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 A B S T R A C T

With the increasing development of renewable energy resources, stand-alone structures are gaining more 
attention. Among these, wind energy systems are particularly notable because of their advantages, including 
sustainability, low operational expenses, and minimal environmental impact. Due to the challenges of load 
balancing in such systems, four-leg inverters have emerged as a viable solution, offering improved performance 
under unbalanced load conditions. However, like all inverters, they remain susceptible to internal faults. 
Accordingly, this paper proposes a hierarchical two-level Transformer-based model to detect switch internal 
faults, including open-circuit and short-circuit in four-leg inverters. The OPAL-RT hardware-in-the-loop setup 
was used to generate data in various scenarios to validate the efficiency of the proposed framework. The 
results demonstrate that the developed technique can effectively classify fault types and identify faulty switches 
compared to state-of-the-art algorithms and single-level structures.
1. Introduction

In recent years, renewable energy resources have become increas-
ingly popular as global energy needs have risen, necessitating a de-
crease in carbon emissions. Wind energy is one of the most viable 
renewable energy resources [1], due to its environmental benefits, eco-
nomic competitiveness, and technological feasibility [2]. Wind energy 
conversion systems (WECSs) can use a number of different config-
urations. One of these configurations is wind turbines coupled with 
Permanent Magnet Synchronous Generators (PMSGs), which can be 
considered stand-alone structures for generating electricity [3]. In order 
to connect the PMSG to the loads, it is necessary to use inverters 
that convert the variable frequency and amplitude output voltage of 
the PMSG into a fixed frequency and amplitude voltage [4]. More-
over, since it is much more common to have unbalanced loads in 
these stand-alone structures, four-leg inverters can be installed after 
the PMSG, which show superior performance compared to three-leg 
inverters when dealing with unbalanced loads. The four-leg inverter 
has an extra neutral leg that can handle the unbalanced load currents 
and decrease harmonic distortions [5].

There have been several studies on four-leg inverters used in power 
systems. For example, for the four-leg inverter, a proportional resonant 
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control technique is developed in 𝑎𝑏𝑐 reference frame  [6]. In another 
study [7], a common mode voltage elimination technique is developed. 
Moreover, a direct predictive power control is another approach pro-
posed in [8]. However, rather than only designing controllers, switch 
fault detection in such inverters is also of paramount importance, which 
was the focus of only a few studies. In general, four-leg inverters face 
two main types of internal faults: open-circuit (voltage loss due to 
switch malfunctions) and short-circuit (increased current caused by 
switch failure) [9].

Fault detection techniques in inverters can be divided into two 
categories: model-based and model-free techniques. In model-based 
approaches, fault diagnosis relies on an explicit model of the system, 
either through physics-based modeling or signal-model-based analy-
sis [10,11]. However, model-free fault detection techniques are meth-
ods that do not require knowledge about the behavior or dynamics of a 
system. Model-free techniques (also known as data-driven techniques) 
can be more flexible and adaptable, making them more suitable to solve 
complex problems [12].

In the literature, model-based approaches have been investigated by 
researchers. In these studies, typically, an observer can detect faults in 
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the system. For example, the authors in [13] developed a fault diag-
nosis approach using a voltage–current model flux observer, enabling 
timely and robust detection with low computational cost. In addition, 
a model-based fault detection approach for switches in inverters for 
PV applications is developed in [14], in which sliding observer banks 
incorporating PI control are employed to predict fault events. More-
over, in [15], a diagnosis strategy based on adaptive sliding mode 
observers is implemented to simultaneously detect IGBT open-circuit 
faults in inverters. Furthermore, in [16], an open-circuit fault diagnosis 
technique is presented for a three-level inverter using a predictive 
model based on the residual between the measured and estimated 
currents.

The development of fault detection systems based on model-free 
approaches, particularly those employing machine learning algorithms, 
has also gained significant attention in recent years [17]. These tech-
niques typically rely on synthetic data and account for different fault 
scenarios within the system, enabling machine learning algorithms to 
achieve high detection accuracy [18]. For example, in [19], open-
circuit faults in asymmetric multilevel inverters are detected using 
artificial neural networks (ANN). In addition, the authors in [20] 
developed a technique to detect faults in a three-phase inverter used 
in electric vehicles. Different machine learning algorithms, particularly 
the support vector machine (SVM) and decision tree (DT), have been 
investigated in [21] for a voltage source inverter to identify internal 
faults. Similarly, in [22], machine learning algorithms, specifically K-
Nearest Neighbor (KNN) and Random Forest (RF), are applied to detect 
open-circuit faults in switches of a three-level Neutral Point Clamped 
inverter, which is connected to a Photovoltaic (PV) system. Moreover, 
an effective RF algorithm is also proposed in [23] based on a kernel 
principal component analysis technique to detect open-circuits and 
short-circuits within converter switches. Additionally, in [24,25], fault 
diagnosis methods using long short-term memory (LSTM) networks are 
proposed for three-level inverters.

Machine learning algorithms based on the transformer algorithm 
have also attracted increasing attention from researchers. For example, 
in [26], a transformer learning approach was developed to identify 
open-circuit faults of a three-level inverter connected to a perma-
nent magnet synchronous motor (PMSM) drive for electric vehicles. 
In addition, another study [27] proposed a hybrid CNN and Trans-
former model with a multi-head attention mechanism for fault de-
tection in high-voltage direct current (HVDC) networks under diverse 
operating and noise conditions, and [28] employed a Vision Trans-
former model for fault detection and classification using thermographic 
measurements in photovoltaic modules. Furthermore, authors in [29] 
combined a conditional generative adversarial network (CGAN) and 
a Vision Transformer by converting measured inverter signals into 
time-frequency images and using the generated samples to improve 
open-circuit fault diagnosis when only limited fault data are available.

As mentioned, research on fault detection in four-leg inverters 
remains limited. In [30], a fault diagnosis strategy is developed for a 
four-leg inverter operating under unbalanced load conditions; however, 
variations in the DC-link voltage are not considered, and the study 
focuses only on open-circuit faults, while short-circuit faults are not 
addressed. In our previous work [31], a KNN algorithm was employed 
for fault classification in a four-leg inverter with an ideal DC link 
and balanced load conditions. That study relied on a relatively limited 
set of operating points and was based solely on MATLAB/Simulink 
simulations, without hardware-in-the-loop experiments.

According to the literature review, the following points can be high-
lighted: Despite their growing adoption, limited research has addressed 
fault detection in the switches of four-leg inverters. In particular, to 
the best of the authors’ knowledge, no existing studies consider the 
impact of voltage variations in the DC link. Furthermore, most existing 
studies are based on a limited number of operating points, whereas an 
effective fault diagnosis system must perform reliably across a broad 
range of conditions. Factors such as the timing of fault occurrence, 
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instantaneous phase voltages, load conditions, and even wind speed 
can influence detection accuracy. To address this, the present study em-
ploys a comprehensive data extraction process using hardware-in-the-
loop simulations, ensuring a diverse dataset. Furthermore, in this study, 
rather than more traditional classification machine learning algorithms 
such as KNN, the focus is on the transformer (TR) algorithm, which, 
with the advances of artificial intelligence, is showing superior perfor-
mance in different applications. Additionally, rather than employing 
conventional machine learning methodologies, we implemented a two-
level hierarchical fault detection structure to improve accuracy, rather 
than directly identifying the faulty switches. In summary, the main 
contributions of this study are as follows:

1. A WECS and a four-leg inverter, along with a standard control 
approach, are investigated to ensure the effect of the DC voltage 
link and neutral leg on fault detection performance.

2. The presence of both open-circuit and short-circuit switch faults 
has been studied for the implemented topology. A wide range 
of normal operating points (including balanced and unbalanced 
loads) have been considered.

3. A two-level hierarchical model is proposed based on the Trans-
former algorithm, which demonstrates improved performance 
compared to typical single-level structures and other state-of-
the-art machine learning algorithms.

4. To verify the validity of the models, OPAL-RT has been used as 
the hardware-in-the-loop setup for testing the machine learning-
based fault diagnosis system.

The rest of the paper is structured as follows: The model for the 
WECS and the four-leg inverter, as well as the control strategy, is 
presented in Section 2. The proposed fault detection strategy utilizing 
the transformer algorithm is introduced in Section 3. Results and dis-
cussions are presented in Section 4. Finally, the conclusion is outlined 
in Section 5.

2. System under study

The topology of the system under study is depicted in Fig.  1, which 
includes a PMSG, a battery, and a four-leg inverter that connects the DC 
bus to the load. The wind turbine is connected to the PMSG, and then 
it is integrated with an AC–DC converter. The battery is also attached 
to a DC–DC converter, and they share a common DC bus. The battery 
is charged when the available wind power exceeds the load demand, 
and it is discharged when the load demand is higher than the available 
wind power.

2.1. Permanent magnet synchronous generator

In this study, a WCES uses a wind turbine and a PMSG. In order to 
ensure optimal efficiency, the WCES continuously adjusts the generator 
speed to match changes in wind speed. The model of PMSG is similar 
to the model developed in [32].

2.2. Battery energy storage system

In all stand-alone structures, the storage of energy is an essential 
part of the overall design. In order to model the battery, a controlled 
voltage source connected in series to a constant resistance source can 
be used, which is discussed in more detail in [33].
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Fig. 1. Topology of the system under study.
2.3. Four-leg inverter

The four-leg inverter configuration is demonstrated in Fig.  2. In 
stand-alone applications, a low-pass filter follows the inverter to re-
move high-frequency switching voltages and currents. It is necessary to 
connect the fourth leg’s midpoint to the load neutral point in order to 
achieve a zero component load current path [34]. The inverter input 
is powered by the DC bus, which is linked to the WECS and battery. 
When KVL is applied to phase legs, Eq. (1) can be obtained [35]: 
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In Eq.  (1), 𝑉𝐴𝑁 , 𝑉𝐵𝑁 , and 𝑉𝐶𝑁  denote the inverter phase-to-neutral 
voltages, 𝑉𝑎𝑛, 𝑉𝑏𝑛, and 𝑉𝑐𝑛 are the corresponding load voltages, 𝐿𝑎, 𝐿𝑏, 
and 𝐿𝑐 are the phase filter inductances, 𝐿𝑛 is the neutral-leg inductance, 
𝑖𝐿𝑎, 𝑖𝐿𝑏, and 𝑖𝐿𝑐 are the filter inductor currents of phases 𝑎, 𝑏, and 𝑐, 
and 𝑖𝐿𝑛 is the neutral inductor current. The Eq.  (2) can be determined 
by removing 𝑖𝐿𝑛: 
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For the four-leg inverter model to be complete, the KCL law must be 
satisfied at nodes 𝑎, 𝑏, and 𝑐 in the 𝑎𝑏𝑐 frame. The following equation 
can be obtained, assuming the load voltage and the capacitor voltage 
are equal. 
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Here, 𝑖𝑜𝑎, 𝑖𝑜𝑏, and 𝑖𝑜𝑐 denote the phase load currents, while 𝐶𝑎, 𝐶𝑏, 
and 𝐶𝑐 are the filter capacitances for phases 𝑎, 𝑏, and 𝑐, respectively.

Eqs. (2) and (3) describe the inverter based on the 𝑎𝑏𝑐 reference 
frame incorporating the fourth leg inductor.

2.4. Converter controls

The DC link requires two control systems for the DC/DC bidirec-
tional converter control of the battery and the AC/DC converter control 
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of the PMSG. In this study, typical PI controllers have been used for the 
AC–DC converter of WECS and for the DC–DC bidirectional converter 
of the battery. The control systems are similar to those in [36]. Overall, 
the main goal of control systems in DC link is to maintain a constant 
DC voltage in the four-leg inverter. Furthermore, for the AC link, to en-
sure sinusoidal voltage output, a proportional resonant (PR) controller 
manages the four-leg inverter’s output. Unlike PI controllers, PR uses 
a resonant term at a specific frequency (𝜔0) to compensate for system 
resonances, leading to improved stability and dynamic response. 

𝐺𝑃𝑅(𝑠) = 𝐾𝑃 +
2𝐾𝑅𝑠
𝑠2 + 𝜔2

0

(4)

In this transfer function, 𝐾𝑅 is resonant gain, 𝐾𝑃  is proportional 
gain, and 𝜔0 is the resonant frequency. It is noteworthy that the PR 
controller gain is infinite at the resonance frequency, and this affects 
the stability. Providing the damping term can effectively address this 
problem: 

𝐺𝑃𝑅(𝑠) = 𝐾𝑃 +
2𝐾𝑅𝜔𝑐𝑠

𝑠2 + 2𝜔𝑐𝑠 + 𝜔2
0

(5)

where 𝜔𝑐 represents the cut-off frequency of the controller. In this 
equation, the proportional term 𝐾𝑃  indicates system dynamics in terms 
of bandwidth, gain, and phase margins, whereas 𝐾𝑅 specifies the reso-
nant bandwidth near the frequency determined. Moreover, 𝜔𝑐 dampens 
the controller’s sensitivity to changes in basic frequency during abnor-
mal conditions. In practice, the controller implemented in this work 
corresponds to the damped (quasi-PR) structure in Eq.  (5), which 
mitigates the potential instability of the ideal PR controller in Eq.  (4) 
while introducing only a small steady-state error at the fundamental 
frequency that is acceptable for the considered operating conditions. 
In this study, a current and a voltage control loop for the PR approach 
are implemented, as shown in Fig.  3.

2.4.1. Current control loop
If the voltage drop in the inductance is controlled by a proportional 

controller, Eq. (2) could be written as follows: 
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Fig. 2. Four-leg inverter structure.
Fig. 3. Schematic diagram of PR control loops.
where 𝐾𝑎, 𝐾𝑏, 𝐾𝑐 , and 𝐾𝑛 are the proportional controller gains, and 
𝑖∗𝐿𝑎, 𝑖∗𝐿𝑏, 𝑖∗𝐿𝑐 , and 𝑖∗𝐿𝑛 are the inverter output current references. Taking 
away 𝑖𝐿𝑛 and 𝑖∗𝐿𝑛 currents from this equation, the following equation 
can be derived: 
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2.4.2. Voltage control loop
In order to control the load voltage using the PR control, the 

following equation can be used: 
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where 𝑉 ∗
𝑎𝑛, 𝑉 ∗

𝑏𝑛, and 𝑉 ∗
𝑐𝑛 are the inverter output voltage references. By 

substituting Eq. (8) in Eq.  (3), the control loop is completed. 
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Using 𝑎𝑏𝑐 reference, the proposed control system can independently 
regulate the voltage of each phase load [37].
4 
3. Fault diagnosis system

This section discusses the three stages of implementing the fault di-
agnosis system as shown in Fig.  4: data extraction, data preprocessing, 
and training process.

3.1. Data extraction

The first step toward the implementation of a machine learning-
based fault detection system is data extraction. This phase is extremely 
important, as it needs to cover a wide range of normal and fault oper-
ation points. Otherwise, it leads to a model with misleading accuracy, 
which, in practice, lacks generalization and cannot be used. In order to 
extract data, the four-leg inverter, WECS, and battery, along with all 
controllers, are developed in MATLAB/Simulink software. An experi-
mental hardware-in-the-loop model is then built in order to extract data 
instead of acquiring the data directly from MATLAB/Simulink. The ex-
perimental setup includes the host PC, the OPAL-RT OP5700 real-time 
simulator (implemented using RT-LAB/Simulink code generation), and 
oscilloscopes. In the hardware-in-the-loop implementation, the model 
is partitioned into a Simulated Model (SM) subsystem that is compiled 
and executed on the OP5700 target in real time, and a Simulation 
Console (SC) subsystem that runs on the host PC for monitoring and 
data logging. The host target communication is handled through the 
RT-LAB interface. It should be noted that the analysis was conducted 
on a PC equipped with a 13th Gen Intel®Core™i7-1365U 1.80 GHz 
processor. The real-time simulation time step is set to 𝑇𝑠 = 0.0001 s, 
corresponding to a sampling frequency of 10 kHz for the logged signals.

A wide range of operation points are integrated into the scenarios, 
considering different unbalanced loads and wind speeds. It is assumed 
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Fig. 4. Fault detection and diagnosis implementation.
Fig. 5. Pseudo measurement.
that the unbalanced loads in all three phases, initially ranging from 
10Ω to 40Ω, can vary between 20Ω and 50Ω, or become disconnected 
(no load). With a time step of 0.04 s, the load variations occur from 
𝑡 = 0.08 s to 𝑡 = 0.16 s. The wind speed also varied from 10m∕s to 
18m∕s between 𝑡 = 0.1 s and 𝑡 = 0.18 s, with the same time step.

For example, here is one normal operating condition: 𝑅𝑎 = 10Ω, 
𝑅𝑏 = 20Ω, 𝑅𝑐 = 20Ω to 𝑅𝑎 = 20Ω, 𝑅𝑏 = 35Ω, 𝑅𝑐 = no-load at 𝑡 = 0.12 s, 
and wind speed from 12m∕s to 15m∕s at 𝑡 = 0.14 s. It is assumed 
that various short-circuit and open-circuit fault types occur in all eight 
switches at different times (from 0.08 s to 0.16 s, with a time interval 
of 0.01 s), while the operating conditions are selected based on a 
normal random distribution of operating points. In total, approximately 
4300 scenarios were generated by randomizing wind-speed profiles, 
load transitions, and fault type and occurrence time within the ranges 
described above. We assumed that, at a fault occurrence time, multiple 
simultaneous faults do not occur. At this stage, the inverter’s current 
and voltage after the LC filter, the DC link’s voltage, and the neutral 
current are stored. To augment the information content within the data 
and capture its full dynamic range and relevant features, we utilize 
pseudo-measurements, as shown in Fig.  5. These pseudo-measurements 
are constructed by applying the 𝑑𝑞 and the 𝛼𝛽 transformations to the 
original signals.

3.2. Data preprocessing

The preprocessing stage consists of two main steps: transforming 
the raw time series into sequence-to-label format and applying quantile 
normalization to standardize the features.
5 
3.2.1. Sequence-to-label representation
Given the temporal nature of faults, we employ a sequence-to-label 

representation. For each case in our dataset, we create overlapping 
sequences. Formally, for a multivariate time series 𝐗 = {𝑥1, 𝑥2,… , 𝑥𝑇 }
where each 𝑥𝑡 ∈ R𝑑 represents a 𝑑-dimensional measurement at time 𝑡, 
we construct sequences: 
𝑆𝑖 = {𝑥𝑖, 𝑥𝑖+1,… , 𝑥𝑖+𝜏−1} for 𝑖 ∈ {1, 2,… , 𝑇 − 𝜏 + 1} (10)

Each sequence 𝑆𝑖 is paired with the corresponding label 𝑦𝑖+𝜏−1, 
representing the system state (normal or specific fault type) at the end 
of the sequence. To address class imbalance, we implement a balanced 
sampling strategy where we define: 
𝑛𝑐 = min

𝑐∈
{|{𝑆𝑖 ∣ 𝑦𝑖+𝜏−1 = 𝑐}|} (11)

where  is the set of all classes, and we sample exactly 𝑛𝑐 sequences 
from each class to ensure balanced training. Fig.  6 shows how se-
quences and associated labels are handled. Fig.  7 illustrates the sinu-
soidal voltage measurements, the neutral current, and how sequences 
are labeled when a short-circuit fault occurs at Switch 7, as an example. 
Similar measurements are obtained for current signals and DC link 
voltage. Data samples are collected every 1 ms, creating multiple se-
quences. For example, sequences 𝑖 and 𝑗 (separated by 10 samples) both 
belong to the normal class before fault occurrence. When examining 
sequence 𝑘, which spans the moment of fault initiation, the entire 
sequence is classified as a short-circuit fault even though some earlier 
samples within that sequence were recorded during normal operation. 
By sequence 𝑛, all data samples within the sequence are from the 
post-fault condition, clearly exhibiting characteristic fault signatures.

In the implementation, we enforce a balanced sampling scheme at 
both levels of the hierarchy. At Level 1, we construct three equally sized 
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Fig. 6. Sequence-to-label representation.
classes (normal operation, short-circuit fault, and open-circuit fault) 
with 𝑁L1 = 50,000 sequences per class, resulting in 150, 000 sequences 
in total. At Level 2, we further balance the eight short-circuit fault 
classes and the eight open-circuit fault classes independently, assigning 
𝑁fault = 6250 sequences to each individual fault type. This yields 50, 000
sequences for the Level 2 short-circuit model and 50, 000 sequences for 
the Level 2 open-circuit model, each with a uniform distribution across 
the eight switches. Based on the duration and sampling of the original 
recordings across all scenarios, more than 106 overlapping sequences 
could be generated; however, we deliberately subsample this larger 
pool to the balanced set of 150, 000 sequences used in our experiments 
in order to control memory usage and training time while preserving 
representativeness of all fault classes.

3.2.2. Quantile normalization
Quantile normalization offers advantages for fault detection appli-

cations due to its robustness to outliers and effectiveness with non-
Gaussian distributions often encountered in fault data. Based on the 
scikit-learn documentation, the quantile transformation process can be 
summarized as follows [38]:
Step 1: For each feature 𝑋, estimate its empirical cumulative distribu-
tion function (ECDF): 

𝐹𝑋 (𝑥) =
1
𝑛

𝑛
∑

𝑖=1
𝟏(𝑋𝑖 ≤ 𝑥) (12)

Step 2: For each observed value, compute the estimated quantile: 

𝑞𝑖 =
rank(𝑥𝑖) − 0.5

𝑛
(13)

Step 3: Transform each quantile to the corresponding value in the 
target distribution: 

𝑦𝑖 = 𝛷−1(𝑞𝑖) (14)

where 𝛷−1 is the inverse CDF of the standard normal distribution. 
When applying this to multivariate time series data, we transform each 
feature independently: 

𝑋̃𝑗,𝑡 = 𝛷−1(𝐹𝑋𝑗
(𝑋𝑗,𝑡)) (15)

Remark. Applying quantile normalization compared to regular Min–
Max normalization yields improvement across different models. Conse-
quently, it is adopted as the normalization approach in our methodol-
ogy.
6 
Fig. 7. Sequence-to-label data classification: (a) Three-phase output voltages 
(b) Neutral current.

3.3. Proposed 2-level hierarchical transformer-based model

To effectively classify faults in four-leg inverters, we propose a 
hierarchical approach consisting of two classification levels, as shown 
in Fig.  8. The first level determines whether the system is operating 



J. Heidari et al. International Journal of Electrical Power and Energy Systems 175 (2026) 111607 
Fig. 8. Two-level hierarchical fault diagnosis.
Fig. 9. Schematic diagram of Transformer model.
normally or experiencing a fault, and if a fault is detected, identifies 
its general category (short-circuit or open-circuit). The second level 
precisely identifies which of the eight switches has failed. This hierar-
chical structure simplifies the classification problem at each stage and 
improves overall accuracy. Each model in our hierarchical structure is 
implemented using a customized Transformer architecture optimized 
for time-series classification.

The Transformer algorithm is a technique for processing sequential 
data without the use of convolutional or recurrent layers. The model 
learns how elements of a sequence depend on each other using a 
mechanism called attention. The model has a sequence-to-sequence 
structure composed of an encoder and a decoder. An encoder replaces 
input tokens with context vectors based on their sequence of input 
tokens. A decoder receives a sequence of output tokens and creates a 
sequence of vectors. Using the output of the decoder, the final output is 
produced [39]. Fig.  9 shows the architecture of a baseline transformer 
model. The core block here is a transformer block, which contains a 
multi-head self-attention layer and then a feed-forward neural network.

To provide sequence order information, we applied sinusoidal po-
sitional encoding to the inputs before the attention mechanism, since 
Transformers do not inherently capture temporal context. The encoding 
7 
is defined as

𝑃𝐸2𝑖(𝑝) = sin
(

𝑝
100002𝑖∕𝑑𝑝𝑜𝑠

)

, (16)

𝑃𝐸2𝑖+1(𝑝) = cos
(

𝑝
100002𝑖∕𝑑𝑝𝑜𝑠

)

, (17)

where 𝑝 denotes the position in the sequence, 𝑑𝑝𝑜𝑠 is the embedding 
dimension, and 𝑖 ∈

{

0, 1,… ,
𝑑𝑝𝑜𝑠
2 − 1

}

. This encoding allows the 
model to distinguish between different time steps while maintaining a 
fixed dimensionality. After applying positional encoding, the attention 
mechanism is employed. Each transformer block can be formalized as:

Attention(𝑄,𝐾, 𝑉 ) = sof tmax
(

𝑄𝐾𝑇
√

𝑑𝑘

)

𝑉 ,

MultiHead(𝑄,𝐾, 𝑉 ) = Concat(head1,… , headℎ)𝑊 𝑂 ,

head𝑖 = Attention(𝑄𝑊 𝑄
𝑖 , 𝐾𝑊 𝐾

𝑖 , 𝑉 𝑊 𝑉
𝑖 ).

(18)

where 𝑄, 𝐾, and 𝑉  correspond to the queries, keys, and values 
matrices, respectively, while 𝑊 𝑄

𝑖 , 𝑊 𝐾
𝑖 , 𝑊 𝑉

𝑖 , and 𝑊 𝑂 are learnable 
parameter matrices. The division by √𝑑𝑘 serves as a scaling factor 
to stabilize training, where 𝑑𝑘 denotes the key vectors’ dimension. 
Following each attention layer, we employ a two-layer feed-forward 
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Table 1
Transformer architecture and training hyperparameters used in the proposed fault diagnosis models.
 Component Configuration  
 Number of Transformer blocks 2  
 Embedding dimension 28 (equal to the input feature dimension)  
 Number of attention heads 2  
 Feed-forward dimension 128  
 Dropout rate 0.2 (applied to attention, feed-forward, and dense layers) 
 Pooling layer Global average pooling over the temporal dimension  
 Feature dense layer 128 neurons, ReLU activation  
 Output layer (Level 1) 3 neurons, softmax (normal/short-circuit/open-circuit)  
 Output layer (Level 2, short-circuit) 8 neurons, softmax (switches 𝑆1–𝑆8)  
 Output layer (Level 2, open-circuit) 8 neurons, softmax (switches 𝑆1–𝑆8)  
 Optimizer Adam, learning rate 10−3  
 Loss function Sparse categorical cross-entropy  
 Batch size 64  
 Number of epochs 25  
network with a ReLU activation function: 
FFN(𝑥) = max(𝑥𝑊1 + 𝑏1, 0)𝑊2 + 𝑏2 (19)

Both the attention output and feed-forward network output are 
processed through layer normalization and residual connections to 
enhance training stability and convergence. Additionally, dropout with 
a rate of 0.2 is applied to prevent overfitting. To extract meaning-
ful features from the sequence, a Global Average Pooling operation 
aggregates information across the temporal dimension, producing a 
fixed-size representation that is then passed through a dense layer with 
128 neurons before the final classification layer. In this work, all three 
classifiers in the hierarchical structure (Level 1, Level 2 short-circuit, 
and Level 2 open-circuit) share the same Transformer backbone, and 
their main architectural and training hyperparameters are summarized 
in Table  1.

3.4. Performance evaluation metrics

To evaluate the proposed fault diagnosis system, we employ stan-
dard classification metrics as follows: 
Accuracy = 𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
(20)

Recall = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

(21)

Precision = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

(22)

𝐹1 = 2 ⋅ Precision ⋅ Recall
Precision + Recall

(23)

where TP, FP, TN, and FN represent true positive, false positive, true 
negative, and false negative predictions, respectively [40]. For the 
two-level hierarchical structure, the overall accuracy is defined as the 
proportion of samples correctly classified at both hierarchical levels. 
Furthermore, to visualize the high-dimensional feature spaces learned 
by our models, we employ t-distributed Stochastic Neighbor Embedding 
(t-SNE), a dimensionality reduction technique particularly effective 
for visualizing complex datasets. The t-SNE algorithm minimizes the 
Kullback–Leibler divergence between two distributions: a t-distribution 
representing pairwise similarities in the low-dimensional embedding 
space and a Gaussian distribution representing pairwise similarities 
in the high-dimensional space. In the high-dimensional space, the 
similarity between points 𝑥𝑖 and 𝑥𝑗 is determined by [41]: 

𝑝𝑗|𝑖 =
exp

(

−‖𝑥𝑖 − 𝑥𝑗‖2∕2𝜎2𝑖
)

∑

𝑘≠𝑖 exp
(

−‖𝑥𝑖 − 𝑥𝑘‖2∕2𝜎2𝑖
) (24)

where 𝜎𝑖 denotes the variance of the Gaussian centered at point 𝑥𝑖. 
The similarity between the corresponding points 𝑦𝑖 and 𝑦𝑗 in the 
low-dimensional space is modeled using a t-distribution: 

𝑞𝑖𝑗 =

(

1 + ‖𝑦𝑖 − 𝑦𝑗‖2
)−1

∑
(

2
)−1

(25)

𝑘≠𝑙 1 + ‖𝑦𝑘 − 𝑦𝑙‖

8 
Fig. 10. Hardware-in-the-loop setup.

The optimal low-dimensional representation is obtained by min-
imizing the Kullback–Leibler divergence between these distributions: 

KL(𝑃 ∥ 𝑄) =
∑

𝑖≠𝑗
𝑝𝑖𝑗 log

𝑝𝑖𝑗
𝑞𝑖𝑗

(26)

where 𝑝𝑖𝑗 is the symmetrized high-dimensional similarity (𝑝𝑖𝑗 =
𝑝𝑗|𝑖+𝑝𝑖|𝑗

2𝑁 ). 
In our implementation, we reduce the high-dimensional feature space 
to three dimensions (labeled as Dimension 1, Dimension 2, and Dimen-
sion 3) using t-SNE with a perplexity value of 30 in scikit-learn.

4. Results and discussion

The system under study is implemented in Simulink and OPAL-
RT to extract data. The hardware-in-the-loop setup is shown in Fig. 
10. Several operation points are considered, as explained in the Data 
Extraction section. Fig.  11 shows different current and voltage features 
when there is a short-circuit fault on switches 𝑆1 and an open-circuit 
fault on switches 𝑆2 as two examples.

4.1. Level-1 performance

The first level of the proposed hierarchical fault diagnosis system 
classifies the operating condition into three categories: normal op-
eration, short-circuit fault, and open-circuit fault. Fig.  12 illustrates 
the effectiveness of the transformer algorithm in creating a separable 
embedding space, where normal operation (blue), short-circuit faults 
(orange), and open-circuit faults (green) form distinct clusters that can 
be easily distinguished by the classifier. The clear separation between 
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Fig. 11. Features under different fault conditions: (a) Short-circuit fault on Switch 𝑆1, (b) Open-circuit fault on Switch 𝑆2.
Table 2
Level-1 Transformer Model Performance.
 Actual Predicted Recall (%) F1 (%)  
 N.O S-C.F O-C.F  
 N.O 4997 0 3 99.94 99.68  
 S-C.F 11 4988 1 99.76 99.88  
 O-C.F 18 0 4982 99.64 99.78  
 Precision (%) 99.42 100.00 99.92 Accuracy = 99.78%
N.O = Normal Operation; S-C.F = Short-Circuit Fault; O-C.F = Open-Circuit Fault.

these clusters demonstrates the model’s ability to extract meaningful 
features from the data, enabling highly accurate fault classification. 
Table  2 presents the comprehensive performance metrics of the Level-
1 Transformer model on the test dataset. The Level-1 model achieves 
a classification accuracy of 99.78% on the test dataset. The confusion 
matrix reveals that the model rarely misclassifies faults. Notably, the 
model achieves perfect precision (100%) in identifying short-circuit 
faults, indicating no false positives for this critical fault type. The high 
F1-scores across all three classes (99.68% for normal operation, 99.88% 
for short-circuit faults, and 99.78% for open-circuit faults) demonstrate 
the balanced performance of the model in terms of both precision and 
recall.
9 
4.2. Level-2 short-circuit performance

After a fault is classified as a short-circuit, the Level-2 model identi-
fies which specific switch has failed. Fig.  13 illustrates how the Trans-
former algorithm effectively separates the embedding space for differ-
ent short-circuit fault locations. Table  3 presents the detailed perfor-
mance metrics for the Level-2 short-circuit fault localization model. The 
model achieves an overall accuracy of 99.58% on the test dataset. The 
confusion matrix reveals reliable performance with very few misclassi-
fications across all switches. The consistently high F1-scores across all 
switches (ranging from 99.44% to 99.68%) demonstrate the model’s 
balanced performance in terms of both precision and recall.

4.3. Level-2 open-circuit performance

Following the identification of an open-circuit fault by the Level-1 
model, the Level-2 open-circuit model precisely determines which of 
the eight switches has failed. Fig.  14 illustrates the Transformer algo-
rithm’s embedding space for open-circuit fault classification through 
t-SNE visualization. The visualization reveals well-separated clusters 
corresponding to faults in different switches. Table  4 presents the 
comprehensive performance metrics of the Level-2 open-circuit fault 
localization model. The model achieves an overall accuracy of 99.90% 
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Fig. 12. Embedding space for Level-1.
Fig. 13. Embedding space for level-2 short-circuit.
Table 3
Level-2 Transformer Model Performance for Short-circuit Fault Localization.
 Actual Switch Predicted Switch Recall (%) F1 (%)  
 1 2 3 4 5 6 7 8  
 1 620 0 0 0 0 3 0 2 99.20 99.52  
 2 0 620 0 5 0 0 0 0 99.20 99.44  
 3 1 1 621 0 0 0 2 0 99.36 99.68  
 4 0 0 0 625 0 0 0 0 100.00 99.52  
 5 0 0 0 1 622 2 0 0 99.52 99.60  
 6 0 0 0 0 0 625 0 0 100.00 99.52  
 7 0 1 0 0 0 1 623 0 99.68 99.68  
 8 0 0 0 0 2 0 0 623 99.68 99.68  
 Precision (%) 99.84 99.68 100.00 99.05 99.68 99.05 99.68 99.68 Accuracy = 99.58%
on the test dataset, slightly outperforming even the short-circuit fault 
classification results. The confusion matrix reveals near-perfect classifi-
cation across most switches, with several switches (1, 2, 4, 5, 7, and 
8) achieving perfect recall rates of 100%, indicating that the model 
never misses faults in these components. The precision values are 
equally promising, with multiple switches (2, 3, 4, 5, and 6) achieving 
perfect precision scores (100%), indicating zero false positives for 
these components. The high F1-scores across all switches (ranging from 
10 
99.76% to 100.00%) demonstrate the model’s balanced and consistent 
performance across all switches.

4.4. Performance comparison of different algorithms

In this section, a performance analysis of various machine learning 
algorithms for fault diagnosis is presented, including KNN (k-nearest 
neighbor algorithm), RF (random forest), MLP (multi-layer perceptron), 
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Fig. 14. Embedding space for level-2 open-circuit.
Table 4
Level-2 Transformer Model Performance for Open-circuit Fault Localization.
 Actual Switch Predicted Switch Recall (%) F1 (%)  
 1 2 3 4 5 6 7 8  
 1 625 0 0 0 0 0 0 0 100.00 99.84  
 2 0 625 0 0 0 0 0 0 100.00 100.00  
 3 0 0 623 0 0 0 2 0 99.68 99.84  
 4 0 0 0 625 0 0 0 0 100.00 100.00  
 5 0 0 0 0 625 0 0 0 100.00 100.00  
 6 2 0 0 0 0 622 0 1 99.52 99.76  
 7 0 0 0 0 0 0 625 0 100.00 99.84  
 8 0 0 0 0 0 0 0 625 100.00 99.92  
 Precision (%) 99.68 100.00 100.00 100.00 100.00 100.00 99.68 99.84 Accuracy = 99.90%
CNN (Convolutional Neural Network), LSTM (Long Short-Term Mem-
ory), and TR (Transformer), with their associated sequence-to-label (SL) 
structure. As shown in Fig.  15 and Table  5, SL variants consistently 
outperform their conventional counterparts across all metrics, while 
requiring longer training times. It should be noted that the single-
level KNN algorithm is conceptually similar to the approach developed 
in [31], but in this work it is evaluated under more demanding scenar-
ios with unbalanced load conditions. To provide an indicative measure 
of model complexity, we also report the approximate model sizes used 
in this study, excluding KNN, which is non-parametric. The RF models 
are characterized by their tree structure and contain approximately 
4 × 105 total leaf nodes at Level 1 and about 2 × 105 total leaf nodes 
in each Level 2 model. The MLP models have approximately 3 × 105

trainable parameters per level, the CNN models approximately 3.2×104
trainable parameters per level, the LSTM models approximately 1.6×105
trainable parameters per level, and the TR models approximately 3.2 ×
104 trainable parameters per level. The reported parameter counts are 
obtained directly from the implemented TensorFlow/Keras models by 
summing all trainable weights and biases. More extensive architectures 
with a larger number of trainable parameters are considered for the 
MLP and LSTM models (to examine whether increased model capacity 
impacts performance), whereas the CNN and TR-based models are 
designed with approximately similar parameter counts.

The SL-TR model achieves the highest single-level accuracy
(99.02%) and two-level accuracy (99.53%), followed closely by SL-
LSTM (98.88% and 99.47%) and SL-CNN (98.74% and 98.63%). Com-
paring LSTM and TR models, the baseline LSTM demonstrates faster 
training and inference times than baseline TR; however, the strong 
accuracy of SL-LSTM is achieved with a larger parameter count than 
the TR models. Notably, increasing the MLP capacity does not yield 
a similar gain, indicating that explicit temporal modeling, rather than 
11 
simply adding parameters, is the key driver of performance improve-
ment. The CNN models provide a competitive accuracy level while 
maintaining relatively low inference times (0.08–0.11ms across the 
three levels); compared to TR, CNN achieves lower accuracy but offers 
faster inference. The hierarchical approach affects algorithms differ-
ently: for models with limited sequential pattern recognition (KNN, 
MLP), the two-level approach yields reduced performance, whereas 
sequence-based deep models (CNN/LSTM/TR) maintain high accuracy, 
with LSTM and TR benefiting most and SL-CNN showing a small 
reduction in two-level accuracy relative to its single-level result. From 
a computational perspective, Table  5 indicates that the SL variants 
consistently improve accuracy at the cost of higher training time, while 
inference remains in the sub-millisecond range for all deep models and 
is particularly small for tree-based models (RF) due to their lightweight 
decision structure. In summary, SL-TR offers the best overall accuracy, 
SL-CNN provides a strong accuracy–latency trade-off, and SL-LSTM 
remains highly accurate with higher computational cost.

4.5. Discussion

A comparative analysis between the proposed approach and existing 
fault diagnosis methods is presented in Table  6. It should be noted that 
this comparison does not include all existing studies on fault detection 
systems in three-leg inverters, as the literature in this area is extensive. 
Rather, the focus is primarily on recent and relevant approaches, 
with particular emphasis on four-leg inverters. Most existing studies, 
including Diao et al. [13], Xu et al. [15], Singh et al. [22], Fezai 
et al. [23], Feng et al. [24], and Si et al. [25], considered three-leg 
inverters. Regarding DC link configurations, most research, including 
the works by Diao et al. [13], Xu et al. [15], Feng et al. [24], Si 
et al. [25], Xu et al. [30], and Peykarporsan et al. [31], employed ideal 
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Fig. 15. Accuracy comparison of different algorithms.
Table 5
Performance comparison of different algorithms and their sequence-to-label variants.
 Model Single-level Acc. Level-1 Level-2 S - C.F Level-2 O -C.F Two-level Acc. 
 Acc. F1 TT/Inf Acc. F1 TT/Inf Acc. F1 TT/Inf  
 KNN 0.87213 0.9283 0.9277 0.18/0.12 0.8870 0.8873 0.11/0.06 0.9136 0.9135 0.11/0.08 0.8363  
 SL-KNN 0.96453 0.9716 0.9718 7.70/0.23 0.9812 0.9812 3.47/0.07 0.9886 0.9886 3.15/0.09 0.9518  
 RF 0.94600 0.9765 0.9765 23.38/0.0038 0.9514 0.9514 4.95/0.0085 0.9650 0.9651 4.97/0.0087 0.9356  
 SL-RF 0.96220 0.9822 0.9823 41.05/0.0090 0.9974 0.9974 7.91/0.0150 0.9986 0.9986 9.52/0.0178 0.9802  
 MLP 0.95287 0.9847 0.9847 137/0.04 0.9370 0.9372 43.2/0.06 0.9700 0.9700 44.7/0.07 0.9252  
 SL-MLP 0.97307 0.9855 0.9855 207/0.05 0.9780 0.9780 90.4/0.07 0.9814 0.9816 81.5/0.07 0.9626  
 CNN 0.9429 0.9873 0.9873 225/0.08 0.9406 0.9406 69/0.07 0.9730 0.9730 64/0.06 0.9446  
 SL-CNN 0.9874 0.9934 0.9934 430/0.08 0.9902 0.9901 143/0.10 0.9956 0.9956 159/0.11 0.9863  
 LSTM 0.95587 0.9837 0.9837 154/0.09 0.9462 0.9463 53.7/0.24 0.9732 0.9732 54.0/0.19 0.9499  
 SL-LSTM 0.98880 0.9976 0.9976 1545/0.31 0.9946 0.9946 442/0.42 0.9988 0.9988 411/0.41 0.9947  
 TR 0.94600 0.9860 0.9860 317/0.10 0.9420 0.9422 109/0.16 0.9674 0.9673 113/0.13 0.9399  
 SL-TR 0.99020 0.9978 0.9978 1023/0.28 0.9958 0.9958 374/0.32 0.9990 0.9990 386/0.33 0.9953  
TT = Training time (s); Inf = Inference time (ms); Acc. = Accuracy; S-C.F = Short-Circuit Fault; O-C.F = Open-Circuit Fault.
DC supplies, which simplifies the fault diagnosis problem but reduces 
practical relevance. However, Singh et al. [22] and Fezai et al. [23] 
incorporated renewable energy sources in their DC link configura-
tions. Regarding load conditions, Xu et al. [30] and the present work 
consider unbalanced loads, which represent a significant challenge in 
real-world stand-alone applications, while many other studies assume 
balanced loading. Concerning fault types, most studies primarily focus 
on open-circuit faults, while short-circuit faults—equally critical in 
practice—are addressed in works by Fezai et al. [23], Feng et al. [24], 
Peykarporsan et al. [31], and our proposed approach.

A closer comparison with the most relevant four-leg inverter stud-
ies, namely Xu et al. [30] and our previous work in Peykarporsan 
et al. [31], further clarifies the novelty of the present contribution. 
Xu et al. [30] propose a sliding-mode-observer-based diagnosis scheme 
for open-circuit faults in a four-leg inverter under unbalanced load 
conditions, but they employ an ideal DC source and do not consider DC-
link voltage variations or short-circuit faults. In Ref. [31], a KNN-based 
classifier (similar to single-level KNN algorithm in Table  5) is used for 
four-leg inverter fault detection with an ideal DC supply and balanced 
load conditions, based solely on MATLAB/Simulink simulations and 
a limited set of operating points. In contrast, the present work con-
siders a stand-alone WECS with a combined wind-turbine–battery DC 
link, explicitly exposing the fault diagnosis system to DC-link voltage 
variations, and covers both open-circuit and short-circuit faults across 
a wide range of balanced and unbalanced operating points. From a 
data extraction and evaluation perspective, the proposed method builds 
an extensive offline dataset from real-time hardware-in-the-loop fault 
scenarios and then trains and assesses the classifiers on this common 
12 
dataset. By comparison, Xu et al. [30] focuses on online fault detection 
schemes, without systematically reporting performance across a simi-
larly broad range of operating points. It should be noted that, to the 
best of the authors’ knowledge, a hierarchical fault diagnosis system 
has not been investigated in the literature, despite our analysis showing 
that it can enhance overall accuracy.

From an algorithmic perspective, Table  5 shows that the sequence-
to-label Transformer (SL-TR) achieves the highest single-level accu-
racy (99.02%), while its two-level hierarchical counterpart reaches 
an overall accuracy of 99.53%. The improvement is mainly due to 
decomposing the task into a high-level, three-class decision at Level 1 
(normal/short-circuit/open-circuit), followed by specialized Level 2 
models that focus solely on localizing the faulty switch within a given 
fault family. This decomposition reduces class confusion near decision 
boundaries and allows the Level 2 Transformers to learn more fine-
grained patterns without having to simultaneously separate normal 
operation from all fault types. At the same time, the results indicate that 
sequence-to-label modeling is itself a dominant factor in achieving high 
accuracy. For temporal sequential models, the hierarchical structure 
primarily enhances the accuracy, while non-sequential classifiers such 
as KNN and MLP do not consistently benefit from hierarchy and, in 
some cases, exhibit slightly lower two-level accuracy than their single-
level counterparts. Overall, these results suggest that the hierarchical 
design is most effective when combined with sliding-label, temporal 
feature learning, as realized in the SL-LSTM and SL-TR architectures.

The confusion matrices for Level 1 and Level 2 do not reveal 
any specific operating point (in terms of wind speed, load unbalance, 
or fault timing) where the proposed hierarchical Transformer-based 
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Table 6
Comparison with related works.
 Ref. Inverter Technique DC Link Load S-C.F O-C.F H.S 
 [13] Three-leg Model Flux Observer DC Supply Balanced 7 3 7  
 [15] Three-leg Sliding Mode Observer DC Supply Balanced 7 3 7  
 [22] Three-leg Random Forrest PV Balanced 7 3 7  
 [23] Three-leg Random Forrest WTG Balanced 3 3 7  
 [24] Three-leg Long Short-Term Memory DC Supply Balanced 3 3 7  
 [25] Three-leg Long Short-Term Memory DC Supply Balanced 7 3 7  
 [30] Four-leg Sliding Mode Observer DC Supply Balanced/Unbalanced 7 3 7  
 [31] Four-leg K-nearest Neighbor DC Supply Balanced 3 3 7  
 Proposed Four-leg Sequence-to-label Transformer WTG+Battery Balanced/Unbalanced 3 3 3  
S-C.F = Short-Circuit Fault; O-C.F = Open-Circuit Fault; H.S = Hierarchical Structure.
scheme systematically struggles; the few misclassifications are rare and 
not concentrated in a particular region of the operating space. Further-
more, regarding robustness to noise and sensor errors, the present setup 
emulates ideal measurement channels, so no explicit measurement 
noise or sensor bias has been injected into the data. As a consequence, 
the reported performance metrics primarily reflect the classification 
capability under numerically accurate signals rather than under real-
istic sensor distortions. Nonetheless, the combination of quantile-based 
normalization and sequence-to-label modeling provides some inherent 
robustness to moderate amplitude variations and outliers.

In terms of generalization to unseen operating profiles, the training, 
validation, and test sets are constructed from disjoint cases, each corre-
sponding to different combinations of wind speeds, load configurations 
(including balanced and unbalanced conditions), and fault occurrence 
times. A large number of operating points are initially generated during 
the data extraction stage; however, to ensure balanced learning across 
classes, a balanced downsampling strategy is applied. This approach 
has two important implications. First, the retained dataset still spans a 
wide and diverse range of operating conditions, allowing the model to 
learn representative temporal patterns and achieve high generalization 
performance on the held-out test data. Second, because downsam-
pling is performed across operating points, many additional operating 
scenarios present in the original dataset are intentionally excluded 
from the final training and testing sets. Despite this reduction, the 
consistently high test accuracies indicate that the proposed hierarchi-
cal Transformer-based scheme generalizes well within the considered 
operating conditions. Nevertheless, generalization to operating points 
that fall entirely outside these conditions, such as significantly different 
wind profiles, load dynamics, or converter parameter sets, has not been 
explicitly validated and would require further investigation.

5. Conclusion

In this study, a hierarchical, data-driven approach based on a trans-
former algorithm is proposed for diagnosing faults in a four-leg in-
verter connected to a stand-alone wind energy system. Initially, a 
diverse range of operating points is considered to ensure that the 
developed model is generalizable and capable of detecting both short-
circuit and open-circuit faults under various scenarios. The datasets are 
obtained using a hardware-in-the-loop OPAL-RT simulator to closely 
mimic real-world conditions. The results demonstrate that the pro-
posed transformer-based model outperforms other machine learning 
algorithms. Moreover, the two-level hierarchical structure is shown 
to be more effective than a single-level approach. For future work, 
potential extensions include the systematic study of measurement noise 
and sensor inaccuracies, the consideration of multiple simultaneous and 
cascading switch faults, the implementation of the proposed hierarchi-
cal Transformer-based diagnosis scheme on FPGA or similar real-time 
embedded platforms, and the investigation of additional fault types 
such as wear-out or degradation-related faults.
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