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An Adaptive Sliding Window-Based Online
Data-Driven Diagnosis Method for Inverter

Open-Circuit Fault in WRSM Drive Systems
Chenyun Wu , Rabia Sehab, Javier Ojeda , Member, IEEE, Ahmad Akrad , and Cristina Morel

Abstract—This article presents a novel data-driven real-time
open-circuit fault diagnosis strategy for three-phase inverters,
integrating the adaptive sliding window (ASWIN) method with
machine learning algorithms, enabling 22 state classifications. In
addition to stationary single faults, the proposed approach further
targets two fault modes that have received less emphasis in the
existing literature: nonstationary single faults and mixed station-
ary faults. Dynamic adaptation of the sliding window size based
on signal characteristics improves diagnostic accuracy across the
machine’s entire speed range while reducing latency. A range-based
evaluation strategy is proposed to assess the dynamic diagnostic
performance when multiple operating states coexist within the
same sliding window. First, machine learning models trained on
multiscale experimental current data demonstrated robust fault
diagnosis under various operating conditions. Second, a dynamic
scaling factor for window size calculation was developed, incor-
porating signal metrics, such as dominant frequency proportion,
signal variation rate, and signal-to-noise ratio, enabling real-
time adjustment of window sizes based on current information
and short-term prediction. Third, offline optimization determines
speed-specific parameter combinations, facilitating dynamic self-
tuning of ASWIN parameters according to variable machine speed.
Experimental results validated the proposed strategy, achieving
97.70% accuracy with a diagnosis time of approximately 60 ms,
corresponding to a range of 0.4–2.4 current fundamental periods
across a speed range of 200–1200 r/min.

Index Terms—Adaptive sliding window (ASWIN), fault
diagnosis, machine learning (ML), open-circuit (OC) faults, three-
phase inverter.

I. INTRODUCTION

THREE-PHASE pulsewidth modulation (PWM) inverters
are widely adopted across industrial sectors for their high
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performance, compact design, and simple control structure,
for instance, the high-performance drive system for wound
rotor synchronous machines (WRSMs). However, under harsh
conditions—including high temperatures, high-frequency oper-
ation, and factors like component aging and physical damage—
motor drive systems are prone to faults [1]. Industrial sur-
veys indicate that semiconductors are the most failure-prone
components in variable-speed drives, especially in high-power
and heavy-load applications [2].

Open-circuit (OC) and short-circuit (SC) faults in power
semiconductors present significant challenges for inverters [3].
SC faults cause rapid current surges, risking inverter damage
and cascading failures that destabilize or shut down systems [4].
These faults are typically managed by hardware protection,
such as fuses and circuit breakers [5]. Conversely, while not
immediately catastrophic, OC faults distort current waveforms,
induce phase imbalances, and impair dynamic performance [6].
In motor drives, asymmetric currents from OC faults cause elec-
tromagnetic torque ripples [7]. Unlike SC faults, OC faults lack
hardware protection and, if undiagnosed, can lead to secondary
failures and system damage [8]. Therefore, a high-accuracy,
low-latency algorithm for real-time OC fault diagnosis is crucial
for early detection and intervention, ensuring the reliability and
safety of motor drive systems.

Inverter fault diagnosis typically involves three key steps: in-
formation acquisition, feature extraction, and fault state identifi-
cation [9]. Based on their implementation, fault diagnosis meth-
ods are classified as model-based, signal-based, or knowledge-
based (data-driven). Model-based methods identify faults by
analyzing the residuals between measured signals and ideal
model outputs, leveraging techniques like observer-based [10],
parity space [11], and parameter estimation methods [12]. These
methods offer fast detection and real-time performance but are
sensitive to system parameter variations and modeling inaccu-
racies. Recent efforts have focused on enhancing robustness
against such challenges. For example, a difference observer-
based method with adaptive thresholds [13] mitigates misdiag-
noses caused by varying operating conditions, demonstrating
robustness against parameter changes. However, it increases
hardware complexity by requiring additional voltage sensors.
To address this, a sliding mode observer-based approach [14]
improves detection accuracy for nonlinear systems with dis-
turbances without extra sensors, showing resilience to load
torque ripples. Similarly, a flux linkage observer based on a
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hybrid voltage–current model [15] uses a second-order moving
average filter to enhance disturbance robustness while reducing
hardware complexity. Despite these advancements, observer-
based methods face limitations at zero or extremely low speeds,
where minimal three-phase current amplitudes prevent accurate
estimation of back electromotive force (EMF) and flux linkage,
rendering the system unobservable.

Signal-based inverter fault diagnosis methods extract features
from measured signals using signal processing algorithms to
analyze distortion characteristics and achieve fault diagnosis.
These methods do not require precise system parameters but
are sensitive to noise and rely on empirical thresholds for fault
localization and classification. For instance, Wang et al. [16]
introduced a hierarchical method based on voltage vector es-
timation and current path reconstruction, mitigating misdiag-
noses caused by sampling errors and dead-time effects. Simi-
larly, Wang et al. [17] applied complete ensemble empirical
mode decomposition (CEEMD) to voltage signals for short-term
energy feature extraction of intrinsic mode function (IMF),
enhancing robustness against mode aliasing and noise. While
both methods provide relatively fast diagnostics, they require
additional voltage measurement modules. In contrast, Zhou et al.
[18] presented a seasonal-trend decomposition-based method
by simplifying current waveforms and performing approximate
integration to extract characteristic values. Wu et al. [19] pro-
posed an entropy-based approach to classify OC faults using
fuzzy and slope entropy algorithms to calculate local entropy
values of current signals within a sliding window. While effec-
tive, their robustness diminishes with small current amplitudes,
complicating fault classification. Beyond current and voltage,
Abari et al. [20] proposed a noninvasive method using dc bus
electromagnetic characteristics for fault identification. Although
effective, this approach requires external antennas or filters,
increasing complexity and cost.

Recently, real-time data-driven fault diagnosis has gained
attention due to improvements in computational power and
the widespread adoption of end-to-end approaches. The core
methodology involves extracting the mapping relationships be-
tween measured data and operational states or fault types through
large volumes of real-world data, offering robustness against
parameter variations and transient dynamics [21], [22]. For
instance, Kiranyaz et al. [23] proposed an adaptive 1-D convolu-
tional neural network (CNN) for OC fault localization, achieving
high diagnostic accuracy, while Deng et al. [24] combined a slid-
ing time window feature extraction algorithm with a 2-D CNN,
eliminating the need for empirical thresholds. However, these
methods lack validation regarding robustness under dynamic
operating conditions. Further studies have explored hybrid ap-
proaches. For instance, Xia et al. [22] introduced an OC fault
diagnosis algorithm by combining a sliding window with a ran-
dom vector functional link (RVFL) network for induction motor
drives, integrating fast Fourier transform (FFT) and ReliefF for
feature extraction with multiobjective optimization for parame-
ter tuning. Despite resilience to disturbances, its performance at
low speeds is unverified. Cai et al. [6] applied principal compo-
nent analysis (PCA) to reduce dimensionality, improving fault
diagnosis accuracy but increasing implementation costs due to
voltage sensors. Wu et al. [25] introduced a machine learning

(ML)-based diagnosis method, employing k-nearest neighbors
(KNN) for fault state preprocessing and support vector ma-
chine (SVM) and extreme gradient boosting (XGBoost) for OC
fault classification. While high diagnostic accuracy, the method
lacks validation of its effectiveness under dynamic operating
conditions. In addition, Xia and Xu [26] combined manifold
feature learning with an extreme learning machine (ELM) to
propose a transfer learning-based fault diagnosis approach. The
method showed insensitivity to significant parameter variations
in systems with identical structures, but challenges remain re-
garding generalizability under variable-speed conditions. Gou
et al. [27] demonstrated excellent diagnosis capability by
combining FFT with an RVFL classifier, accurately identifying
21 insulated-gate bipolar transistor (IGBT) OC faults and nine
current-sensor faults with a delay of approximately 22 ms. While
highly effective, the method relies on large hidden layers and
careful parameter tuning, which may increase its complexity
and training overhead. A concise overview of representative
fault diagnosis methods and their advantages and limitations
is summarized in Table I.

Recent studies have proposed innovative OC fault diagnostic
methods, achieving promising results, particularly with data-
driven approaches. These methods excel in classifying diverse
fault types and exhibit strong robustness against parameter vari-
ations and disturbances. However, most lack a discussion on
nonstationary faults, which are more representative of real-world
scenarios involving continuous speed variations in motor drives.
Their applicability across the entire speed range, particularly at
zero or low speeds, remains underexplored. Low-speed condi-
tions, characterized by minimal current amplitudes, pose signif-
icant challenges for feature extraction and fault classification.
For instance, Gou et al. [26] achieved 100% diagnostic accuracy
under steady-state conditions near 100 rad/s with commendable
disturbance robustness but did not validate performance at lower
speeds. Similarly, Zhou et al. [18] demonstrated rapid fault
detection with 100% accuracy but limited validation to rotor
speeds exceeding 600 r/min, leaving low-speed performance
unaddressed. Furthermore, studies employing sliding window
methods typically use fixed-length windows under variable-
speed conditions [22], [24] (e.g., 1–4 cycles). Such approaches
may fail to capture a complete signal cycle at low frequencies
or become overly conservative at high frequencies, adversely
affecting feature extraction. In addition, Diao et al. [28] pro-
posed a horizon-adaptive period correction method that utilizes
phase-domain period extraction and virtual time-domain period
correction to map a variable-frequency signal into a single fun-
damental period. Liu et al. [29] proposed an adaptive secondary
sampling mechanism for multiphase driving to ensure that the
input of a deep sparse filtering network always covers exactly
one fundamental period. Although these two variable sampling
strategies have been satisfactorily validated under nonstationary
conditions, the single-cycle synchronization constraint limits
flexibility at extremely low speeds.

This article proposes a diagnostic strategy for three-phase
inverter OC faults in WRSM machine drive systems operating
under variable speed and torque load conditions. The approach
integrates an adaptive sliding window (ASWIN) algorithm
with ML models to achieve high accuracy and low latency
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TABLE I
SUMMARY OF EXISTING FAULT DIAGNOSIS METHODS FOR POWER ELECTRONIC CONVERTERS

in diagnosing stationary and nonstationary faults. The main
contributions of this work are summarized as follows.

1) ASWIN framework: This algorithmic framework is based
on local signal metrics, such as dominant frequency, signal
variation, and signal-to-noise ratio, and performs metric
fusion using predefined weight parameters. The window
size is dynamically adjusted using real-time current data
and short-term predictions, enabling the window to adapt
online to nonstationary and disturbed current signals.

2) Range-based evaluation: An evaluation strategy for
mixed-label scenarios during dynamic transitions, extend-
ing the method in [30]. This strategy assesses classification
accuracy and diagnostic latency, adapted to the real-time
sliding window approach proposed in this study.

3) A speed-based parameter self-tuning method is proposed
to enhance the ASWIN algorithm’s robustness at differ-
ent speeds. The optimal parameter combinations of the
ASWIN algorithm can be automatically switched accord-
ing to the changes in speed, and these optimal parameter
combinations are achieved through offline segmented op-
timization.

4) Comprehensive experimental validation: Detailed valida-
tion framework results cover extreme-low, low, medium,

and high speeds, nonstationary operating conditions, and
torque disturbances, covering 22 healthy and faulty oper-
ating modes.

The rest of this article is organized as follows. Section II
introduces the structure of the WRSM drive system utilized and
the types and modes of inverter OC faults under investigation.
Section III outlines the overall methodology for OC fault diag-
nosis based on a sliding window strategy and ML models. The
proposed range-based evaluation strategy and ASWIN approach
are detailed in Section IV. Section V presents and analyzes the
experimental validation results. Finally, Section VI concludes
this article.

II. SYSTEM MODELING AND FAULT DESCRIPTION

This section introduces the topology and analytical model
of the three-phase inverter used in the WRSM drive system,
which serves as the research object of this study. The fault types
investigated in this article are also described in detail.

A. Modeling of the Three-Phase Inverter

The topology of the WRSM drive system is shown in
Fig. 1 [19]. The three-phase inverter consists of six IGBTs
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Fig. 1. Circuit topology diagram of the utilized WRSM drive system.

(S1, S2, . . . , S6) and six diodes (D1, D2, . . . , D6), with a dc
link voltage, denoted as Udc, to supply the inverter and chopper.
The three-phase output currents, Ia, Ib, and Ic, are connected
to the three-phase stator windings of the WRSM. The WRSM
is represented by an equivalent circuit model, where Rr and
Lr denote the rotor winding resistance and inductance, Rs

represents the stator resistance, La, Lb, and Lc are the stator
inductances, and ea, eb, and ec denote the back EMF.

The three-phase voltage equations of the WRSM drive sys-
tem depicted in Fig. 1 can be expressed using the following
mathematical model:⎧⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

uan = Rs · ia + La ·
dia

dt
+ ea

ubn = Rs · ib + Lb ·
dib

dt
+ eb

ucn = Rs · ic + Lc ·
dic

dt
+ ec

(1)

where uan, ubn, and ucn are the phase voltages.
This formula describes the coupling between phase voltage,

current, and induced EMF, indicating that the measured current
signal will reflect an inverter’s OC fault’s physical mechanism
and phenomenon. Furthermore, this data-driven approach based
on three-phase current can be applied to WRSM drive systems
and other three-phase inverter-powered machines.

Fig. 2 illustrates a complete cycle experimental test of the
WRSM drive system under healthy conditions based on the
speed reference shown in Fig. 2(a). Specifically, Fig. 2(a)
presents an example of a speed reference and the corresponding
motor speed response. Fig. 2(b) shows the three-phase current
signals measured via current sensors on the inverter. Fig. 2(c)
provides an enlarged view of the red-boxed region in Fig. 2(b),
highlighting two key challenges for fault diagnosis in the full-
speed operating range: first, the three-phase currents exhibit
very low amplitudes during the initial startup phase; second,
the current signals during speed transitions are non-stationary,
with time-varying frequencies.

B. Description of OC Fault of Three-Phase Inverter

To better align the test conditions in this study with prac-
tical scenarios and improve the feasibility of fault diagno-
sis algorithms under diverse operating conditions, this work

Fig. 2. Velocity and current responses of a full-cycle experimental test in
healthy mode. (a) Velocity reference and response at a maximum velocity of
1200 r/min. (b) Current signal of the three-phase inverter. (c) Enlarged view of
the current signal during the machine startup phase.

investigates three fault injection modes: nonstationary single
faults, mixed stationary dual faults, and stationary single faults,
as illustrated in Fig. 3. Fig. 3 illustrates various representative
fault scenarios; the subfigures correspond to different experi-
mental tests, rather than a single continuous test that includes
multiple faulty scenarios. Fig. 3(a) demonstrates that during each
complete experimental test cycle, only one mode among the
three fault modes is introduced and persists until the end of the
test. Fig. 3(b)–(d) illustrates the different three-phase current
responses under three fault injection modes, respectively, where
stationary and nonstationary S1 OC faults and the mixed case
of stationary S1S2 OC fault and stationary S1 OC fault are
taken as examples. These OC fault modes are implemented
through hardware, deactivating the PWM signals in the three-
phase inverter, as summarized in Table II. The table provides
a detailed classification of operating conditions into healthy
and fault modes, with the fault modes further subdivided into
single-phase and dual-phase inverter faults. Each fault type is
systematically labeled to facilitate supervised learning in ML
models and to enable performance evaluation of fault diagnosis
algorithms. The training and validation datasets were derived
from experimental measurements. The original data were re-
sampled to achieve an approximately balanced distribution, as
shown in the table, to preliminarily mitigate the potential impact
of class imbalance on model performance.

III. METHODOLOGY OF OC FAULT DIAGNOSIS BASED ON ML

This section introduces the analytical formulation of the slid-
ing window method, its practical implementation, and a real-
time OC fault diagnosis methodology for three-phase inverters
by integrating the sliding window frame with multiclassification
ML models.
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Fig. 3. Three fault scenarios for experimental testing. (a) Machine velocity
reference of a complete experimental test. (b) Nonstationary single fault mode.
(c) Mixed stationary fault mode. (d) Stationary single fault mode.

A. Sliding Window Method and Implementation

For a signal containing N sampling points, the kth sliding
window, denoted as Wk, is illustrated in Fig. 4. The length of
Wk is lk, and the overlap with the adjacent window Wk+1 is s.
A positive s indicates overlapping windows, while a negative
s implies a gap of |s| points between adjacent windows, which
can be used to resample the signal. In this study, s = 0 is chosen
for simplicity. With zero overlap, sliding the window by lk+1

leads to the next window Wk+1. The sliding length lk+1 can
either be constant or variable. A key innovation of this study
is the real-time computation of an ASWIN length lk+1 tailored
to dynamic current signals. The mathematical description of an
arbitrary sliding window Wk is provided as follows:

W p
k (x; lk, s) =

{
xp[ik : jk]

∣∣∣∣xp ∈ xp[1 : N ]

}
, p ∈ {a, b, c}

(2a)

where ik = 1 +

n∑
k=1

lk−1 − (k − 1) · s, l0 = 0 (2b)

TABLE II
INVERTER OC FAULT TOPOLOGIES AND TRAINING DATA LABELS

Fig. 4. Analytical representation of the sliding window method.

jk = ik + lk − 1 (2c)

n∑
k=1

lk − (k − 1) · s ≤ N,n = 1, 2, . . . ,K. (2d)

Real-time system software interfaces typically incorporate
buffer modules to manage data retrieval modes and rates. A
fixed-length array of size N is used to store the data retrieved
from the buffer to implement the diagnosis algorithm. The
sliding window mechanism dynamically discards outdated data
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Fig. 5. Implementation of sliding window method in real-time systems.

and retrieves new data, as illustrated in Fig. 5. The blue sec-
tion represents outdated data discarded after each operation,
including fault diagnosis within the current window Wk and
the computation of the next optimal window length lk+1. The
green section represents newly retrieved data of the same length,
maintaining a constant array size of N .

B. Methodology for Fault Diagnosis Using ML

The dynamic sliding window method is integrated with a
multiclass ML model for real-time fault diagnosis. The method-
ology, as illustrated in Fig. 6, includes two phases: offline
model training and online fault diagnosis. It also illustrates the
correspondence between the main functional modules and the
subsequent algorithms, as well as the data flow within specific
modules.

1) Offline Training: The offline training process consists of
four stages: data acquisition, feature extraction and labeling, data
segmentation, and training and validation of the ML model. The
first two stages are detailed below:

a) Step 1—Data acquisition and segmentation: Raw
three-phase current signals are collected during experiments and
splitted into each group using the sliding window method, as
shown in Fig. 7. Each sliding window captures local signal
characteristics at different operating points, reflecting speed
and load torque variations. To enhance model generalization,
experimental operating conditions are varied by altering the
machine’s maximum velocity and torque across multiple tests.
Multiple fixed window lengths ld are utilized during training
to generate multilength segments from the raw current signals,
thereby enriching the training samples to cover a wider range
of situations. This enables the classifier to learn more patterns
through multiscale features without relying on any specific data
segmentation strategy. The aim is to make the trained model
more generalizable with other sliding window strategies, in-
creasing its robustness to feature extraction with variable-length
windows.

An adaptive resampling segmentation strategy is employed
to mitigate the redundancy caused by similar signal values

at nearly identical operating points (e.g., during steady-state
operation after reaching maximum speed). This corresponds
to the case where s is negative in Fig. 4. The absolute value
of s is dynamically adjusted based on speed variation: smaller
intervals are used for significant speed changes to capture diverse
features. In contrast, larger intervals are applied when changes
are minimal. The computation of s is given by∣∣s∣∣ = f(ΔΩ)

= smax − smax − smin

Ωmax
·ΔΩ, 0 ≤ ΔΩ ≤ Ωmax (3)

where f(ΔΩ) maps speed variation to value |s| within prede-
fined bounds. smax and smin are parameters related to resam-
pling requirements, which were empirically selected to reduce
redundancy and balance the distribution. In this work, the maxi-
mum fixed window size lmax is set to 800 sampling points, smax

is set to 30 · lmax, and smin is set to 5 · lmax

ΔΩ =

∣∣∣∣Ω̄(Wk)− Ω̄(Wk+1)

∣∣∣∣
=

∣∣∣∣∣ 1lk
jk∑

i=ik

Ω(xi)− 1

lk+1

jk+1∑
i=ik+1

Ω(xi)

∣∣∣∣∣ (4)

where Ω is the speed measured or estimated for each window.
b) Step 2—Feature extraction and labeling: For each re-

sampled signal segment, features are extracted, including time-
domain, statistical, and frequency-domain features. The signal
features used in this work were preliminarily selected based
on empirical and computational time considerations, achiev-
ing a desirable tradeoff between diagnostic accuracy, computa-
tional cost, and generalization ability, while avoiding overfitting.
Based on the proposed framework, it can also be extended to
include more signal features. The former two categories and their
computations are summarized in Table XII. Frequency-domain
features are extracted using the discrete Fourier transform, ex-
pressed as follows:

X[k] =

N−1∑
n=0

x[n] · e−j2πkn/N , k = 1, . . . , N − 1 (5)

where k is the kth frequency component, N is the total number
of sample points of the signal, and k represents the index of the
frequency component.

The overall process is depicted in Fig. 8, producing a feature
vector set F used for ML model training and validation.

2) Online Diagnosis: During online diagnosis, data from
sensors are first buffered in a real-time systems module, then
retrieved and stored to arrays of size N for each phase current,
as illustrated in Fig. 5. The dynamic sliding window method
processes these signals, extracts features, and feeds them into the
trained ML model for fault diagnosis. After saving the diagnosis
result for the current window Wk, the process advances to
the next window Wk+1, repeating the procedure. Its primary
implementation method is shown in Algorithm 1. The function
diagnosis(·) diagnoses each signal segment, and the specific
signal features extracted by it are shown in Table XII. The
function window_length(·) is called to calculate the next window
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Fig. 6. Methodology for real-time fault diagnosis strategy based on ML model.

Fig. 7. Adaptive signal segmentation based on speed variation.

length, which can be a constant function or a variable-length
calculation function defined in Algorithm 2.

Unlike the fixed-length sliding window method (lk = lk+1),
a variable-length method is proposed in the next section to
optimize lk+1 based on historical data and short-term predic-
tions at the end of Wk. To improve robustness and minimize
misdiagnosis by adapting to current signal variations.

IV. PROPOSED OC FAULT DIAGNOSIS STRATEGIES

A. Range-Based Multiclassification Evaluation

Point-based evaluation methods can be used for a single
sampling point or a single set of data with a specific label,

Fig. 8. Flowchart of adaptive segmentation and multiscale feature extraction
of raw current signal.

which is effective for static scenes. However, they are limited
in the dynamic process of sliding windows. Each window Wk

may contain multiple sampling points with different labels. The
diversity of operating states within a window poses a challenge
to capturing the collective characteristics of the entire window.
The range-based evaluation strategy estimates the main label as
a range-based label by calculating the frequency of all labels
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Algorithm 1: Real-Time ML-based Fault Diagnosis.

within the window and applying a multithreshold criterion.
This method enhances robustness to noise and ensures that the
window-level prediction is consistent with the overall charac-
teristics of the signal within the window.

Formally, for a window Wk, the frequency of each label c is
defined as follows:

pk(c) =
count (label(xi) = c, i ∈ [ik, jk], c ∈ C)

|Wk| (6)

where C is the set of all possible labels and |Wk| is the number
of points in the window.

The following multithreshold criteria determine the estimated
window’s overall label ĉk. The formula’s α and β are preset
thresholds to determine the proportion of labels the sampling
points represent in the entire window

ĉk=

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

argmax
c �=0

{pk(c)}, if pk(0) > 0.5, ∃c �= 0, pk(c) > α

0 , if pk(0) > 0.5, ∀c �= 0, pk(c) < α

argmax
c �=0

{pk(c)}, if ∃c1, c2 �= 0, pk(c1), pk(c2) > 0.1

and ∃c, pk(c) > β

argmax
c

{pk(c)}, otherwise.

(7)
The criteria filter out labels with frequencies below a predefined
threshold, focusing on the dominant labels within the window
to determine the overall range-based label. Given the critical

importance of transitions between healthy and faulty states, the
multithreshold criteria are refined to emphasize the handling of
label 0, representing the healthy state.

After determining the range-based window label ĉk for each
sliding window Wk through the multithreshold criteria, the
model’s performance can be evaluated by comparing ĉk with the
predicted label c̃k produced by the ML algorithm for the same
window. Since C, the set of labels, contains multiple classes, this
is a multiclass classification problem. Performance evaluation
involves calculating standard metrics such as true positives (TP),
false positives (FP), false negatives (FN), and true negatives (TN)
for each class c ∈ C.

For a given class c, these metrics are defined as follows:

TP(c) = count (ĉk = c ∧ c̃k = c) (8a)

FP(c) = count (ĉk �= c ∧ c̃k = c) (8b)

FN(c) = count (ĉk = c ∧ c̃k �= c) (8c)

TN(c) = count (ĉk �= c ∧ c̃k �= c) . (8d)

Multiclass metrics, such as weighted accuracy, precision,
recall, and F1-score, can be computed using these counts. The
weighted accuracy is defined as follows:

Accuracy =

∑
c∈C wc · TP(c)∑

c∈C wc · (TP(c) + FN(c))
. (9)

All metrics are weighted to account for the class imbalance
among the 22 health and fault categories. The weight wc of
each class c is proportional to its occurrence frequency in the
evaluation dataset and is calculated as follows:

wc =
nc∑
j∈C nj

(10)

where nc is the number of test samples labeled as class c.
Similarly, weighted precision, recall, and F1-score are given

by

Precision =
∑
c∈C

wc · TP(c)
TP(c) + FP(c)

(11a)

Recall =
∑
c∈C

wc · TP(c)
TP(c) + FN(c)

(11b)

F1-score = 2 · Precision · Recall
Precision + Recall

. (11c)

Accuracy measures how many predictions are correct overall.
Precision shows how often predicted faults are accurate, while
Recall shows how many real faults the model can detect. F1-
score combines both Precision and Recall into a single balanced
metric. Weighted metrics mitigate class imbalance by propor-
tionally accounting for each class in the evaluation.

To reduce redundancy while retaining the evaluation of ef-
fectiveness, we focus only on accuracy and F1-score in the
following performance evaluation, which is critical for detecting
rare but important fault types in practice.

In addition to estimating the overall range-based label based
on the frequency of the sampling point labels within a window,
two key metrics, namely, delayed-detection and front-detection,
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Fig. 9. Range-based window overall label estimation. (a) Estimating range-
based labels for windows Wk and Wk+1. (b) Delayed-detection for fault
diagnosis. (c) Front-detection for fault diagnosis.

are also introduced to measure the time deviation between the
occurrence of a fault detected by the algorithm and the actual oc-
currence of the fault, to comprehensively evaluate the proposed
diagnosis strategy with the adaptive sliding window approach,
particularly concerning the suitability of window length. An
inappropriate window length can lead to detection time biases.
For instance, larger windows extract more stable features for
diagnosis but may introduce delays.

Fig. 9(a) depicts the estimation of the range-based label. Each
sampling point xi in a sequence of length N has a specific
state label ci. Using a binary classification example (red and
green denoting c1 and c2), window Wk may cover points with
both c1 and c2. Based on the defined formulas and criteria,
the range-based label ĉk for Wk is determined as c2. Fig. 9(b)
illustrates the delayed-detection. While the estimated label for
Wk is ĉk = c2, the diagnosis output c̃k is c1. Only in Wk+1 does
the algorithm output c̃k+1 = c2, aligning with reality. Therefore,
the time interval between the appearance of the actual fault
signal in Wk and the correct fault diagnosis given by Wk+1

is defined as the delayed-detection. Conversely, Fig. 9(c) il-
lustrates front-detection, which follows a similar principle but
represents an earlier-than-actual detection scenario, maintain-
ing a dual relationship with delayed-detection. Front-detection
and delayed-detection quantify the sensitivity of the diagnostic
model when a sliding window contains a mixed fault transition:
front-detection indicates that partial fault samples are sufficient
for fault diagnosis. In contrast, delayed-detection reflects the
additional delay required when a less sensitive classifier does not
diagnose correctly until the next window containing the faulty
signal completely.

B. ASWIN Algorithm

The fixed-length sliding window method struggles to balance
diagnostic precision and response latency. At low frequencies, a

more extended window size is needed to obtain a complete cycle,
while at high frequencies, an overly conservative length may
result in a delay. However, if the length is adaptively adjusted
only according to the signal’s frequency, then key factors, such
as noise and some transient changes, will be ignored, thereby
reducing its robustness.

We proposed an adaptive window scaling algorithm by in-
tegrating multiple signal characteristics into a unified scaling
factor calculation to address the above limitations in real-time
fault diagnosis. By dynamically optimizing length based on
historical data and short-term predictions, it can adapt to signal
changes while ensuring robustness under different conditions.

1) Generalized Framework: The proposed method gener-
alizes the scaling factor computation to incorporate n signal
metrics, each contributing through a normalized mapping. The
scaling factor λs is defined as follows:

λs =

n∑
i=1

ωi · Norm(λi) (12)

whereλi represents the ith metric,ωi is its corresponding weight,
and i is the metric index. Norm(·) is a normalization function
mapping λi into the scaling range [0, 2].

In this study, to address three types of practical operating
challenges: frequency variation, signal transients, and noise
disturbance, three physically interpretable indicators are intro-
duced, dominant frequency ratio (λdfr), variance (λvar), and
signal-to-noise ratio (λsnr), each reflecting a distinct aspect of
the signal dynamics. Their definitions are as follows:

λdfr =
|X[fdf ]|2∑N−1
f=0 |X[f ]|2 (13a)

λvar =
1

N

N∑
i=1

(xi − x)2, x =
1

N

N∑
i=1

xi (13b)

λsnr =

∑N
i=1 x

2
i∑N

i=1(xi − x)2
(13c)

where X[fdf ] represents the magnitude of the dominant fre-
quency and N is the total number of sampling points.

Specifically, λdfr quantifies how concentrated the spectral en-
ergy is around the dominant frequency; a higher value indicates
frequency stability and allows for a shorter window, while a
lower value suggests frequency dispersion and thus requires a
longer window for sufficient spectral resolution. λvar captures
time-domain volatility; larger values correspond to rapid sig-
nal fluctuations or transients, motivating shorter windows to
improve responsiveness, whereas smaller values imply steady
operation suitable for longer windows. Finally, λsnr measures
the relative strength of the useful signal against noise; when
λsnr is low, a longer window helps suppress noise and stabilize
features, whereas a high λsnr enables faster adaptation with a
shorter window.

For a given window W , the scaling factor is calculated as
follows:

λW
s = α · Norm(λW

dfr) + β · Norm(λW
var) + γ · Norm(λW

snr)
(14)
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Algorithm 2: Sliding Window Length Optimization.

where W can either be current instant window Wk or horizon
window Wh. α, β, and γ are weights reflecting the importance
of each metric.

To incorporate both historical data and short-term predictions
into the scaling factor for the k + 1th window Wk+1, the scaling
factors for Wk and Wh are weighted and combined as follows:

λWk+1
s = μ · λWk

s + (1− μ) · λWh
s (15)

where μ represents the relative weight of the current window
Wk compared to the horizon window Wh, trades off current
information and short-term prediction.

Subsequently, the scaling factor λWk+1 is used to compute
the length lk+1 of the window Wk+1, by multiplying it with the
baseline window length lbase

lk+1 = λWk+1
s · lbase. (16)

The pseudocode for this part is shown in Algorithm 2. It takes the
current signal data retrieved from buffer B and stored in an array
of length N as input, sets the parameters, and the final output is
the length lk+1 of window Wk+1. The parameter combination
(α, β, γ, lbase, lh) required by diagnosis(·) can be the global
optimal solution or the speed-based segmented optimal solution
obtained by Algorithm 3.

2) Optimal Parameters Sliding Window (OPSWIN) Algo-
rithm: A mathematical optimization problem is formulated to
determine the globally optimal parameter set that maximizes
diagnostic accuracy. This approach aims to optimize five key
parameters: the feature weights α, β, and γ, the sliding window
base length lbase, and the horizon window length lh.

The optimization is conducted offline using a dataset of
experimentally collected current signals. The fault diagnosis
algorithm processes all signals for each parameter combination,
and the diagnostic results are compared to the ground truth
to compute accuracy. The parameter set that maximizes the
accuracy is identified as the optimal solution.

The optimization problem is formulated as follows:

max
α,β,γ,lbase,lh

accuracy

(
f∑

i=1

m∑
k=1

xi
k;α, β, γ, lbase, lh

)
(17a)

s.t. α+ β + γ = 1 (17b)

α ≥ 0, β ≥ 0, γ ≥ 0 (17c)

lbase_min ≤ lbase ≤ lbase_max (17d)

lh_min ≤ lh ≤ lh_max (17e)

where the variable xi
k represents the experimentally collected

current signals, i represents the label of different operating
modes, and k represents the sequence number of the collection
experiment. There are f different operating modes, and for
each operating mode, m experimental results are collected. This
work features 22 operating modes, and their labels are listed in
Table II. The constraint α+ β + γ = 1 ensures the normaliza-
tion of the feature weights. α, β, and γ must be nonnegative
to ensure valid weight assignments. The values of lbase and lh
are restricted within the predefined minimum and maximum
limits, denoted as lbase_min, lbase_max, lh_min, and lh_max, as op-
erational constraints.

3) ASWIN Algorithm: We analyzed current signals from
healthy motor states to improve the algorithm’s robustness and
applicability under real-world motor speed variations across the
entire speed range. Using sliding windows of varying sizes,
statistical analyses of local signal metrics were performed for
each window. As illustrated in Fig. 10, the statistical distributions
of the three metrics reveal distinct patterns across different speed
ranges: in the low-speed range (0–400 r/min), the metrics remain
relatively stable with minimal fluctuations; in the high-speed
range (800–1200 r/min), the metrics show moderate increases
in variability, but reflecting their consistent dynamics; and in
the medium-speed range (400–800 r/min), the metrics exhibit
the most significant variations, indicating heightened sensitivity
to operating conditions. These findings suggest that hardware
dynamics influence the relative magnitudes of these metrics
across speed ranges. As a result, the contribution of each metric
to the scaling factor should be adjusted to reflect the varying
dynamics of each speed stage. This implies that a globally
optimized set of five parameters may be less effective than
locally optimized parameter combinations tailored to distinct
speed ranges, enhancing the algorithm’s performance.
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Fig. 10. Statistics of the changes in the values of the three signal metrics at
various machine velocities.

The global optimization problem was redefined as a seg-
mented optimization framework to overcome these challenges.
The full speed range of the motor can be divided into several
ranges [Ωj−1,Ωj ] using a predefined speed threshold Ωj , where
the subscript j represents the speed threshold index. An optimal
parameter set was identified for each range. This approach can
be mathematically expressed as follows:

max
{αj ,βj ,γj ,ljbase,l

j
h}tj=1

t∑
j=1

accuracy

(
f∑

i=1

m∑
k=1

xi,k
j ;α, β, γ, lbase, lh

)

(18a)

s.t. xi,k
j = {x | Ωj−1 < Ω(x) ≤ Ωj},

j = 1, . . . , t (18b)

α+ β + γ = 1 (18c)

α ≥ 0, β ≥ 0, γ ≥ 0 (18d)

lbase_min ≤ lbase ≤ lbase_max (18e)

lh_min ≤ lh ≤ lh_max (18f)

where xi,k
j represents the signal segment within the jth speed

range in the kth experimental data of the ith operating mode.
4) Implementation of the Two Optimization Methods:

a) Global optimization for OPSWIN algorithm: The
MATLAB built-in genetic algorithm (GA) is used for global
optimization, searching the parameter space for the best combi-
nation that maximizes diagnostic accuracy. This method is par-
ticularly well-suited for nonlinear optimization involving mul-
tiple parameter combinations, as it efficiently searches multiple
solution spaces to avoid local optima. However, GA entails high
computational costs, especially for problems involving various
parameters. Based on testing with experimental data, the sliding
window base length lbase and the horizon window length lh were
found to perform ideally within the range of 200–800.

b) Segmented Optimization for ASWIN Algorithm: Given
the segmentation of speed ranges, applying GA to each segment
would result in prohibitively long computation times. Instead, an
exhaustive search was used to determine the optimal parameters
for each speed stage. MATLAB’s multicore parallel processing

Algorithm 3: Segmented Optimal Parameters Search.

capability was leveraged to enhance computational efficiency
by replacing traditional FOR loops with the PARFOR function.
The traversal range and step size can be set based on the
requirements for accuracy. In this study, lbase, lh ∈ [200 : 100 :
800], α, β, γ ∈ [0 : 0.05 : 1]. For speed segmentation, the range
of 0–1200 r/min was divided into three stages using thresholds
at 400 and 800 r/min. The pseudocode for this process is shown
in Algorithm 3.

The above two optimization solutions were performed using
MATLAB R2020b on the PC equipped with an Intel Core
i7-8550U and 16 GB RAM. Table III presents the two meth-
ods’ final results. Repeated optimization runs produced slightly
different parameters due to solver settings. However, the result-
ing diagnostic accuracy, F1-score, and latency remained nearly
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TABLE III
RESULTS OF TWO OPTIMIZATION METHODS

Fig. 11. General methodology of ASWIN strategy.

identical; hence, the proposed parameter optimization-based
framework is robust and reproducible.

After determining the optimal parameter configuration for
each speed segment through offline optimization, the real-time
speed can be used to self-tune the parameter combination to
better adapt it to the dynamics of the current signal. The overall
method is shown in Fig. 11, where the adaptive tuning of the
optimal parameters is based on the speed information.

Real-time speed can be obtained via two approaches. The
first method is to directly read the speed data Ωi of the encoder
and calculate the average speed Ωk in each window Wk, which
is accurate and fast. The second method is to estimate the
mechanical speed Ω̂k by extracting the dominant frequency
fk
df of the current signal within the sliding window Wk, which

corresponds to the electrical frequency of the motor, and using
the number of pole pairs. Although this method is more complex,
it offers greater scalability, particularly for sensorless control
strategies. Experimental results indicate that both methods yield
comparable performance in practice.

V. EXPERIMENTAL VALIDATION OF THE PROPOSED

DIAGNOSTIC STRATEGY

This section introduces the validation and analysis of the
proposed diagnostic strategies using experimental data collected
from a WRSM drive system real-time test bench.

Fig. 12. Test bench for WRSM drive system.

A. Experimental Test Platform and Data Acquisition

The test bench utilized to validate the proposed method is
shown in Fig. 12. The main components include an ARCEL
three-phase inverter, a dSPACE DS1104 Controller Board, a
WRSM (ECODIME TA-100L4, rated speed at 1500 r/min), a dc
motor providing torque load, and the switch applied to simulate
OC faults in the inverter IGBTs.

The test bench achieves real-time interaction with a host PC
through the dSPACE DS1104 Controller Board, which connects
to MATLAB/Simulink using the real-time interface module.
The ControlDesk was also employed to interact with Simulink
and to facilitate real-time data visualization and acquisition.
During operation, the PWM control signals for the inverter are
represented as [g1, g2, . . . , g6], where gi = 0 or 1. To simulate
one or multiple IGBT OC faults, switches in the corresponding
circuits, as shown in Fig. 12, are set to the open state for the
duration of the fault. The current sampling frequency fs of the
three-phase inverter is 2 kHz.

To illustrate the data acquisition and labeling procedure,
Fig. 13 provides a representative experiment conducted at a
maximum reference speed of 1200 r/min with injectedS1S2OC
fault under torque disturbances. The maximum reference speed
can be adjusted; it is also set to 400 r/min to obtain more current
signals under low speed conditions. Fig. 13(a) shows the overall
experimental timeline: the blue and black curves represent the
reference and measured speeds, respectively; the colored bar
at the top indicates the time instants of injected faults; and the
red curve denotes the estimated load torque, where step changes
correspond to applied disturbances. Fig. 13(b) details the manual
labeling process, where each sampled point is annotated by its
operating state, including speed level, stationarity, and torque-
disturbance status. Fig. 13(c) displays the three-phase current
signals for the entire experiment, with the annotated operating
states overlaid. These labeled signals are directly used for model
training and validation. Finally, Fig. 13(d) magnifies the current
waveforms around t ≈ 67.15 s, where the transition from an S1
OC fault to an S1S2 OC fault, highlighting the abrupt change
in the current response at the fault-injection instant.

Following the rule of thumb in [31], the class imbalance
rate measures the used dataset: the original dataset exhibits
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Fig. 13. Representative experiment with S1S2 OC fault injection and data
labeling. (a) Experimental timeline of speed, torque, and fault injection.
(b) Manual labeling of operating states. (c) Three-phase current signals with
annotated regimes. (d) Zoom in around t ≈ 67.15 showing the fault transition
from S1 OC fault to S1S2 OC fault.

moderate imbalance, while the resampled dataset is close to
balanced. The distribution is shown in Table II. However, a
weighted evaluation is always used to ensure that the error of
the 22-category classification evaluation is minimized.

B. ML Model Training and k-Fold Validation

The Methodology described in Section IV was followed to
train and validate the ML models, using the three-phase current
signals in healthy and faulty states collected from the above
experimental test bench. At this stage, fixed multiscale sliding
windows were applied to traverse and resample all current sig-
nals. Feature extraction was performed on each segment to create
training data and enhance the model’s generalization ability
across various operating conditions. Table IV lists the main

TABLE IV
COMMON PARAMETER SETTINGS FOR DIAGNOSTIC MODEL

TRAINING USING MATLAB

TABLE V
PERFORMANCE EVALUATION OF SIX CLASSIFICATION MODELS USING

ORIGINAL AND RESAMPLED DATASETS

parameter settings of the six diagnostic models implemented
in MATLAB to ensure the reproducibility of the training phase.

To evaluate and compare the diagnostic performance of dif-
ferent ML models and to verify whether the proposed method
improves their performance, six ML models were tested: SVM,
decision tree (DT), random forest (RF), AdaBoost (AdaB),
logistic regression (LR), and KNN. The performance metrics are
summarized in Table V. The calculation time refers to the time
it takes to call the model once to calculate a validation dataset.
Here, it is the average value of traversing all the validation data
results.

Overall, resampling reduces redundancy in the training set
and leads to a very minor performance loss: the average accu-
racy and F1-score decrease by less than 1%. In contrast, the
computational benefits are substantial: the mean training time
is reduced by approximately 60%, and the average model size
shrinks by more than 50% across all classifiers. Inference time
remains nearly unchanged, with differences typically below a
few milliseconds. For deployment, models like LR, KNN, and
DT offer favorable tradeoffs between accuracy, efficiency, and
resource requirements. In contrast, ensemble models like RF and
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TABLE VI
FAULT DIAGNOSIS PERFORMANCE EVALUATION UNDER FIXED-LENGTH SLIDING WINDOW STRATEGIES OF DIFFERENT LENGTHS

AdaB provide superior accuracy but at higher computational and
memory costs. Since static verification uses preprepared data,
Table V reports the inference time excluding feature extraction.

These results indicate that the resampling strategy preserves
almost all diagnostic accuracy while significantly reducing train-
ing burden and storage requirements, thereby improving the
practical feasibility of the proposed framework for real-time
deployment. Therefore, models trained based on resampled data
were selected in the subsequent diagnostic strategies combined
with the ASWIN method.

C. Dynamic Validation of Proposed Diagnostic Strategies

The k-fold validation described above only represents a static
evaluation of segmented validation datasets. Next, the real-time
current signals over the entire test cycle, as shown in Fig. 3,
were analyzed to dynamically validate the proposed diagnos-
tic strategy. Both fixed and ASWIN methods were applied to
traverse the current signals, with each window’s local signals
diagnosed individually. The overall diagnostic performance was
evaluated by comparing the results with the ground truth across
all windows.

The current signals were collected under multiple operating
conditions for the validation phase: maximum machine speeds
Ωmax ∈ [200, 800, 1200] r/min and load torques varied between

0.33 and 2.16 N · m. Fault scenarios were injected based on the
three modes shown in Fig. 3 and detailed in Table II, covering
a range of fault types. Performance metrics included the above-
mentioned metrics, the average computation time per diagnosis,
and delay detection and early detection times, as introduced in
Section IV.

1) Performance of Fixed-Length Sliding Window Method:
The diagnostic performance using fixed-length sliding window
lengths was first evaluated. Window lengths of 200, 400, 600,
and 800 sample points were tested across all six ML models
to explore the tradeoff between diagnostic accuracy and time
delay. Results are given in Table VI. Longer sliding windows
generally improved accuracy but introduced a more significant
detection delay, particularly for delay detection times, which
are critical for practical applications. Stationary regimes are
generally well diagnosed (>97%), while ultra-low-speed op-
eration remains the most challenging, with accuracy reduced
to 72%–87% depending on model and window size. Extreme
low-speed conditions impose significant difficulty due to weak
current amplitude and noise. Nevertheless, even under such
conditions, ensemble methods such as RF and AdaB still sustain
above 85%–90% accuracy, demonstrating fault detection’s fea-
sibility despite adverse signal quality. Noted that the inference
time here includes the feature extraction module compared to
the static verification results in Table V, the difference between
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Fig. 14. Comparison of accuracy and delayed detection of six ML models at
various fixed window lengths. (a) Line chart represents global accuracy, and the
bar chart represents delayed-detection time. (b) Line graph shows the accuracy
in a nonstationary state, while the bar graph shows the accuracy at extremely
low speeds.

the two is the approximate time required for feature extraction.
Notably, the accuracy gain between lengths of 600 and 800
was minimal, while detection delays continued to increase. This
observation may support the hypothesis proposed in Section IV
that a dynamic adjustment of sliding windows could achieve
high accuracy with reduced delays.

Fig. 14 visually illustrates the tradeoff between accuracy and
latency. The line graph in Fig. 14(a) shows global accuracy on
the left y-axis, while the bar graph shows delayed-detection time
on the right y-axis. The line graph in Fig. 14(b) shows accuracy
under nonstationary conditions on the left y-axis, while the bar
graph shows accuracy at extreme-low speeds on the right y-axis.

2) Feasibility Verification of the Proposed Strategies: The
proposed diagnostic strategies were validated with seven ML
models, including the OPSWIN and ASWIN algorithms. The
following examples show the experimental results. The valida-
tion is performed under three fault injection modes: nonstation-
ary single S1 OC fault, stationary single S1 OC fault, and the
mixed case of S1 OC stationary fault and S1S2 OC stationary
fault. Once a fault occurs, it will persist until the end of the entire
test cycle.

a) Nonstationary singleS1 OC Fault: Fig. 15(a) illustrates
the three-phase current signals over the entire test cycle, with
colored bars indicating diagnostic results. The upper one is
the diagnosis result based on the OPSWIN strategy, and the

Fig. 15. Experimental data diagnosis results of nonstationary S1 OC fault.
(a) Current signal of a complete fault state test cycle. (b) Enlarged views of the
current signal at the occurrence of the fault. (c) Enlarged views of the current
signal during the machine startup phase. (d) Enlarged view of the current signal
as the machine approaches a stop.

lower one is based on the ASWIN strategy. Green represents
healthy states, red denotes S1 OC faults, yellow represents S2

OC faults, and purple indicates S1S3 OC faults. Fig. 15(b)–(d)
is the enlarged views of the three red-framed parts in Fig. 15(a),
observing the signal conditions at the moment of fault occur-
rence and the two extreme-low-speed motor start and stop stages.
The red dotted line in Fig. 15(b) represents the actual moment
of fault occurrence, the red solid line represents the moment
diagnosed by the algorithm, and the red arrow represents the
delayed detection. It shows that at the stage of fault occurrence,
both algorithms can achieve accurate fault diagnosis within a
delay of 0.1 s, and the delay of the ASWIN strategy is less.
Fig. 15(c) and (d) shows that at the two highly low-speed stages,
the misdiagnosis probability of the ASWIN strategy is lower
than that of the OPSWIN strategy.
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Fig. 16. Experimental data diagnosis results of stationary S1 OC fault. (a)
Current signal of a complete fault state test cycle. (b) Enlarged views of the
current signal at the occurrence of the fault. (c) Enlarged views of the current
signal during the machine startup phase. (d) Enlarged view of the current signal
as the machine approaches a stop.

b) Stationary single S1 OC Fault: Fig. 16(a) shows the
three-phase current response signal of the entire test cycle. In
this figure, green represents the healthy mode, red represents the
S1 OC fault, blue represents the S1S2 OC fault, and purple rep-
resents the S1S3 OC fault. Fig. 16(b)–(d) are the enlargements
of the three red box parts in Fig. 16(a). Fig. 16(b) shows that
in the stage where the fault occurs, both algorithms can achieve
accurate fault diagnosis within a delay of 0.1 s, but the delay
of the ASWIN strategy in this test is longer. Fig. 16(c) and (d)
shows that in the two highly low-speed stages, the misdiagnosis
probability of the ASWIN strategy is still lower than that of the
OPSWIN strategy.

c) Mixed case of stationary S1 OC fault and stationary
S1S2 OC Fault: Fig. 17(a) shows the three-phase current re-
sponse signal of the entire test cycle of the mixed case of two

Fig. 17. Experimental data diagnosis results of a mixed case of a stationaryS1

OC fault and a stationary S1S2 OC fault. (a) Current signal of a complete fault
state test cycle. (b) Enlarged views of the current signal at the occurrences of
two faults. (c) Enlarged views of the current signal during the machine startup.
(d) Enlarged view of the current signal as the machine nears the stop.

stationary faults. In this figure, green represents the healthy
mode, red represents the S1 OC fault, blue represents the S1S2
OC fault, and purple represents the S1S3 OC fault. The blue
arrow represents the front detection. Fig. 17(b) shows the stages
of the occurrence of the two faults, which shows that in the
stages of the two faults, both algorithms can achieve accurate
fault diagnosis within a delay of 0.1 s. The ASWIN strategy has
two front detections, while OPSWIN still has delayed detection
in both fault detections. Fig. 17(c) and (d) shows that in the
two highly low-speed stages, the misdiagnosis probability of
the ASWIN strategy is still lower than that of the OPSWIN
strategy.

The above is the feasibility verification of the proposed
diagnostic strategies under the three fault injection modes. Here,
only three corresponding injection mode experiments are taken
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TABLE VII
EVALUATION AND COMPARISON OF FAULT DIAGNOSIS PERFORMANCE UNDER OPSWIN AND ASWIN SLIDING WINDOW STRATEGIES

Fig. 18. Comparison of accuracy and delayed detection of six ML models
under OPSWIN and ASWIN algorithms. (a) Dot plot shows the global accuracy,
and the bar plot shows the delayed detection time. (b) Accuracy of various ML
models under extreme conditions with two ASWIN algorithms.

as examples. For time deviation, the difference between the two
algorithms is not significant. Still, in the highly low-speed stage,
the misdiagnosis of the ASWIN algorithm is better than that of
the OPSWIN algorithm.

3) Performance of Proposed Diagnosis Strategies: Next is
a quantitative performance evaluation of the two diagnostic

TABLE VIII
FEATURE COEFFICIENT OF VARIATION UNDER SELECTED

WINDOWING STRATEGIES

strategies, OPSWIN and ASWIN. Two dynamic sliding win-
dow strategies are still applied to the six ML algorithms. The
specific evaluation results are given in Table VII, which tests
the collected current signals of all the above operating and fault
conditions. In addition, essential metrics from Table VII are vi-
sualized, as shown in Fig. 18. The dot plot in Fig. 18(a) represents
the global accuracy on the left y-axis, and the bar chart represents
the delayed-detection time on the right y-axis. The dot plot in
Fig. 18(b) shows the accuracy of different algorithms under two
extreme conditions, using different ASWIN strategies.

Table VII compares the proposed adaptive windowing strate-
gies (OPSWIN and ASWIN) against fixed-length sliding win-
dows. Both adaptive methods consistently improve real-time
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TABLE IX
COMPARISON OF VARIOUS OC FAULT DIAGNOSIS METHODS

TABLE X
MAIN PARAMETER SETTINGS FOR REPRODUCED DIAGNOSTIC MODEL

diagnostic accuracy, particularly under nonstationary transitions
and ultra-low-speed regimes, while incurring only modest com-
putational overhead. For instance, ASWIN achieves up to 96%
accuracy at ultra-low speeds, several percentage points higher
than the fixed-window baseline, and overall accuracy exceeding
97%. The results also show that OPSWIN and ASWIN yield
nearly identical overall accuracy (>97%), while ASWIN offers
slight advantages at very low speeds due to its speed-based
self-tuning mechanism. Furthermore, despite the high compu-
tational requirements of the AdaB model, diagnostic latency
is generally maintained within tens of milliseconds, with an
average computation time of around 50 ms for each diagnosis.
The diagnostic time deviation, including front-detection and
delayed-detection, is around 35 ms, fully meeting real-time
requirements. These results demonstrate that models trained on
fixed-length multiscale samples can be directly combined with
adaptive windowing, achieving desirable performance under ex-
treme operating conditions, which confirms the generalizability
and robustness of the proposed diagnosis strategy.

In addition, regarding the online computing time cost of the
two proposed algorithms, OPSWIN requires about 20–30 ms

and ASWIN about 30–40 ms on average, as shown by com-
paring Tables VI and VII. This time cost is acceptable, while
significantly improving robustness under extreme conditions.

4) Analysis of Feature Extraction Robustness: To further
explain the performance differences among the above diagnos-
tic strategies and to evaluate the robustness of feature extrac-
tion under different sliding window strategies, three physically
meaningful signal features were specifically analyzed: the peak
FFT amplitude, which represents the main harmonic content and
corresponds to the mechanical rotation frequency; the kurtosis
factor, a fourth-order statistical measure sensitive to signal asym-
metry and impulsivity; and the impulse factor, which quantifies
the intensity of transient spikes relative to the average signal
level. These features are extracted across four representative
operating conditions: extreme-low speed, low speed, nonsta-
tionary range, and torque disturbance, using four windowing
strategies: two fixed-length windows (200 and 800 samples)
and two proposed adaptive methods (OPSWIN and ASWIN).
For each case, the coefficient of variation (CV) was computed
as a dimensionless indicator of relative feature dispersion

CV =
σ

μ+ ε
(19)

where μ and σ denote a given feature’s mean and standard
deviation over multiple signal segments, and ε is a small constant
added to avoid division by zero.

A quantitative comparison is provided in Table VIII. The
CV values reveal several key trends. First, increasing the fixed
window length generally reduces CV, indicating improved fea-
ture extraction stability due to more complete signal coverage.
However, fixed windowing still suffers from poor adaptabil-
ity under nonstationary or disturbed conditions. In contrast,
both adaptive windowing methods, OPSWIN and ASWIN,
consistently achieve lower or comparable CV values under
challenging regimes, such as extreme-low speed and torque
disturbance. These results confirm that dynamic segmentation
can better accommodate signal characteristics and window
alignment changes.

These observations intuitively explain the performance dif-
ferences between the fixed-size sliding window and the two
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TABLE XI
EVALUATION AND COMPARISON OF THE DIAGNOSTIC PERFORMANCE OF THE REPRODUCED OC FAULT DIAGNOSIS METHODS

TABLE XII
CALCULATION OF TIME-DOMAIN AND STATISTICAL FEATURES

proposed methods, supporting the motivation of this study: the
adaptive window enhances the performance of feature extrac-
tion, leading to more robust dynamic fault diagnosis under
various operating conditions.

5) Comparison With Other OC Fault Diagnosis Methods:
The introduction reviewed several recent research advancements
in fault diagnosis, demonstrating promising validation results.
To provide a comprehensive evaluation, we selected repre-
sentative methods from these studies for comparative analysis
against the proposed OC fault diagnosis strategy, as Table IX
summarizes. The proposed framework enables a unified evalua-
tion of diagnostic algorithms regarding accuracy, F1-score, and
latency. Still, the results are not intended as dimensionless cross-
comparisons with prior studies due to differences in datasets and
task formulations.

Model-based approaches exhibit significant advantages in
terms of diagnosis speed. However, they often rely on manually
defined, complex threshold settings, making them less effective
for multifault classification scenarios. Signal-based methods
generally achieve high diagnostic accuracy but require longer

computation times and face similar challenges due to the need
for multithreshold configurations. Data-driven approaches, in
contrast, typically do not require empirical threshold settings
or additional sensors for acquiring supplementary data, making
them particularly well-suited for multifault classification tasks.
Compared with these methods, the method proposed in this
article has the characteristics of simple implementation and a
balanced tradeoff between diagnosis accuracy and computa-
tional efficiency.

The proposed ASWIN framework enhances diagnostic ro-
bustness across diverse operating regimes while maintaining
real-time feasibility. Since the framework is independent of
classifiers, the ensemble methods (e.g., RF and AdaB) are
preferred when maximum accuracy under extreme conditions
is required. In contrast, lightweight models (e.g., LR and DT)
are more suitable for embedded applications with strict latency
or memory constraints. The SVM model may be a tradeoff
between multiple performance indicators; combined with the
ASWIN algorithm, the diagnostic accuracy reaches 97.70% and
the diagnosis time is about 60 ms. To account for variable-speed
operation, the diagnosis time tdiag can be normalized as τ =
tdiag/Te = tdiag · fe, the number of electrical cycles required to
reach a decision. Te and fe represent the fundamental period and
electrical frequency. In our experimental setup, this corresponds
to approximately 0.4–2.4 current fundamental periods across the
tested speed range of 200–1200 r/min, reflecting the adaptability
and responsiveness of the proposed method. At extremely low
speeds, the current remains theoretically periodic but exhibits
strong distortion and nonperiodic components due to long funda-
mental periods. Thus, normalized representation is emphasized
for speeds above 200 r/min, where the current waveform is stably
periodic.

For more accurate analysis and comparison, some represen-
tative data-driven OC fault diagnosis methods were reproduced,
trained, and validated using the same dataset and performance
evaluation framework. The reproduced CNN is based on built-in
MATLAB functions, while the reproduced RVFL and ELM
models are implemented by utilizing and modifying the open-
source codes proposed in [32] and [33]. Table X presents the
main implementation parameters, as well as the training time
and size of the trained models from an engineering perspective.
According to the literature description, the sliding window size
for the dynamic validation phase of all reproduced models is
800 sampling points.



7866 IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 41, NO. 5, MAY 2026

As summarized in Table XI, the proposed method achieves
the highest overall accuracy (97.70%) and F1 score (97.98%),
particularly outperforming the reproduced methods under ex-
treme operating conditions. These improvements are evident
under nonstationary, low-speed, and very low-speed conditions.
In contrast, traditional CNN, RVFL, and ELM models exhibit in-
creased sensitivity to spectral distortion and transient imbalance,
which reduces their performance under extreme conditions.
In addition, some reproduced methods adopt a multiple-vote
strategy, which increases the diagnosis time of a single diagnosis.
These improvements demonstrate that the proposed adaptive
variable sliding window method can ensure the robustness of
fault diagnosis under extreme operating conditions without sig-
nificantly increasing the delay.

VI. CONCLUSION

This article proposed a novel data-driven real-time OC
fault diagnosis strategy for three-phase inverters, integrating
an ASWIN approach with ML models to enable full-speed-
range fault detection in WRSM drive systems. A range-based
evaluation strategy is also proposed to assess real-time diag-
nostic performance under dynamic scenarios where a single
window may encompass multiple operating states. Range-based
accuracy metrics optimize global parameter combinations and
segment-specific optimal parameters for different speed ranges.
In addition, a performance evaluation across multiple operating
regimes, including extreme-low to high speed, nonstationary
and stationary operation, and torque-disturbance intervals, was
proposed.

First, six ML models were trained on multiscale segmented
current signals to diagnose faults under various operating con-
ditions. The best-performing RF model achieved a static val-
idation accuracy of 97.48%. Second, a dynamic scaling factor
for window size calculation was developed, incorporating signal
metrics, such as dominant frequency ratio, signal variation rate,
and signal-to-noise ratio. This approach enables the window size
to adapt effectively to the dynamic characteristics of current
signals based on current information and short-term prediction,
thereby better extracting local features. Third, two ASWIN
algorithms were implemented: the OPSWIN algorithm, em-
ploying global parameters optimization through GA, and the
ASWIN algorithm, which performs online speed-based param-
eter self-tuning through offline segmented parameter optimiza-
tion. Experimental validation using collected current signals
demonstrated the effectiveness of the proposed strategies across
various fault scenarios, including stationary single faults, non-
stationary single faults, and mixed stationary faults. The ASWIN
algorithm combined with the SVM model achieved a diagnostic
accuracy of 97.70% with a diagnosis time of approximately
60 ms, corresponding to a range of 0.4–2.4 current fundamental
periods across a speed range of 200–1200 r/min. Compared
to fixed-length sliding window methods, the ASWIN approach
significantly reduced diagnostic delay while maintaining high
accuracy.
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