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Abstract

Power-switch open-circuit (OC) faults distort electric-vehicle (EV) inverter phase currents
and require fast on-board diagnosis for fault-tolerant control. Trajectory-image methods
encode the a—f current-vector trajectory as a binary image and classify it with a convo-
lutional neural network (CNN); however, the baseline uses 6.46 x 10° parameters and
3.31 x 107 multiply-accumulate (MAC) operations per inference, which is costly for motor-
control microcontrollers (MCUs). Here, each one-cycle trajectory is represented by a
36-dimensional normalized angular sector-energy vector and classified by a compact two-
stage multilayer perceptron. Sector accumulation averages zero-mean measurement noise
in the representation, without relying on noise-augmented training. The locating stage uses
1.58 x 10* parameters and 1.56 x 10* MACs per inference, 97.55% and 99.95% fewer than
the baseline CNN; the complete pipeline runs on a TI F28379D in 0.52 ms. On measured
resistive-load currents, both methods reach 100% accuracy from 40 to 20 dB, whereas the
proposed method remains more accurate at 15 and 10 dB, including under 88% phase-
current unbalance. A supplementary balanced RL-load experiment preserves 100% clean
accuracy, confirming MCU-executable diagnosis under a lagging power-factor load for
embedded EV inverter protection.

Keywords: electric vehicle; three-phase inverter; open-circuit fault diagnosis; current-vector
trajectory; angular sector-energy feature; multilayer perceptron; embedded deployment;
noise robustness

1. Introduction

In an electric vehicle (EV), the three-phase voltage-source inverter (VSI) converts the
battery dc power into the ac power required by the traction motor, and power-electronics
reliability is a key requirement for such drivetrain systems [1]. In some integrated on-board
charger and vehicle-to-grid (V2G) topologies, the traction inverter or the motor windings
can also participate in bidirectional energy transfer between the battery and the grid [2].
The traction inverter is also closely associated with the dc-link reliability chain [3]. The
power switches, such as insulated-gate bipolar transistors (IGBTs), silicon-carbide (SiC)
metal-oxide-semiconductor field-effect transistors (MOSFETSs), and silicon MOSFETs, are
among the most failure-prone components because they are repeatedly exposed to electrical
and thermal stresses. Gate-driver faults, bond-wire fatigue, and thermal cycling may lead to
an open-circuit (OC) fault, which distorts the phase currents, increases current harmonics,
and may further degrade drivetrain stability and safety [4]. For EV powertrains that
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require limp-home operation, fault-tolerant control relies on timely and reliable diagnostic
information. Therefore, OC fault diagnosis should be fast, accurate, and implemented on
the controller itself rather than on an external computer.

Existing OC diagnosis methods fall into two broad groups: rule-based methods and
data-driven methods. Rule-based methods derive a diagnostic variable from measured
currents, voltages, residuals, or vector trajectories and compare it with preset thresh-
olds. Among current-based schemes, Rothenhagen and Fuchs [5] evaluated normalized
average-current (Park’s-vector) indicators for IGBT OC faults in voltage-source drives,
and Guo et al. [6] extended the average-current Park’s-vector approach to a six-phase
fault-tolerant permanent-magnet synchronous motor (PMSM); Zhang et al. [7] instead used
the phase of the current vector to detect weak OC faults that cause only small current
distortion. Model- and observer-based schemes form residuals from a converter model:
Wang et al. [8] estimated a voltage-vector residual by tracking the current path in a T-
type inverter, Li et al. [9] used a predictive current-vector residual for a three-level active
neutral-point-clamped (ANPC) inverter, and Diao et al. [10] built a hybrid-model flux
observer for real-time diagnosis in sensorless vector-controlled drives. These methods
are computationally light and physically interpretable, but their thresholds and model
parameters must be retuned for each topology and operating point and become fragile
under measurement noise, parameter drift, or severe load imbalance, where false alarms
and missed detections increase.

Data-driven methods reduce this manual tuning by learning a classifier from current
features. Cai et al. [11] combined principal-component analysis with a Bayesian network for
a PMSM inverter, and Gou et al. [12] applied ReliefF feature selection to diagnose IGBT and
current-sensor faults simultaneously in an induction-motor drive. More recent works learn
the mapping with neural networks: Yan et al. [13] trained a deep neural network directly on
the three-phase currents, Das et al. [14] targeted online diagnosis for a three-level six-phase
PMSM, and Chu et al. [15] reported a neural-network diagnosis system for a three-phase
PMSM inverter. These methods relax the dependence on hand-set thresholds, yet those that
still rely on predefined feature extraction remain sensitive to the chosen feature: if it is not
sufficiently discriminative, fault-related information can be weakened or lost, and under
extreme current imbalance amplitude- or variance-dominated features are dominated by
the heavily loaded phases, reducing sensitivity to faults in the lightly loaded phase.

To reduce the dependence on hand-crafted features, recent studies represent the fault
signature by the geometry of the a— current-vector trajectory [16-18]. Hang et al. [17]
converted the normalized current-vector trajectory into an image and classified it with
a wavelet convolutional neural network (CNN) that remains robust with small training
sets, whereas Sun et al. [18] extracted the adjacent trend-line relationship of the trajectory
as a diagnostic rule. Most relevant to this work, Lei et al. [16] rasterized the a—f current
vector into a binary trajectory image and trained a two-stage CNN for fault detection
and switch locating, reporting 100% accuracy over all 21 OC fault cases and a healthy
condition at a phase-current unbalance rate (PCUR) of up to 88%. The binary image
preserves fault-related information even when one phase current is strongly attenuated
under extreme imbalance.

However, EV on-board deployment still faces three practical obstacles. First, the model
size and computational cost are high: about 6.46 x 10° parameters and 3.31 x 107 multiply-
accumulate (MAC) operations per inference make the method more suitable for a host
personal computer or graphics processing unit (PC/GPU) than for direct microcontroller
(MCU) deployment. According to the throughput measured on the target control MCU
in this work, one CNN inference is estimated to require several hundred milliseconds, far
beyond a single fundamental cycle. Second, the sparse binary trajectory image is sensitive
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to a low signal-to-noise ratio (SNR): a noisy sample may be mapped to an otherwise empty
pixel, introducing extra activations and distorting the trajectory pattern, so a single-switch
fault may become closer to a corresponding double-switch pattern. Third, if diagnosis is
performed on a host computer, the phase currents must be continuously streamed off-board,
which introduces additional communication latency and reliability requirements in the
electromagnetically harsh vehicle environment.

For EV applications, OC diagnosis is most useful when it runs in real time on the
existing motor-control MCU. This setting leaves limited computation, memory, cost, and
installation space. The diagnostic representation should therefore be low-dimensional,
inexpensive to compute, robust to measurement noise and current imbalance, and still tied
to the physical fault signature [19,20].

To meet these requirements, this paper proposes a lightweight angular sector-energy
diagnosis network. The a—p plane is divided into 36 sectors of 10°; current magnitudes
within each sector are accumulated and normalized to form a 36-dimensional feature.
A compact two-stage multilayer perceptron (MLP) then uses this feature for fault detection
and switch locating. Because each sector aggregates multiple samples, the feature reduces
the influence of zero-mean measurement noise at individual samples. Its robustness
therefore comes mainly from the representation itself, rather than from noise-augmented
training. The main contributions are as follows:

* Anangular sector-energy feature for inverter OC diagnosis that is noise-robust and
physically interpretable: compared with the sparse binary trajectory image, the per-
sector magnitude accumulation attenuates the effect of measurement noise, so the
model does not require noise-augmented training.

* A two-stage detect-then-locate model that is substantially lighter than the baseline
CNN: the locating network has only 1.58 x 10* parameters and 1.56 x 10* MACs per
inference, corresponding to 97.55% and 99.95% fewer, respectively, than the baseline
CNN’s 6.46 x 10° parameters and 3.31 x 10” MACs.

*  Deployment and validation on the control MCU itself (TI F28379D): On clean measured
experimental data, the deployed model correctly identifies all 22 modes, with a worst-
case two-stage inference time of 0.52 ms, and uses 121 kB of Flash and 3.6 kB of RAM.
The healthy-state and 2 — 3 A peak current-step tests further show that the detector
does not trigger false alarms.

*  Robustness on real-hardware data under both balanced and extremely unbalanced
loading (PCUR up to 88%): The proposed method matches the baseline CNN from
40 to 20 dB SNR and achieves higher locating accuracy at 15 and 10 dB, where the
CNN accuracy drops markedly. Supplementary tests under a balanced inductive RL
load further examine whether the same angular feature and embedded diagnosis flow,
including online and on-MCU checks, carry over when the resistor bank is replaced
by a lagging power-factor load.

The distinction from earlier trajectory-image studies is therefore not another neural-
network block, but the representation and where it can be executed. Instead of rasterizing
the a—p trajectory into a binary image for a large CNN [16-18], this work encodes the
trajectory as a low-dimensional normalized angular sector-energy vector. The per-sector
aggregation is noise-averaging by construction, so robustness comes from the feature itself;
the resulting classifier is small enough for real-time execution on the motor-control MCU.
Table 1 positions this design against representative OC-diagnosis approaches and general
lightweight networks.

General-purpose lightweight networks such as MobileNetV2 [21] and SqueezeNet [22],
and the broader family of TinyML models [23], are designed mainly for two-dimensional
image inputs and still contain on the order of 10° parameters. Applying them to
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the 36-D feature used here would be unnecessarily large: a compact MLP of only
1.58 x 10* parameters already saturates the clean-data accuracy and is the model actu-
ally deployed on the MCU. These networks are therefore included for context rather than
as direct baselines. The head-to-head comparison is made against the trajectory-image
CNN [16], the closest prior method on the same task and measured data.

Table 1. Positioning of the proposed method against representative OC-diagnosis approaches and
lightweight network families. The proposed method is highlighted in bold.

Approach Input/Feature Parameter Scale On-MCU Real-Time  Noise/Imbalance Robust-
ness

Threshold /rule- Currents, residuals None Possible but fragile Low

based

Predefined-feature Hand-crafted features ~ Varies Rarely reported Feature-sensitive

data-driven

Trajectory-image Binary a—f image ~6.5 x 10° No (PC/GPU) High under reported condi-

CNN [16] tions; fragile at low SNR

Lightweight 2-Dimage ~1.2-3.4 x 10° Vision-oriented Not directly applicable

CNN [21,22]

Proposed 36-D sector-energy  1.58 x 10* Yes (0.52 ms) High; above CNN at 10 dB

vector

Bold text identifies the proposed method and its corresponding feature, parameter count, real-time result, and
robustness summary. The CNN and proposed MLP parameter counts are computed from the implemented
networks used in this study. The lightweight CNN row gives published representative model scales and is
included for design context rather than as a direct OC-diagnosis baseline.

The remainder of this paper is organized as follows. Section 2 analyzes the OC-
fault current-vector trajectory and the noise sensitivity of the binary-image representation.
Section 3 presents the proposed sector-energy feature and the two-stage MLP. Section 4
details the embedded implementation on the F28379D MCU. Section 5 reports comparative
offline, online, on-board, and supplementary RL-load experimental results. Section 6
discusses the limitations, and Section 7 concludes the paper.

2. Current-Vector Trajectory and Noise Fragility Analysis
2.1. Inverter Model and Open-Circuit Fault Modes

A three-phase two-level VSI comprises six controllable switches, denoted S;1, S;2
for the upper and lower switches of phase a, Sy, Sy, for phase b, and S.1, S¢» for phase
c. As shown in Figure 1, the inverter is fed by a dc bus and connected to an LC output
filter and a three-phase resistive load. The supplementary inductive-load validation in
Section 5.7 keeps the same inverter and switch labeling but replaces this bench with a direct
balanced star-connected RL load, as shown in Figure 2.

Figure 1. Topology of the three-phase two-level VSI with an LC output filter.
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Figure 2. Topology of the supplementary three-phase two-level VSI test bench with a direct balanced
star-connected RL load.

An inverter operational mode is described by the binary label vector y:

y= [Sal/ Sa2, Sbl/ SbZr Se1, SCZ]/

where S; € {0,1}, S;i=10 denotes a healthy switch, and Si=1 denotes an OC fault.
Because simultaneous OC faults in three or more switches are much less likely and usually
correspond to more severe system failures, this paper considers the healthy mode, single-
switch OC faults, and double-switch OC faults. This yields 1 + 6 + (g) = 22 operational
modes, as listed in Table 2.

Table 2. The 22 inverter operational modes.

# Mode # Mode # Mode # Mode

1 Healthy 7 S 13 Spp&Sp1 19 Sp1&Se
2 Sa1 8 S.11&S,, 14 Spp&Sy, 20 S &S
3 Sm 9 S,1&Spy; 15 Spn&S, 21 Spp&Seo
4 S 10 S1&Sp, 16 Spn&Ssn 22 S5:1&Sc
5 S 11 Si1&Sqq 17 Sp1&Sp

6 Se1 12 S;1&S, 18 Sp1&Sa

2.2. Current-Vector Trajectory Under Faults

The measured three-phase currents are mapped to the stationary a—f frame by the

W _fF s 4
24 .
b=l 9 =l

The current vector i,g(t) = in(t) +jig(t) then traces a closed trajectory over one fun-

Clarke transform:

damental cycle. Under balanced and nearly sinusoidal currents, the healthy trajectory
approximately forms a circle. Load imbalance may make the trajectory elliptical, while
measurement noise introduces local perturbations around the nominal curve, as shown in
Figure 3.

When an OC fault occurs, the current path of the faulty phase is blocked for one current
polarity, and the phase current can no longer follow the normal pulse-width modulation
(PWM) command in that interval. In the a—f plane, this appears as a reduction in or
loss of trajectory energy in the direction associated with the faulty switch. Under the
current direction defined in Figure 1 and the adopted switch labeling, upper- and lower-
switch faults correspond to opposite current polarities and therefore produce energy loss in
different half-cycle regions. Double-switch faults combine the effects of two single-switch
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faults, leading to multiple missing angular sectors, a contracted trajectory, or, in extreme
cases, an approximately straight line [16]. Therefore, the discriminative information of an
OC fault is mainly angular: it is reflected by which angular sectors lose energy and by the
orientation of the remaining trajectory, as illustrated in Figure 3.

(a) Healthy (balanced) (b) S, (balanced) (©) S, & S, (balanced)

3 3 3

2 2 2

1 1 1

< 0 o

=

O . 4

5 5 5

3 3 ;4

3 2 -1 0 1 2 3 3 2 -1 0 1 2 3 3 2 -1 0 1 23
(d) Healthy (unbalanced) (e) Sy, (10 dB noise) (S, &S, (10 dB noise)

3 3 3
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1 1 i 1
Pt
~ Lara

< 0 _ 2 s o
> e )
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-3 -3 -3
3 2 -1 0 1 2 3 3 2 -1 0 1 2 3 3 2 -1 0 1 203
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Figure 3. Representative current-vector trajectories in the a—f frame with the proposed 10° angular
sector partition: (a) healthy, balanced; (b) S;;, balanced; (c) Sy; and So, balanced; (d) healthy,
unbalanced; (e) Sp; at 10 dB SNR; (f) Sp; and Sy, at 10 dB SNR. In the two noisy panels, the blue
dashed curve is the noise-free trajectory and the red dots are the 10 dB samples.

2.3. Binary Trajectory Matrix and Its Noise Fragility

The baseline trajectory-matrix scheme [16] discretizes the current-vector trajectory
into a D x D binary matrix X. For each sample ¢; in one fundamental cycle (i = 1,..., N;),
the one-based pixel indices used in the reproduced baseline are first computed as

= B2+ 3] +1, = B R+B)+1, @)

where iP" denotes the per-unit current and |- | is the floor operator. The indices are then
clipped to the valid image range,

m; = clip(i;,1,D), n; = clip(7;,1,D), (3)

where clip(x,1,D) = min{max{x,1},D}. The binary trajectory matrix is defined by
whether any sampled point falls into each pixel,

1, diedl,...,Ns}: (m,n) = (m;n;)),
N {10/ Ne} 5 () = () “
0, otherwise.

The resulting binary matrix is then classified by a CNN.

For clean signals, this encoding preserves the main geometric shape of the trajectory.
However, X is sparse and binary: one fundamental cycle activates only a thin set of cells.
Under measurement noise, the mapped position of a sample in the a—f plane may shift
to an otherwise empty cell, thereby introducing extra activations. This effect is visible
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in the two noisy panels of Figure 3: at 10 dB the measured samples (red dots) scatter
well beyond the noise-free trajectory (blue dashed) and fall into angular sectors that are
empty in the clean case, so the sparse fault pattern is smeared. Since the CNN learns
from the spatial pattern of activated cells, such isolated activations may partially refill
the missing semicircle of a single-switch fault and make its pattern closer to that of a
corresponding double-switch fault. This tendency is observed in Section 5, where S;;
and Sp are increasingly misclassified as S,;; and S, as the SNR decreases. This noise
sensitivity motivates an aggregated representation that reduces the influence of individual
noisy samples.

3. Proposed Method: Angular Sector-Energy Network
3.1. Angular Sector-Energy Feature

Given one fundamental cycle of N5 samples, the current vector at instant ¢; is described
by its magnitude and angle:

ri = 1/i2(t;) + i%(ti), 0; = mod(atan2 (ig(;),ix(t;)),271). (5)

Here, atan2(-) is the four-quadrant arctangent, and the modulo operation maps the
angle to [0,271).

The angular range [0,27) is partitioned into K = 36 uniform sectors of width
A =27 /K = 10°. The accumulated magnitude in sector k and its normalized value are

E
E= Y n fi k k=0,...,K—1, (6)

= K1 ’
i 16,/0] =k Lon—o Em +€

where ¢ is a small constant used to avoid division by zero. In this work, “energy” denotes
the accumulated current-vector magnitude rather than the squared magnitude. This
choice avoids excessive sensitivity to a few high-amplitude samples and keeps the feature
numerically well conditioned.

The 36 normalized values form the proposed feature f = [fo,..., fx 1] € R%.
The normalization in (6) reduces the influence of the overall current-amplitude scale,
making the feature more comparable across different loading conditions. Since f describes
how the trajectory magnitude is distributed over an angle, it is consistent with the physical
signature of an OC fault discussed in Section 2. Figure 4 illustrates this for an Sj; fault,
where the normalized sector energy decreases markedly in the angular region correspond-

ing to the missing semicircle.
(a) Trajectory of Sbl

0.12 (b) 36-D sector-energy feature

S
-

0.08 |

0.06 |

0.04 |

i) (A)
(=]
Normalized energy fk

0.02

10 20 30
i (A) Sector index & (10° each)

Figure 4. Construction of the proposed 36-D sector-energy feature for an Sy, fault: (a) a—p trajectory
with the 10° sector partition; (b) normalized sector-energy feature.
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3.2. Noise Robustness by Design

Let the measured current vector in the a—f frame be corrupted by zero-mean white
Gaussian noise,
. . . . )
inp(ti) = igp(ti) + 1y, f; ~ N(0,0°T).

For the magnitude 7; = |[[iys(t;)[]2, the noisy magnitude can be approximated at
moderate to high SNR by the first-order expansion:

i ()

/o T~ - aﬁ(l

T’i Nri+ui nz-, ui - 1’7
1

T
i
sector k, the standard deviation of the accumulated perturbation scales as 0/Ni, whereas

The first-order perturbation u; fi; is zero-mean. Therefore, when Nj samples fall into
the nominal accumulated magnitude scales as 7Ni. The relative perturbation of Ej is thus
on the order of

o
()
which decreases as more samples are aggregated.

In contrast, the binary trajectory matrix in (4) maps each sample to a single cell.
Under low SNR, a noisy sample may be mapped to an otherwise empty cell, introducing
extra activations and distorting the sparse trajectory pattern. The proposed sector-energy
feature reduces the influence of individual noisy samples through angular aggregation,
and is therefore expected to degrade more gradually as the SNR decreases. This robustness
mainly comes from the representation itself rather than from noise-augmented training:

the networks are trained only on clean signals and are then evaluated under different
SNR levels.

3.3. Two-Stage Lightweight Classifier

Following the detect-then-locate paradigm [16], two compact MLPs share the same 36-
D input: a detection network for binary healthy /faulty classification and a locating network
for 22-mode fault identification. Both networks adopt the structure 36 —128 — 64 —+32—C,
where C = 2 for detection and C = 22 for locating. The hidden layers use rectified linear
unit (ReLU) activations, and dropout with a rate of 0.2 is applied during training.

For an input feature £, z-score normalization is first applied as

z:(f—yf)®sf,

where pt and sy are the mean and standard deviation computed from the training set,
and © denotes element-wise division. The forward propagation is then given by

h; = ReLU(W;h;_; + b)), p = softmax(Wrhy 1 +byp), (7)
where hy = z. The predicted class is
¢ = argmax pe.
c

Both networks are trained on clean data only, using the cross-entropy loss and the
Adam optimizer with a mini-batch size of 128 for a fixed 60 epochs. The initial learning
rate is 103 and is reduced by a factor of 0.2 after 40 epochs, and the training samples are
shuffled every epoch. No early stopping is applied, so the network obtained at the final
epoch is retained; regularization relies on the dropout layers introduced above (rate 0.2)
together with the implicit averaging of the sector-energy feature. The locating network
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contains only 1.58 x 10* learnable parameters and requires 1.56 x 10* MACs per inference,
far below the baseline CNN (6.46 x 10° parameters and 3.31 x 107 MACs). The embedded
implementation is detailed in Section 4.

3.4. Overall Diagnosis Scheme

Figure 5 summarizes the overall diagnosis scheme. At each sampling instant,
the Clarke transform (1) and the per-sample magnitude/angle (5) are computed, and the
corresponding sector energy is updated incrementally, which requires only O(1) operations
per sample.

In the present implementation, the diagnostic feature is computed over a one-
fundamental-cycle window. For steady offline evaluation the window advances by one
cycle. For online operation, the same one-cycle window is maintained as a sliding buffer
and refreshed every 50 samples (2.5 ms at the 20 kHz sampling rate), so the detection MLP
can be evaluated at sub-cycle intervals once the first complete window is available. A first
faulty indication can therefore appear within one fundamental cycle, and the experiments
in Section 5 report confirmed sub-cycle detections.

To suppress isolated false alarms, a configurable confirmation rule can require N,
consecutive faulty decisions before issuing the confirmed alarm. In a sliding-window
implementation this adds (N. — 1) update intervals, not necessarily a full fundamental
cycle. The online fault-latency tests below use N. = 1 to measure the intrinsic detection
response, whereas the healthy and current-step false-alarm checks use N, = 2 as an
additional debounce margin. The locating MLP is then evaluated on the first complete
post-fault feature window, so that its input contains only post-fault data and the faulty
switch(es) can be identified. This separates a fast initial indication from a more conservative
confirmed alarm, following the detect-then-locate principle.

Three-phase Clarke Per-sample 36-D Detection
currents transform accumulation feature MLP (2-class)

Confirmed fault

(N, decisions)

Locating Diagnosed
MLP (22-class) mode (1-22)

Figure 5. Overall two-stage angular sector-energy diagnosis scheme.

4. Embedded Implementation on the Control MCU
4.1. Computational Footprint and the Infeasibility of an On-MCU CNN

The baseline CNN comprises 6.46 x 10° learnable parameters and 3.31 x 107 MACs
per inference. Stored in single precision, its weights alone occupy about 2.58 MB, exceeding
the 1 MB on-chip Flash of a typical motor-control MCU; even with 8 bit quantization
(~0.63 MB), the 3.31 x 107 MACs would require, at the single-precision throughput mea-
sured on the target device (3.4 cycles/MAC), about 1.0 x 10® clock cycles, i.e., several
hundred milliseconds, far beyond one fundamental cycle. This estimate counts only the
measured MAC throughput and is therefore sufficient to show the on-MCU infeasibil-
ity of the CNN. The proposed locating network needs only 1.58 x 10* parameters and
1.56 x 10* MACs (Table 3)—a per-inference cost the MCU handles in real time.

https://doi.org/10.3390 /wevj17070357
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Table 3. Computational/memory footprint and on-MCU feasibility. The more favorable value is
highlighted in bold.

Metric Baseline CNN [16] Proposed Energy-MLP
Learnable parameters 6.46 x 10° 1.58 x 10%
MAC:s per inference 3.31 x 107 1.56 x 10*
Weight memory (FP32) ~2.58 MB 121 kB
On-MCU inference time ~0.5 s (infeasible) 0.52 ms (measured)
Real time (<20 ms cycle) No Yes
Execution platform Host PC/GPU On-board MCU

Parameters and MACs are listed for the locating network (22 classes), the larger of the two stages; weight memory,
inference time and footprint refer to the complete deployed detector +locator (both networks).

4.2. On-MCU Realization

The method is implemented on a Texas Instruments F28379D (dual 200 MHz C28x
cores with a single-precision floating-point unit (FPU) and a trigonometric math unit
(TMU)). The per-sample operations of (1) and (5) (the square root and atan2 are accelerated
by the on-chip FPU and TMU when the compiler is configured with FPU32/TMU support)
are folded into the existing 20 kHz analog-to-digital conversion interrupt and accumulated
incrementally into the 36 sector energies, which adds only a small per-sample load to the
interrupt. At each diagnostic update, the one-cycle feature window is normalized and the
two-stage MLP (7) is evaluated in the main loop. In the steady offline setting, the update
interval is one fundamental cycle; in the online tests, the one-cycle buffer is refreshed
every 50 samples, corresponding to 2.5 ms at the 20 kHz sampling rate. The detection
network runs at each update, and the locating network is triggered only after a confirmed
fault. All weights are stored as read-only constants in Flash; only the feature buffer,
hidden-layer activations, and diagnostic states are kept in RAM at run time. The safety-
critical modulation remains on CPU1; the diagnosis may optionally be offloaded to CPU2,
although a single core is sufficient here.

4.3. Measured Footprint and Inference Latency

On the target device the two networks occupy 121 kB of Flash for weights and
about 150 kB of total program Flash (15% of the 1 MB available), with 3.6 kB of RAM
(1.8% of 204 kB). The measured single-inference time is 219.8/407.2/516.4 ps (mini-
mum/mean/maximum); the worst case, which includes both the detection and locat-
ing stages, is 0.52 ms, only 2.6% of one 50 Hz fundamental cycle. Table 3 summarizes
the comparison.

5. Experimental Results
5.1. Experimental Setup and Validation Roadmap

The experimental validation is organized progressively. Stage I uses a TI F28379D
control board driving a three-phase two-level inverter with an LC output filter that feeds
three-phase purely resistive loads. These resistive-load tests are retained as the primary
comparison platform because they match the baseline trajectory-image study and allow a
controlled evaluation of load imbalance, measurement noise, online response, and on-MCU
execution. Two resistive loading conditions are tested: balanced and extremely unbalanced
with one phase set to a much higher resistance. Following the PCUR of [16], the unbalance
is quantified by

| Imax — Iavg|

PCUR = x 100%, (8)

avg

where loyg is the average amplitude of the three-phase currents and Imax is the amplitude of
the phase current that deviates most from I,yg; the 10/10/125 () load yields PCUR = 88%.
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The three-phase currents are sampled at 20 kHz (N; = 400 samples per 50 Hz fundamental
cycle). For each of the 22 operational modes, 1000 fundamental cycles are recorded under
each loading condition, giving 22 x 2 x 1000 = 44,000 labelled cycles in total. Within each
class the cycles are partitioned 80/20 into a training and a test set with a fixed random seed;
the balanced and unbalanced data are pooled before this split, so both loading conditions
appear in training and in testing, while the test accuracy is still reported separately for
each condition. For the offline robustness study, white Gaussian noise is added to the
measured currents at SNRs from 40 down to 10 dB to emulate measurement noise; in
all cases the networks are trained on clean data only. The 22 operational modes are
injected in hardware through the ePWM trip-zone logic of the F28379D, which forces the
corresponding switch(es) off: the C2000 trip-zone submodule can rapidly drive the PWM
outputs to a defined safe state under a fault condition, making it well suited to emulating
switch open-circuit faults. The key parameters of the resistive and supplementary RL
validation stages are summarized in Table 4.

Table 4. Key operating conditions for the resistive and supplementary RL validation stages.

Parameter R Load, Balanced R Load, Unbalanced RL Load, Balanced

DC-bus voltage V. 60V 60V 15V

Fundamental frequency fo 50Hz 50Hz 50Hz

Switching frequency fs 20 kHz 20 kHz 20 kHz

Sampling rate f; 20 kHz (400/cycle) 20 kHz (400/cycle) 20 kHz (400/cycle)

Output connection LC filter + load LC filter + load Direct load

Filter values Ly =2mH,C; =10 uF Ly =2mH,C; =10 uF Not used

Phase load 10/10/10Q 10/10/125 Q) (PCUR ~ 88%) R =250, L =2mHper phase
Current-step check 2 — 3 A peak 2 — 3 A peak 2 — 3 A peak

Cycles per mode 1000 1000 1000

The 2 A and 3 A current levels reported in this paper denote phase-current peak amplitudes, not RMS values.

The remainder of this section follows the same validation chain. The resistive-load
benchmark first quantifies noise robustness, sector-count sensitivity, false-alarm immunity,
online response, and on-board MCU validation. The inductive-load extension then replaces
the resistive load bank with a balanced three-phase RL load to test whether the same
angular sector-energy representation and embedded diagnosis flow remain effective under
a lagging power-factor load.

5.2. Resistive-Load Benchmark: Offline Noise Robustness

Following the protocol of [16], for each mode and SNR level 100 cycles are randomly
sampled and encoded, giving 2200 test samples per SNR. For a fair comparison, the baseline
CNN of [16] is reimplemented and retrained on the same measured clean data and evalu-
ated on the same noisy cycles as the proposed network; the accuracies reported here are
therefore obtained under the present experimental conditions rather than copied from [16].
Figure 6 and Table 5 report the locating accuracy. Within the SNR range reported by the
baseline (40-20 dB), both methods reach 100% under both loads, faithfully reproducing
the baseline. Beyond this range, at 15 and 10 dB, the CNN accuracy decreases markedly
(balanced: 63.6% and 40.9%; unbalanced: 74.0% and 50.2%), whereas the proposed feature
remains comparatively robust (balanced: 100% and 94.8%; unbalanced: 98.7% and 63.5%),
which is consistent with the noise-averaging analysis in Section 3. Figure 7 illustrates
this at 10 dB: the baseline CNN assigns many faults to a few classes, in particular confus-
ing single-switch with double-switch faults, whereas the proposed feature stays close to
the diagonal.
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Table 5. Offline locating accuracy under added measurement noise.
Load Method 40 dB 30dB 20dB 15dB 10 dB
Balanced Baseline CNN [16] 100 100 100 63.6 40.9
Proposed 100 100 100 100 94.8
Unbalanced Baseline CNN [16] 100 100 100 74.0 50.2
(PCUR 88%) Proposed 100 100 100 98.7 63.5

Values are percentages on identical real-hardware test cycles. The baseline CNN [16] is reimplemented and
evaluated under the same conditions. The higher accuracy at each SNR is highlighted in bold.

Balanced Unbalanced (PCUR=88%)
100 : . * ~—] 100 * r * * .
g \
2 80 1 80+
g \
3
154 \
® \
en 60 1 60 r
£ \
® \
g Proposed Energy-MLP s
— L - ~ L 1
Or - - = Baseline CNN 40
40 35 30 25 20 15 10 40 35 30 25 20 15 10
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Figure 6. Offline locating accuracy versus SNR (1 dB resolution) under balanced (left) and extremely

unbalanced (right, PCUR = 88%) loading.
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Figure 7. Row-normalized confusion matrices (diagonal = recall, %) at 10 dB SNR.
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5.3. Resistive-Load Benchmark: Sector-Count Sensitivity

To check that K = 36 is a justified rather than an arbitrary choice, the sector count was
varied over K € {18,24,36,48,72}. For each K the feature is recomputed and the locating
MLP is retrained from scratch with identical settings, and the held-out test set is evaluated
under the same per-cycle noise protocol; the results, averaged over three training seeds, are
listed in Table 6. The K = 36 row therefore differs slightly from the single representative
run in Table 5, but the operating conclusion is the same.

Table 6. Sensitivity of the locating accuracy (%) to the sector count K; the clean and 20 dB cases
achieve 100% for all K values under both loads. The value used in this paper is highlighted in bold.

K Learnable Params 15 dB (bal./unb.) 10 dB (bal./unb.)
18 13,494 100.0/99.8 90.9/71.5
24 14,262 99.9/97.2 95.8/71.0
36 15,798 99.9/98.8 93.5/66.4
48 17,334 99.6/97.1 91.3/61.4
72 20,406 99.6/98.2 91.9/61.2

Two trends are visible. First, within the operating range the accuracy is essentially
insensitive to K: the clean and 20 dB cases stay at 100% for all values, and at 15 dB every
K exceeds 97% under both loads, so K is not a critical hyper-parameter. Second, at the
most demanding 10 dB unbalanced corner, the accuracy decreases monotonically with K,
from 71.5% at K = 18 to 61.2% at K = 72. This directly corroborates the noise-averaging
analysis of Section 3: fewer, larger sectors aggregate more samples per sector, and the
standard deviation of the sector energy, which scales as ~1/+/N, is correspondingly
smaller. The K = 36 entry is consistent with the main results in Table 5; K = 36 (a 10°
partition) is retained as a compromise between angular resolution and noise averaging. It
is fine enough to preserve the sector-level shape of the fault-induced gap, but still leaves
enough samples in each sector for averaging. If maximum robustness at an extremely low
SNR was the only objective, a smaller K could be adopted at the cost of angular resolution.
The aim of this ablation is therefore not to claim that K = 36 is globally optimal, but to
show that the diagnosis is insensitive to K over the practical SNR range.

5.4. Resistive-Load Benchmark: False-Alarm Immunity

This paper first verifies that the detector stays silent when the inverter is healthy.
Figure 8 examines this on real hardware under four conditions: healthy operation at
balanced and at extremely unbalanced (PCUR = 88%) loading, and a sudden 2 — 3 A
peak (4+50%) phase-current step (an abrupt load transient) at each loading. Over the entire
~2 s record (/2100 fundamental cycles) the detection output stays at 0 (healthy) in every
case, with zero confirmed false alarms; the detector does not trip, even on the current step,
and the N. = 2 confirmation provides a further margin against isolated mis-detections.
Figure 8 plots representative excerpts from these full records.
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Figure 8. False-alarm immunity on real-hardware currents: (a) healthy, balanced; (b) healthy, unbal-
anced (PCUR = 88%); (c) a2 — 3 A peak current step, balanced; (d) the same step, unbalanced.

5.5. Resistive-Load Benchmark: Online Real-Time Diagnosis

In the online experiment, the DSP

continuously acquired the measured phase-current

samples while the two-stage diagnostic pipeline processed the one-cycle features in real
time. Figure 9 shows representative detection-and-locating timelines for a single-switch
(Sp1) and a double-switch (Sp; and S.) fault under both loads. In every case the confirmed
fault indication appears within one fundamental cycle (sub-cycle latency, 2.45-17.45 ms
under the N; = 1 latency protocol), and the faulty switch(es) are correctly located in the
following cycle, with no false alarm. The unbalanced cases also visibly exhibit the heavily
attenuated current of the lightly loaded phase, yet diagnosis remains correct.
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Figure 9. Online real-time diagnosis for representative faults: (a) balanced Sy;; (b) balanced S;; and
Sc2; (c) unbalanced Syq; (d) unbalanced S;; and Sy,. In the upper trace of each panel, the blue solid
line denotes the locating-label output and the red dashed line denotes the binary detection output.
The black solid, red dashed, and blue dash-dotted vertical lines mark the fault instant ¢;, confirmed
detection tp, and locating decision t3, respectively; the panel titles and red in-panel annotations list
the detection and locating delays relative to ¢;.

5.6. Resistive-Load Benchmark: On-Board MCU Validation

With the model deployed on the F28379D, all 22 modes were injected on the LC-filtered
resistive bench under both balanced and unbalanced loading. The on-board diagnosis
correctly identified every mode (22/22) under both loads, at the worst-case inference time
of 0.52 ms reported in Section 4. The diagnosis accuracy that the baseline CNN attains
only on a host computer is thus obtained here on the control MCU itself for the original
resistive-load platform.

5.7. Inductive-Load Extension: Supplementary RL Validation

To examine whether the angular sector-energy feature carries over beyond the
purely resistive LC-filtered bench, a supplementary inductive-load experiment was added.
The output side of the same inverter was connected directly to a balanced three-phase RL
load (Figure 2; R = 2.5 () and L = 2 mH per phase, star-connected), whose power-
factor angle is arctan(27fL/R) ~ 14° at f = 50 Hz. The dc bus was lowered to
15 V so that the phase-current peak stayed at ~2 A, i.e., the same amplitude scale as
the resistive datasets. All 22 modes were captured with the identical runtime protocol
(1000 fundamental cycles per mode), and the two-stage network was retrained and evalu-
ated on this RL data using the same 80/20 stratified split and training settings as used for
the resistive-load experiments.
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Figure 10 shows the measured a—p trajectories under the inductive load. The healthy
trajectory remains a closed circle. A single-switch OC fault (Sy;) blocks one current polarity
and leaves the characteristic angular gap, while a double-switch fault (S5 and S.) distorts
the loop further. This geometry is consistent with the resistive-load observations: the
inductive power-factor angle rotates and reshapes the trajectory, but it does not fill the
fault-induced gap.

(a) Healthy (b) Sbl © Sbl & Scz
2 2 2
1.5 1.5 1.5
1 1 1
. 0.5 0.5 0.5
i 0 0 0
-0.5 -0.5 -0.5
-1 -1 -1
-1.5 -1.5 -1.5
-2 -2 -2
-2 -1 0 1 2 -2 -1 0 1 2 -2 -1 0 1 2
i (A) i (A) i (A)

Figure 10. Measured a—f current-vector trajectories under a balanced inductive RL load (R = 2.5 (),
L = 2 mH per phase): (a) healthy; (b) single-switch fault Sj;; (¢) double-switch fault Sy; and S;.

On this RL data the proposed network reached 100% detection and 100% locating
accuracy on the clean held-out set. The locating accuracy stayed at >99.98% down to 10 dB
SNR when noise was added during evaluation, consistent with the balanced resistive-
load behavior reported above. This supplementary result indicates that the fault-induced
angular energy gap is not an artifact of the original resistive load or the LC filter. The bench
load is, however, balanced and only mildly inductive. A strongly inductive, variable-speed
traction motor introduces back-EMF and additional dynamics; this boundary is discussed
in Section 6.

Beyond this offline evaluation, the two-stage diagnosis was also run online on the
same inductive bench. The energy-MLP processed the streamed currents with the same
one-cycle diagnostic window and update protocol used in the resistive-load online tests.
Across all 21 fault modes, it detected and located every fault correctly (21/21 each), raised
no pre-fault false alarm, and detected every fault within one fundamental cycle. The mean
and maximum detection latencies were 9.95 and 17.45 ms, respectively. Figure 11 shows
four representative timelines in which the detection flag and the located label settle within
one cycle of the injection instant t;.
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Figure 11. Online real-time diagnosis under the inductive RL load for four representative faults:
(@) Sz1; (b) Spy; (€) Se1; (d) Spp and Sgp. In the upper trace of each panel, the blue solid line denotes
the locating-label output and the red dashed line denotes the binary detection output. The black
solid, red dashed, and blue dash-dotted vertical lines mark the fault instant ¢1, confirmed detection f,,
and locating decision t3, respectively; the panel titles and red in-panel annotations list the detection
and locating delays relative to ¢;.

The healthy/current-step check was also repeated on the RL bench. During the
2 — 3 A peak phase-current step, the N; = 2 confirmation logic produced zero confirmed
false alarms over the recorded &2 s interval, consistent with the resistive-load false-alarm
result in Figure 8.

The retrained RL-load model was then exported to the F28379D project and checked
on the target MCU. For this supplementary RL firmware, the embedded diagnostic log
indicated correct classification for all 22 clean RL operating modes, including the healthy
mode and the 21 fault modes, and the measured minimum/mean/maximum two-stage
inference time was 220.24/424.92/516.48 ps. The corresponding linker map reports about
150.6 kB total program Flash and 3.7 kB RAM, close to the resistive-load firmware footprint
in Table 3. These results were obtained without changing the one-cycle feature extraction
or the two-stage inference pipeline. The inductive-load evidence is therefore not limited to
an off-board MATLAB (2026b) evaluation: the same lightweight diagnosis flow also runs
on the control MCU under the supplementary RL load.

5.8. Overall Comparison and Experimental Tnkeaway

Table 7 compares the two methods. They achieve comparable accuracy on clean data
and within the baseline’s reported SNR range, but differ substantially in model size, in low-
SNR robustness, and, most importantly for EV deployment, in on-board real-time capability.
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Representative predefined-feature, data-driven methods [11,12] also tend to degrade under
extreme imbalance, as analyzed in [16], and their on-MCU real-time execution is outside the
evidence reported in those studies. The comparison table is based on the original LC-filtered
resistive benchmark; the supplementary RL tests above further show that the proposed
feature and embedded pipeline remain effective when the resistor bank is replaced by a
balanced inductive load.

Table 7. Overall comparison between the baseline CNN and the proposed method. Bold text indicates
the more favorable value where the two methods differ.

Aspect Baseline CNN [16] Proposed
Parameters 6.46 x 10° 1.58 x 104
MACSs per inference 3.31 x 107 1.56 x 10%
Clean accuracy (22 modes) 100% 100%
Acc. @ 20 dB (bal./unbal.) 100/100% 100/100%
Acc. @ 10 dB (bal./unbal.) 40.9/50.2% 94.8/63.5%
Noise augmentation in training not required not required
On-board MCU real-time performance No Yes (0.52 ms)

6. Discussion

The results can be read against the gap identified in Section 1. Prior trajectory-based
diagnosis attains high accuracy but classifies a binary image with a large CNN [16-18],
which is difficult to run on motor-control MCUs, whereas earlier threshold- and predefined-
feature methods avoid that cost yet become fragile under measurement noise and extreme
load imbalance. Within the SNR range reported by the baseline, the proposed network
matches its locating accuracy while reducing the model size by more than an order of
magnitude and running in real time on the control MCU, a combination that those earlier
methods did not provide. Two contributions underlie this result. The representation
contribution is the angular sector-energy feature: accumulating the current magnitude
within each 10° sector averages zero-mean measurement noise, so robustness follows from
the representation rather than from noise-augmented training. This sector-wise averaging,
together with the sector-count ablation (Table 6), explains why the compact feature is
more robust under low SNRs than the sparse binary image, without claiming that feature
compression creates new class information. The practical contribution is that the resulting
classifier is small enough (1.58 x 10* parameters, 0.52 ms worst case) to be deployed and
validated on the control MCU itself, which closes the on-board real-time gap left open by
the image-based CNN.

Information-processing view: Reducing the raw a—p trajectory to a 36-D feature is not
expected to increase the information available to an ideal classifier. Instead, the proposed
mapping imposes an inductive bias matched to noisy embedded diagnosis: isolated sample
perturbations are averaged within each angular sector, while the fault-induced missing
angular regions are preserved. On clean data both the binary image and sector-energy
representations reach 100%, so the benefit is not additional clean-data separability. The two
representations differ once measurement noise enters the realized input [16]. In the D x D
binary image, a single perturbed sample can activate a previously empty cell, so isolated
noise directly alters the classified pattern. Sector-energy aggregation instead averages
each perturbation over the Ny samples of a sector, as quantified in Section 3, and is corre-
spondingly less affected. The benefit thus comes from an inductive bias suited to low-SNR
embedded operation.

Limitations: At the most demanding operating point, 10 dB SNR with PCUR = 88%,
the locating accuracy falls to 63.5%. This remains above the CNN’s 50.2% but is far from
ideal. Here the lightly loaded phase carries a current close to the noise level, so the sector
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energies along its direction become unreliable. The same regime is identified in [16]: as
PCUR approaches 100%, the healthy and faulty waveforms of the affected leg become nearly
indistinguishable, which is a limitation of the measurement rather than of the proposed
feature. For a safety-critical drive, however, the first-line protective response is triggered
by fault detection rather than by exact switch localization: binary detection is considerably
easier than 22-way locating, and the N.-decision confirmation can reject isolated noisy
decisions. A persistent fault is therefore still flagged at this operating point. The part that
degrades at this extreme corner, which combines 10 dB noise with PCUR = 88% beyond
the baseline’s reported range, is the precise localization that subsequently refines the fault-
tolerant reconfiguration. Thus, the 63.5% locating accuracy should be interpreted as an
offline stress-test result, not as a stand-alone basis for an irreversible safety action without
persistent fault confirmation and a conservative fallback or degraded operating mode.
At the more typical >20 dB, the locating accuracy is 100%, even under 88% imbalance. Two
further constraints apply to the present study. The initial detection latency, although within
one fundamental cycle, varies with the fault-injection phase. The confirmed alarm also
depends on the update interval and the confirmation count N.. The test bench is restricted
to a 50 Hz fundamental and a single power level.

Fault scope and current-sensor faults: The proposed network is a closed-set classifier
trained for the 22 switch states under healthy current sensors, and it targets switch OC
faults rather than sensor faults. The two fault types leave distinct signatures: a switch OC
fault removes only one current polarity of the affected phase, so the a—f trajectory stays two-
dimensional but becomes asymmetric, whereas a complete current-sensor fault (open or
disconnected) drives the measured phase toward zero in both half-cycles and collapses the
trajectory along that phase axis; the two are therefore separable in principle. Because the
present classifier is not trained on sensor faults, such a fault would be forced into one
of the 22 classes. A plausibility check on the measured currents, a joint switch/sensor
diagnosis [12], or an open-set rejection stage [24] would be needed to label it explicitly,
which we leave to future work.

Generalization to inductive loads and traction-motor operation: The experiments here use
resistive loads and a balanced inductive RL load at a fixed 50 Hz, whereas an EV traction
drive is strongly inductive, runs at a variable speed, and is subject to motor back-EMF.
The proposed feature is expected to be less sensitive to load-amplitude changes than
amplitude-dominated features, because the per-cycle normalization makes it describe the
angular distribution of the a—p current trajectory. An inductive lagging load primarily
rotates and reshapes the trajectory through the power-factor angle and the load impedance.
It does not, in principle, remove the angular energy gap created by the blocked current
polarity of an OC fault. This expectation is supported within the present evidence: across
the balanced and strongly unbalanced (PCUR = 88%) resistive conditions and the inductive
RL load of Section 5.7, the method retains 100% clean accuracy (and >99.98% at 10 dB on
the RL load). A strongly inductive, variable-speed traction motor nonetheless introduces
back-EMF, magnetic dynamics, current-control dynamics, speed variation, and mechanical
transients, which may cause a distribution shift relative to the bench data used here.
Variable-speed operation could be handled by a frequency-synchronous window over one
electrical period and, if necessary, by resampling the trajectory or the sector energies onto
the same 36-sector angular grid. A full validation on a motor-driven bench is therefore the
immediate next step; if a residual distribution shift remains, the network can be retrained
on motor data without changing the feature definition or the on-MCU inference pipeline.

Implications and future work: Because the diagnosis runs on the existing control MCU,
a localized fault can feed directly into on-board fault-tolerant control without additional
hardware. Once the faulty switch is identified, the controller can reconfigure the mod-
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ulation or compensate the faulty-phase current to sustain limp-home operation [4,25].
The computational cost is modest, below 3% of one fundamental cycle, and the memory
footprint is about 15% of Flash. This leaves a timing margin for the motor-control task on
CPU1, and the diagnosis can also be moved to the second C28x core. Three extensions
follow from the present setup. Operation at a fixed 50 Hz and a single power level should
be generalized to the variable-speed, variable-load conditions of traction drives. Multilevel
and other topologies, whose current-vector trajectories are more similar across modes, may
need richer angular features than the 36 sectors used here. Combining the diagnosis with
fault-tolerant control [25] and with an uncertainty- or unknown-fault-rejection stage [24]
would extend it toward open-world EV operation.

7. Conclusions

This paper represented the a—f current vector of a three-phase inverter as a 36-
dimensional normalized angular sector-energy feature and classified it with a compact
two-stage MLP for open-circuit fault detection and switch locating. Aggregating the cur-
rent magnitude within each angular sector attenuates zero-mean measurement noise. This
explains why the method does not need noise-augmented training and why it is less sen-
sitive to low-SNR perturbations than the sparse binary trajectory image. On identical
real-hardware resistive-load data, the method reproduced the performance of the base-
line over the 40-20 dB range (100% under both balanced and PCUR = 88% loading) and
retained higher locating accuracy at 15 and 10 dB, where the CNN accuracy decreased
markedly. It also used 97.55% fewer parameters than the baseline CNN and about three
orders of magnitude fewer MACs. On the TI F28379D control MCU, the deployed model
identified all 22 operational modes on clean measured data with a worst-case two-stage
inference time of 0.52 ms. The detector raised no false alarms under healthy operation or
a2 — 3 A peak (4+50%) current-step test (Figure 8 and Section 5.7). The supplementary
RL-load experiment further showed that the same one-cycle feature and two-stage pipeline
retain 100% clean accuracy and can be executed on the MCU under a balanced lagging
power-factor load. The contribution is therefore twofold: a noise-averaging angular feature
whose robustness is explained by a sector-wise perturbation analysis and corroborated by
a sector-count ablation, and a diagnosis pipeline light enough to run on the motor-control
MCU itself. The present study also has several limitations. The main validation is based on
a 60 V, 50 Hz inverter bench with resistive loads, supplemented by a balanced RL-load test;
therefore, the results do not yet constitute full traction-motor validation under variable
speed, variable torque, motor back-EMF, and closed-loop drive transients. In addition,
the classifier is trained as a closed-set switch OC diagnostic model under healthy current
sensors, so explicit current-sensor faults and unknown fault modes require additional
plausibility checks, joint diagnosis, or open-set rejection. Future studies will therefore
extend the validation to motor-driven benches and variable operating conditions, examine
multilevel and other inverter topologies, and integrate the diagnosis with fault-tolerant
control and uncertainty-aware decision logic.
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Abbreviations

The following abbreviations are used in this manuscript:

ocC Open-circuit

EV Electric vehicle

VSl Voltage-source inverter

CNN  Convolutional neural network
MLP  Multilayer perceptron

SNR Signal-to-noise ratio

PCUR Phase-current unbalance rate
MAC  Multiply—accumulate

MCU  Microcontroller unit

TMU  Trigonometric math unit

ADC  Analog-to-digital converter
DspP Digital signal processor

FPU Floating-point unit

IGBT  Insulated-gate bipolar transistor
PWM  Pulse-width modulation

V2G Vehicle-to-grid

WGN  White Gaussian noise
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