figure 15. Schematic diagram of the proposed fault diagnosis method.
Stage I: Power Loss Calculation for the Power Converter

The power losses of the power converter are calculated first. Mathematical models are
established separately for the power losses of the MOSFETs and diodes. The conduction,
turn-on, and turn-off losses of the MOSFETs and the conduction and reverse recovery
losses of the diodes are calculated using the corresponding integral formulas to quantify
the thermal losses generated by the power devices during operation. The calculated power-

loss values are used as heat-source inputs and provide the thermal loads for the subsequent
finite element thermal simulation.

Stage II: Establishment of the FEM Model for the Power Converter
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Using the power-loss heat sources obtained in Stage I as inputs, a three-dimensional
solid model of the power devices is constructed from their actual geometries, including
the plastic-encapsulated housings, copper pins, and heat sinks. The components are then
assembled into a simplified model of the four-phase power converter. The calculated
power losses are applied to the finite element model for thermal simulations under various
operating conditions. The simulated power converter temperatures under these conditions
form the sample dataset used to train the neural network model.

Stage III: Establishment of the BPNN Prediction Model

The multi-condition temperature dataset obtained from Stage II simulation is adopted
to construct the BPNN prediction model. Load torque, rotor speed and ambient temperature
are selected as the input variables of the BP neural network, while the steady-state BPNN-
predicted baseline temperature threshold is set as the model output. The network is trained
with sample data to establish the nonlinear mapping relationship between the operating
conditions of the converter and the BPNN-predicted baseline temperature threshold. The
BPNN-predicted baseline temperature threshold Ay is defined as:

A9k = Qfault,k - 6normal,k

where 6,1 denotes the steady-state temperature of the device under fault conditions,
and 6,,o,q1  Tepresents the steady-state temperature of the device under normal operating
conditions with identical working parameters. On the basis of the reference temperature
difference, three sets of fault diagnosis thresholds are further defined: ATy;p 1, ATpown &
and ATy f are the upward-trend threshold, downward-trend threshold and open-circuit-
fault decision threshold for phase-k, respectively.

ATup_k = DCAGk
ATpown_k = aAb
ATOC_k = lXAGk

where « is the scaling coefficients.

The final decision thresholds are obtained by multiplying the BPNN-predicted refer-
ence temperature differences by predefined scaling coefficients «.acwas manually selected
within the range of 0.6-0.8 as an engineering parameter before the experimental evaluation.
The purpose of introducing « < 1 was to set the decision threshold below the predicted
steady-state fault temperature difference, thereby enabling an earlier fault indication. The
range of 0.6-0.8 was selected empirically to provide a practical tradeoff between early
warning and resistance to normal thermal fluctuations and measurement uncertainty. A
smaller coefficient produces an earlier but more sensitive alarm, whereas a larger coefficient
produces a more conservative but later alarm. The selected coefficients were kept fixed
for all experimental cases and were not tuned using the experimental results reported in
this study. It should be noted that the range of 0.6-0.8 is a prototype-specific engineering
setting rather than a universally optimal range.

Compared with the full steady-state reference temperature difference used as the
decision boundary, the scaled threshold can be reached before the device temperature
difference approaches its steady-state fault value. The proposed method therefore does not
require the device temperature to reach thermal steady state before fault diagnosis begins.

Stage IV: Real-Time Monitoring and Fault Diagnosis of Diode Temperature

For the hardware monitoring scheme, temperature sensors are mounted on the plastic
shell of freewheeling diodes, and the system collects temperature data every 2 s. The
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real-time temperature difference is obtained by comparing the measured temperatures of
devices in the normal phase and the faulty phase ATy, which is defined as

ATy = Tmon,k - Tnor,k

where Ty,on i is the real-time monitored temperature of the k—th-phase diode, and Tnork
denotes its steady-state baseline temperature under the identical healthy operating condi-
tion. The real-time temperature difference is compared with the scaled thresholds ATyp ,
ATpown k and ATgc k. Combined with corresponding judgment intervals, three typical
faults, namely chopper short-circuit, position transistor short-circuit and chopper open-
circuit, can be identified. Benefiting from the threshold reduction to 60-80% of the reference
value, the system can trigger fault judgment without waiting for the device temperature to
reach the steady-state fault temperature difference, thereby realizing effective detection of
the early transient fault process.

Online fault diagnosis proceeds as follows:

(1) The system monitors the current operating conditions in real time and collects key
operating parameters such as rotor speed, load torque, and ambient temperature.

(2) The trained prediction model is used to obtain the temperature thresholds for
different fault conditions based on the actual operating conditions of the motor.

(3) The fault monitoring system monitors and records the temperature change AT} of
each phase diode in real time, initiates the fault-determination procedure, and applies the
decision logic shown in Figure 16.

Detect the current operating condition, and look up the
temperature threshold table to obtain the decision
thresholds ATyp i, ATpown 1, and ATpc i

l¢

l

Detect the temperature change
amount AT} of each phase of diodes

|ATi| = ATyp i or |[AT, | = ATnaw.v_k
or [AT, | = |AToc

Is the temperature
measurement point the UP
freewheeling diode?

A \ 4

The temperature change The temperature change The temperature change
amount of the DOWN amount of the UP amount of the DOWN
freewheeling diode freewheeling diode freewheeling diode

AT ZATpown « AT, ZATpown « AT S AToc k
v v v
LRI HEI e Chopper short-circuit fault open-circuit fault at the k-
short-circuit fault PP pen-cireult tauit at the
at the k-phase phase

at the k-phase

[ | |

Figure 16. Fault diagnosis flowchart.
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The detailed fault decision and localization logic is illustrated in Figure 16. This ap-
proach enables component-level identification of short-circuit faults in chopper transistors
and position transistors, whereas open-circuit faults can be localized only to the faulty
phase. The measured temperature variation of each monitored diode is compared with the
corresponding fault-specific threshold generated by the BPNN. The fault type is determined
from the monitored diode and the direction of threshold violation, while the faulty phase is
identified as the phase with an abnormal temperature variation. If none of the fault criteria
is met, the converter is considered to be operating normally, and monitoring continues.

5. Experimental Verification

To validate the temperature-rise-based fault diagnosis method proposed in this paper,
experiments were conducted on a four-phase 8/6 SRM prototype. The physical experi-
mental setup is shown in Figure 17, and the key experimental parameters of the SRM are
summarized in Table 5.

A.Powerter converter
B.Current sensors
C.DC power supply
D.DSP F28335
E.SRM
F.Torque and speed sensor
G.Magnetic powder brake
Figure 17. Experimental platform.
Table 5. Experimental parameters.
Parameter Value
Number of stator poles 8
Number of rotor poles 6
Number of phases of SRM 4
Power supply voltage/V 12
Rotor speed/(r/min) 800
Resistance of phase winding /() 0.3
Resistance value of external resistor/Q) 1
Inductance of phase winding/mH 2.69
Turn-on angle/(°) 3
Turn-off angle/(°) 26

Four typical operating conditions were simulated: normal operation, a chopper short-
circuit fault, a position transistor short-circuit fault, and a chopper open-circuit fault.
All fault simulations were performed under the same operating conditions: an ambient
temperature of 27 °C, a rotor speed of 800 r/min, and no load torque. The resulting
temperature distributions of the power converter are presented in Figure 18.
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Figure 18. Infrared temperatures of the asymmetric half-bridge converter. (a) Normal state. (b) Chop-
per short-circuit fault. (¢) Position transistor short-circuit fault. (d) Chopper open-circuit fault.
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As shown in Figure 18a,b, when a short-circuit fault occurs in the phase-A chopper,
the temperature rise of the UP freewheeling diode D1 is 23.9 °C, compared with only 5.1 °C
under normal operating conditions. The corresponding temperature change AT as the
device transitions from the normal to the faulty state is 18.8 °C. According to the fault
temperature threshold table, the threshold for the UP freewheeling diode is 13.77 °C. A
short-circuit fault in the phase-A chopper transistor Q1 can therefore be identified. Similarly,
as shown in Figure 18c, when a short-circuit fault occurs in the phase-A position transistor,
the temperature rise of the phase-A DOWN freewheeling diode D5 is 20.5 °C, compared
with 8.8 °C under normal operating conditions. The resulting temperature change AT,
is 11.7 °C, which exceeds the DOWN freewheeling diode fault temperature threshold of
8.69 °C and indicates a short-circuit fault in the phase-A position transistor Q5. As shown
in Figure 18d, when an open-circuit fault occurs in the phase-A chopper, the temperature
rise of the phase-A DOWN freewheeling diode D5 is only 0.9 °C, substantially lower than
the normal-operating temperature rise of 8.8 °C. The temperature change AT3 is —7.9 °C,
which is below the open-circuit fault temperature threshold of —6.16 °C; consequently, an
open-circuit fault has occurred in the phase-A. Because the measured temperature feature
does not uniquely distinguish the two transistor positions within the phase, the method
does not identify which specific component causes the open-circuit fault.

Figure 19 presents the diode temperature-rise data under different fault conditions.
The temperature rises of the diodes in the faulty phase vary substantially, confirming
the feasibility of the proposed power converter fault diagnosis method based on diode
temperature rise.

=)
a3

n
5 S

W W B
“mcmc

Temperature(°C)
N ; G =]

Normal sfate
Chopper SC

Position transistor SC™=
Chopper OC

D1 Diode

Figure 19. Comparison of temperature rise of upper freewheeling diode D1 and lower freewheeling
diode D5 under normal operation and three transistor fault conditions. Each color bar corresponds to
one operating state: blue bars—normal state; red bars—chopper transistor short-circuit fault; cyan
bars—position transistor short-circuit fault; magenta bars—chopper transistor open-circuit fault.

To further validate the accuracy of the diagnostic approach, the temperature rises of
the phase-A devices were measured at different ambient temperatures, rotor speeds, and
load torques. The experimental results are summarized in Table 6. Because a short-circuit
fault in a power transistor causes extremely high phase currents, the experiments were
limited to a load torque not exceeding 0.1 N-m and a rotor speed below 1000 r/min. To
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distinguish the thermal behavior of the upper and lower freewheeling diodes in phase-A,
they are labeled “UP” and “DOWN”, respectively.

Table 6. Experimental results under different influencing factors.

Experiment Rotor Speed/Load Temperature Fault
Serial Torque/Ambient Variation of the Temperature Diagnostic Result
Number Temperature Diode AT Threshold
1 600 r/min, 0.01 N-m, 18 °C 8.2°C (UP) 5.29 °C Position transistor
short-circuit fault
2 750 r/min, 0.01 N-m, 23 °C 19.3 °C (DOWN) 15.41 °C Chopper short-circuit fault
3 900 r/min, 0.01 N-m, 27 °C —9.8 °C (DOWN) —-7.56°C Phase-level open-circuit fault
. o o o Position transistor
4 600 r/min, 0.03 N-m, 18 °C 9.2°C (UP) 6.47 °C short-cireuit fault
5 750 r/min, 0.03 N-m, 23 °C 20.7 °C (DOWN) 14.46 °C Chopper short-circuit fault
6 900 r/min, 0.03 N-m, 27 °C —10.6 °C (DOWN) —8.03 °C Phase-level open-circuit fault
. o o o Position transistor
7 600 r/min, 0.05 N-m, 18 °C 12.4 °C (UP) 7.43°C short-circuit fault
8 750 r/min, 0.05 N-m, 23 °C 18.4 °C (DOWN) 13.77 °C Chopper short-circuit fault
9 900 r/min, 0.05 N-m, 27 °C —13.6 °C (DOWN) —8.35°C Phase-level open-circuit fault

Figure 20 compares the experimentally measured diode temperature changes with the
fault temperature thresholds predicted by the BPNN. To quantify the diagnostic margin, the
absolute measured temperature variations and the corresponding predicted thresholds were
compared across all nine experimental cases. The average absolute temperature variation
was 13.58 °C, and the average absolute threshold was 9.64 °C. The predicted thresholds
therefore represented approximately 70.4% of the measured temperature variations, with a
range of 59.9-79.8%.

—=— Diode temperature change amount
—o— Fault temperature threshold

25
20 -
15+

AT(CC)

_15 =

1 1 1 1 1 1 1 1 1

1 2 3 4 5 6 7 8 9
Experiment serial number

Figure 20. Comparison of the predicted thresholds with the experimental results.

The mean diagnostic margin was 3.94 °C, and the individual margins ranged from
2.24 °C to 6.24 °C. For position-transistor short-circuit faults, the average measured tem-
perature change was 9.93 °C, while the average threshold was 6.40 °C, yielding a mean
margin of 3.54 °C. For chopper transistor short-circuit faults, the corresponding values were
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19.47 °C and 14.55 °C, respectively, producing an average margin of 4.92 °C. For chopper
transistor open-circuit faults, the mean absolute temperature variation was 11.33 °C, while
the average absolute threshold was 7.98 °C, resulting in a mean decision margin of 3.35 °C.

All nine experimentally tested fault cases satisfied the corresponding threshold criteria,
yielding a 100% success rate for both fault detection and fault-type classification within the
investigated experimental set. These results demonstrate that, under the tested operating
conditions, the BPNN thresholds provide sufficient separation between the measured
fault-induced temperature variations and the decision boundaries.

6. Conclusions

This paper investigated single-phase short-circuit and open-circuit faults in the power
transistors of an asymmetric half-bridge power converter used in switched reluctance
motors (SRMs), with emphasis on their effects on system operating states and converter
temperature-rise characteristics. A temperature-field-based fault diagnosis method was
proposed for the SRM power converter. The method uses a backpropagation neural network
(BPNN) to predict fault temperature thresholds under varying operating conditions. By
comparing real-time power-diode temperature variations with these thresholds, the method
can locate short-circuit faults in chopper transistors and position transistors and identify
the faulty phase for open-circuit faults. However, the method cannot further distinguish
whether an open-circuit fault originates in the chopper transistor or the position transistor.
The experimental results show that, after a fault occurs, the strategy can accurately and
rapidly diagnose the fault type and determine its location. The main contributions are
as follows:

(1) The proposed method does not require the devices to reach thermal steady state,
enabling fault diagnosis at an early stage and thereby significantly improving diagnostic
efficiency.

(2) During actual motor operation, sudden load changes or rotor speed fluctuations
can cause substantial variations in phase current. In contrast to these rapidly varying
current signals, diode temperature changes more gradually. Because the corresponding
fault temperature thresholds can be updated adaptively as the load and rotor speed change,
the proposed diagnostic approach demonstrates robustness and reliability.

(3) Conventional current-based fault diagnosis methods for power converters are
susceptible to high-frequency noise and severe current fluctuations, which may reduce
diagnostic accuracy or cause misdiagnosis. The proposed method avoids complex analysis
of pre-fault and post-fault current signals and requires no additional current or voltage
sensors, thereby reducing detection costs.

Despite the promising results, the proposed method has several limitations. First, the
present study addresses only single-phase faults; diagnostic performance under simultane-
ous multi-phase fault conditions has not been examined and requires further investigation.
Furthermore, for transistor open-circuit faults, the proposed method can identify only the
faulty phase and cannot determine whether the fault occurs in the chopper transistor or
the position transistor. Second, the fault types considered are limited to open-circuit and
short-circuit faults in power transistors; power diode faults are outside the scope of this
work. Third, the BPNN threshold prediction models were trained within a specific operat-
ing envelope (rotor speed: 400-1000 r/min; load torque: 0-0.1 N-m; ambient temperature:
18-27 °C), and extrapolation beyond this range may reduce prediction accuracy. Fourth,
because of the constraints of the experimental setup, only nine groups of test samples were
collected, precluding a comprehensive statistical evaluation of diagnostic performance.
Additional samples will be collected in future work to enable quantitative analysis of
the algorithm’s effectiveness. Fifth, the proposed method requires temperature sensors
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attached to the power diodes, which introduces additional hardware costs and installa-
tion constraints in space-limited applications. Future research will extend the method to
broader operating conditions, multiple simultaneous faults, and diode fault scenarios and
will include sufficient experimental validation for robust statistical analysis.
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