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Abstract

Fault diagnosis in power electronic systems is challenging when fault categories geometrically
overlap within the measurement space, limiting class separability and introducing classi-
fication ambiguity. This work proposes an edge-oriented hybrid fault-space restructuring
methodology that utilizes UMAP-based embeddings and hierarchical clustering to group
overlapping fault conditions into robust hybrid representations. Subsequently, supervised ma-
chine learning models execute the final classification over this optimized space. Validation was
conducted using a large-scale synthetic dataset generated via real-time hardware-in-the-loop
(HIL) simulation, evaluating electrical measurements from three-dimensional RMS values
to 60-dimensional instantaneous waveforms. Tested with Decision Tree and Random Forest
algorithms, the restructuring strategy significantly improves robustness under geometric
ambiguity compared to conventional classification without space restructuring. Specifically,
low-dimensional measurements achieved F1-score improvements of approximately 72% and
46% for the Decision Tree and Random Forest algorithms, respectively, while high-dimensional
measurement configurations still exhibited significant improvements of 36% and 52%. Conse-
quently, these results confirm that the combined restructuring and classification pipeline is
highly effective across the analyzed measurement dimensionalities, establishing a dependable
cluster-based diagnostic strategy that enhances classification robustness while accepting a
trade-off in individual fault-isolation granularity. Finally, hardware deployment experiments
on a Raspberry Pi 4 platform demonstrated the feasibility of executing the trained classifiers
for real-time inference under constrained computational environments. The experimental
evaluation validated real-time execution capabilities, achieving sub-millisecond inference
latencies (as low as 0.32 ms), a memory footprint under 0.14 MB, and processing rates exceed-
ing 2600 inferences per second using lightweight Decision Tree classifiers. Ultimately, these
findings indicate that the proposed strategy improves fault detection across the evaluated
measurement configurations while ensuring a highly viable execution on resource-constrained
devices once the classifiers are trained.

Keywords: power electronics; fault diagnosis; UMAP; geometric fault analysis; machine
learning; edge deployment
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1. Introduction
Power electronic converters play a critical role in modern energy systems, including

renewable energy generation, electric mobility, and distributed energy resources. Their
reliability directly impacts system availability, safety, and operational costs. Consequently,
condition monitoring and predictive maintenance strategies have become essential to
ensure the continuous and efficient operation of these systems.

In industrial environments, monitoring infrastructures are typically built upon Super-
visory Control and Data Acquisition (SCADA) systems and related supervisory platforms.
These solutions provide reliable plant-level supervision, long-term data storage, and cen-
tralized control capabilities. However, they are mainly designed for steady-state operation
and low-frequency data acquisition [1], which limits their ability to capture the fast elec-
trical and thermal dynamics associated with degradation processes in power electronic
components. As a result, relevant information for early fault detection and accurate State-
of-Health (SoH) estimation may remain hidden within high-frequency signals that are not
fully exploited [2].

At the same time, the increasing availability of embedded sensing and high-resolution
measurements in power converters has led to a significant growth in the volume of opera-
tional data [3]. While these data streams contain valuable information about the internal
behavior of the system, a key challenge lies in transforming raw measurements into ac-
tionable knowledge. In current practice, this transformation is often performed offline,
separating data acquisition from data interpretation and limiting the ability to react in real
time to abnormal conditions [4], as condition monitoring approaches frequently involve
post-processing of acquired data, with limited capability for real-time interpretation [5].

In response to these limitations, recent research has explored distributed monitoring
architectures based on IoT and microservices paradigms to improve the scalability and de-
ployment flexibility of monitoring systems [6]. These architectures enable the integration of
multiple data sources and facilitate the management of complex monitoring environments.
However, despite these architectural advancements, existing solutions often emphasize
data collection and storage functionalities, while the integration of advanced analysis and
decision-making within the real-time monitoring loop remains limited [7].

Nevertheless, the fault diagnosis problem in power electronic systems remains par-
ticularly challenging due to the existence of partially overlapping operating conditions
within the measurement space [8]. Different fault categories may exhibit highly similar
electrical behavior, especially under noisy or dynamic operating conditions [9], reducing
fault separability and increasing inter-fault confusion during supervised classification.

In this context, machine learning techniques have demonstrated strong capabilities
for identifying complex patterns and extracting discriminative information from high-
dimensional measurement data in power electronic systems [10]. However, their applica-
tion is commonly restricted to offline environments or centralized computing infrastruc-
tures, which introduces latency and reduces system autonomy [11].

Edge computing has emerged as a promising approach to address these limitations
by enabling local data processing and supporting near-real-time decision-making at the
monitoring node. Within the paradigm of edge intelligence [12], deploying artificial
intelligence models on resource-constrained devices, such as Raspberry Pi platforms,
enables data processing closer to the source, reducing response times and mitigating the
impact of communication constraints [13,14]. However, integrating edge-based intelligence
into distributed monitoring systems for power converters, while maintaining scalability
and data reliability, remains a challenging task, as it involves balancing computational
constraints, data management requirements, and timing constraints inherent to power
electronic systems.
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Although machine learning has significantly improved fault diagnosis capabilities,
different fault categories may still exhibit overlapping geometric distributions within the
measurement space. In such cases, increasing model complexity alone may not resolve
the ambiguity, since the limitation arises from the separability of the measurements rather
than from the learning algorithm itself. Consequently, improving diagnostic performance
may require adapting the diagnostic label space to the information actually contained
in the measurements before supervised learning is performed. This paper investigates
a geometry-aware diagnostic methodology that restructures the diagnostic label space
according to the geometric relationships identified within the selected measurement space.
The proposed approach combines fault-space restructuring based on UMAP projections
and hierarchical clustering with machine learning inference evaluated under edge-oriented
deployment conditions. Additionally, the methodology decouples model training and
inference, allowing computationally intensive learning tasks to be performed offline, while
inference feasibility is analyzed on resource-constrained embedded platforms.

The main contributions of this work are as follows:

• A geometry-aware fault-space restructuring methodology, based on UMAP and hier-
archical clustering, that identifies fault categories with limited geometric separability
and automatically restructures the diagnostic label space before supervised learning.

• An edge-oriented diagnostic strategy where the optimized fault-space representations
enable lightweight machine learning classifiers to be trained offline and subsequently
deployed for real-time inference on resource-constrained hardware.

• A comprehensive experimental validation of the proposed methodology using a
large-scale hardware-in-the-loop (HIL) synthetic dataset, evaluating its diagnostic
performance across three measurement dimensionalities and verifying its real-time
execution viability on an embedded hardware platform.

The rest of this manuscript is organized as follows. Section 2 reviews related work
on condition monitoring, machine learning-based fault diagnosis, distributed monitoring
architectures, and edge computing in power electronic systems. Section 3 describes the
real-time simulation environment and dataset generation process. Section 4 presents the
proposed hybrid fault-space restructuring methodology. Section 5 provides the experi-
mental validation, including geometric fault-space analysis, classification performance
evaluation, and edge-oriented inference experiments on a Raspberry Pi 4 platform. Sec-
tion 6 discusses the limitations of the proposed approach. Finally, Section 7 summarizes
the main conclusions and future research directions.

2. Related Works
Condition monitoring and fault diagnosis in power electronic converters have

been extensively studied due to the critical role of these systems in modern energy
applications [15–17]. Traditional approaches are typically based on physics-based models
and the observation of key electrical and thermal variables to estimate degradation and
predict failures [18–20]. These methods rely on predefined failure models and often require
detailed knowledge of device behavior, which can be difficult to obtain in complex and
dynamic operating conditions [21,22].

With the increasing availability of sensing capabilities, data-driven approaches have
gained significant attention in recent years [23,24]. Machine learning techniques have
been successfully applied to condition monitoring tasks, including fault detection [25],
classification [26], and remaining useful life estimation [27] in power electronic systems.
These approaches are particularly effective in capturing nonlinear relationships and extract-
ing patterns from high-dimensional data. However, most existing implementations [28]
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are designed for offline analysis or centralized processing environments, limiting their
applicability in real-time scenarios.

Despite the promising performance of machine learning techniques, fault diagnosis in
power electronic systems remains challenging when different operating conditions exhibit
partially overlapping measurement distributions. Under these scenarios, geometrically
similar fault categories may generate highly correlated electrical responses, reducing fault
separability and increasing inter-fault confusion during supervised classification [8,9]. Con-
ventional dimensionality reduction techniques, such as Principal Component Analysis
(PCA) or linear projections, often fail to resolve this intrinsic geometric ambiguity, leav-
ing residual misclassifications that compromise diagnostic reliability [29]. Consequently,
improving fault separability within the measurement space has become an important
challenge for robust data-driven fault diagnosis.

In parallel, the development of Industrial IoT technologies has enabled the deploy-
ment of distributed monitoring systems capable of collecting data from multiple sources.
Microservices-based architectures [30] have been proposed to improve scalability, modular-
ity, and flexibility in monitoring platforms. These architectures decouple data acquisition,
processing, and storage components, facilitating the integration of heterogeneous devices
and communication protocols. Nevertheless, they are often primarily oriented toward
management, while advanced analytics and decision-making are typically performed in
external or offline processing layers.

More recently, large-scale industrial models and large language models (LLMs) have
attracted increasing attention in fault diagnosis research [31]. These approaches aim
to exploit the reasoning and knowledge-integration capabilities of foundation models
to improve diagnostic adaptability under variable operating conditions. For example,
adaptive industrial LLMs have been explored for mechanical fault diagnosis [32], providing
a promising direction for knowledge-assisted and context-aware industrial diagnosis.

However, these methods usually involve computational requirements and deployment
assumptions that differ from the edge-oriented scenario considered in this work. In contrast,
the present study focuses on lightweight supervised classifiers trained offline and deployed
on resource-constrained hardware, while diagnostic robustness is improved through fault-
space restructuring based on the geometric separability of the selected measurements.

Recent research has explored the use of edge computing to address the limitations of
centralized processing by enabling data analysis closer to the source [33,34]. Edge-based
solutions reduce communication latency and improve system responsiveness, making them
suitable for time-sensitive applications. In the context of power electronics, edge computing
has been applied to monitoring [18] and control [35] tasks, as well as to the deployment of
lightweight machine learning models [36]. Despite these advances, integrating edge-based
intelligence into distributed monitoring architectures while ensuring scalability, reliability,
and efficient resource utilization remains a significant challenge.

In summary, although significant progress has been made in condition monitoring,
data-driven diagnostics, and distributed architectures, a critical gap persists between
multi-dimensional data acquisition, geometric space optimization, and low-latency edge
decision-making [23]. This work addresses these limitations through a fault diagnosis
methodology that combines fault-space restructuring with supervised machine learning
models trained offline and evaluated on resource-constrained embedded platforms.

3. Real-Time Simulation and Dataset
3.1. Real-Time Simulation Environment

Due to the absence of publicly available datasets containing comprehensive fault mea-
surements for multiple power-converter operating conditions and fault sources, a real-time
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simulation environment has been developed to generate the dataset used throughout this
work. The proposed approach enables the controlled generation of electrical disturbances
and fault conditions under reproducible operating scenarios while preserving the dynamic
behavior of the converter system.

For this purpose, a detailed converter model was deployed in a Typhoon HIL HIL606
real-time simulator, which emulates the electrical behavior of the power stack and enables
controlled fault injection under realistic operating conditions. The simulator continuously
generates electrical measurements that are transmitted through UDP to a dedicated data
acquisition platform for subsequent storage and analysis [6].

The simulated system corresponds to a 2 MW and 1 kHz 2L-VSI grid-tied inverter
connected to a three-phase 400/690 V and 50 Hz grid and a 1500 V DC bus. In addition to
the converter topology itself, the simulation environment incorporates multiple external
fault sources associated with the electrical grid, the DC bus, and semiconductor operation.
A basic scheme of the model is shown in Figure 1. The fault control function forces the
state of different switches or changes some magnitudes in the electrical sources around
the model, while some communication function blocks developed by Typhoon enable the
sending of the measured data.

V

V

V

A

A

A

Data Acquisition and 

Communications

Data logging and 

proccesing

swloss, closs

Figure 1. Schematic of the electrical fault model developed.

3.2. Fault Injection Strategy

The proposed fault injection strategy considers both physical faults and electrical
disturbance conditions that could be present mostly in the grid, the DC connection (or
the DC voltage source), or the connection of the power input and output of the power
converter, excluding the faults of the components of the power stack: semiconductors, ca-
pacitors, and output filter. Physical faults include short-circuit and open-circuit conditions
affecting different converter subsystems, whereas electrical disturbances correspond to
abnormal operating conditions reflected through variations in electrical magnitudes and
signal characteristics.

The simulated scenarios include the following:

• Short circuits between each grid phase and the ground, among two or even three
phases, or a combination of them. These originate from the degradation of the wire
insulation, animals making contact between multiple conductors, or even incidental
connections between phases or with the ground by a tree branch.

• Short circuits between the DC-bus poles and the ground resulting from wire insulation
degradation, as well as the presence of water from condensation or accidental spills.

• Grid-phase disconnections for various reasons, such as the destruction of the wires
by a falling tree branch; the tripping of overload protections; blown fuses; improper
connections; loose connections; and blackout conditions caused by the tripping of
higher-level protections, transformer failures, or supply shutdowns.
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• Grid impedance variations from other faults in the grid that do not affect the converter
branch directly; reconfiguration of the grid because of maintenance or maneuvers; or
the step-in/step-out of transformers, generators, and loads.

• Voltage amplitude variations, spikes, lags, frequency deviations, and phase-sequence
alterations originating from switching operations; short circuits at certain points;
lightning strikes; or imbalances between generation and consumption.

• Harmonic distortion and electrical noise perturbations resulting from the presence of
other power converters, switching operations during maneuvers, lightning, electro-
magnetic coupling between phases, or electric machines connected to the grid.

• Semiconductor blocking faults under open-state and closed-state conditions after the
failure of the device driver due to a power supply fault or failures caused by high
current or voltage, EMI, or overtemperature.

The simulation alternates between nominal operation and fault conditions in order to
capture the variations introduced by each operating scenario over the monitored electrical
magnitudes. This enables subsequent association between the acquired data and their
corresponding operating conditions.

3.3. Data Acquisition and Dataset Generation

The acquired measurements include AC and DC voltages and currents, as well as
conduction and switching losses associated with the IGBTs and diodes that compose the
converter. The measurements are acquired using two complementary representations.
First, RMS values are extracted to characterize the global operating behavior of the system.
Second, instantaneous electrical measurements are sampled at the switching frequency,
enabling the vectorized representation of complete grid cycles and preserving the transient
behavior associated with the injected fault conditions.

To improve the generalization capability of the generated dataset and avoid phase-
dependent bias, fault injection is performed at randomly selected temporal instants during
converter operation. This strategy ensures that the generated disturbances affect different
regions of the electrical waveforms and operating cycles, producing a more representative
and structurally diverse dataset.

Finally, the generated measurements are encapsulated and transmitted through UDP
to the proposed modular acquisition platform, where the information is processed and
stored for subsequent analysis and supervised fault diagnosis tasks. The transmitted UDP
packet contains the metadata required for measurement traceability together with the asso-
ciated electrical values (see Figure 2). Specifically, each message includes the experiment
identifier (exp_id), device identifier (device_id), measurement identifier (mea_id), fault
category (error_id), and the corresponding measurement vector generated by the simulator
(measurement_values).

device_iddelimiterexp_id delimiter mea_id delimiter measurement values

Fixed size (8B) Variable size (nB)

delimiter error_id

Figure 2. Typhoon format message.

After processing, the acquired measurements are stored in structured JSON format
within the acquisition platform, following the representation shown in Listing 1. The stored
structure preserves both the electrical measurements and the associated fault identifier
(id_error), enabling traceability and monitoring of the converter operating conditions
throughout the acquisition process, while also supporting the supervised training of the
models employed for automatic fault identification.
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Listing 1. Structured JSON representation of the electrical measurements stored by the acquisition
platform.

{
"_id": "...", /* Document identifier */
"timestamp": "...", /* Measurement timestamp */
"device": "...", /* Device identifier */
"id_mea": "...", /* Measurement identifier */
"id_error": "...", /* Fault identifier */
"mea_value": [ /* Measurement vector */

value_1,
value_2,
value_3,
...,
value_N

],
"experiment_id": "...", /* Experiment identifier */
"store_timestamp": "..." /* Storage timestamp */

}

3.4. Dataset Description

The generated dataset contains electrical measurements acquired under both nominal
and faulty operating conditions of the analyzed power converter. Each acquired sample is
associated with a specific fault category through the corresponding fault identifier (iderror),
enabling supervised fault diagnosis and geometric fault-space analysis.

The dataset includes multiple measurement categories (idmea) corresponding to differ-
ent electrical and thermal variables generated by the simulator. Depending on the selected
measurement type, the dimensionality of the generated measurement vectors (meavalue)
varies significantly. While certain measurements are represented using low-dimensional
RMS values, others correspond to high-frequency instantaneous electrical signals sampled
at switching frequency, producing high-dimensional vector representations of complete
grid cycles.

Table 1 summarizes the main characteristics of the generated dataset.

Table 1. Main characteristics of the generated dataset.

Dataset Characteristic Value

Number of fault categories (iderror) 48
Total number of labeled samples 673,207
Measurement categories (idmea) 10
Sampling frequency Switching frequency
Storage format Structured JSON

4. Proposed Methodology
The proposed methodology restructures the diagnostic label space according to the

geometric separability of the selected measurement space before supervised machine
learning is performed. First, the selected electrical measurements are projected into a lower-
dimensional manifold using UMAP to characterize the geometric relationships among
fault categories.

Based on the resulting manifold representation, pairwise inter-fault distances are
computed to identify geometrically overlapping fault categories as well as faults exhibiting
high similarity to nominal operating conditions. Subsequently, hierarchical clustering is
applied to automatically group non-separable fault categories, generating a hybrid fault
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space composed of clusters associated with nominal operation, multi-fault clusters, and
isolated faults.

Finally, the transformed label space is used to train and evaluate several machine
learning models, including Decision Tree and Random Forest, enabling the analysis of how
geometric fault restructuring affects classification robustness, inter-fault confusion, and real-
time deployment feasibility in edge-computing environments. To ensure reproducibility
and facilitate the practical application of this methodology, the complete source code is
publicly available in [37].

4.1. Geometric Fault-Space Analysis

To analyze the geometric separability of the fault space, the high-dimensional mea-
surement samples are transformed into a lower-dimensional feature manifold using UMAP.
The resulting manifold provides a compact representation of the geometric relationships be-
tween fault categories, facilitating the analysis of their relative separability while reducing
the dimensional complexity of the original measurement space.

The objective of this stage is not to classify fault categories, but to determine which
of them are reliably distinguishable from the selected measurements. The resulting low-
dimensional representation is subsequently used to estimate inter-fault similarity, identify
geometrically overlapping fault categories, and analyze the separability of the resulting
fault space with respect to nominal operating conditions. In contrast to visualization-
oriented applications of UMAP, the proposed methodology employs the obtained em-
bedding space as the basis for quantitative distance analysis and automatic fault-space
restructuring. This geometric analysis enables the identification of structurally ambiguous
fault regions where different operating conditions exhibit similar measurement behavior,
increasing the difficulty of reliable fault discrimination.

Figure 3 presents an illustrative synthetic example of fault-space overlapping in a
UMAP projection. The example highlights the existence of geometrically ambiguous
operating regions (faults 2-5 and 1-3-nominal), illustrating situations in which the selected
measurements do not provide sufficient discriminative information to reliably distinguish
between predefined fault categories. This motivates the evaluation of geometric separability
before defining the diagnostic label space used for supervised learning.

−5.0 −2.5 0.0 2.5 5.0 7.5 10.0 12.5 15.0
UMAP Dimension 1

−5

0

5

10

15

20

U
M

AP
 D

im
en
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 2

Fault 1
Fault 2
Fault 3
Fault 4
Fault 5
Nominal

Figure 3. Geometric fault space example.

4.2. Inter-Fault Similarity Estimation

Once the low-dimensional embedding space is generated, pairwise distances between
fault categories are computed in order to quantify their structural similarity within the
transformed measurement space. For each pair of fault categories fi and f j, the proposed
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methodology estimates a symmetric nearest-neighbor distance using the corresponding
embedded samples.

More specifically, for each sample xk ∈ fi, the minimum Euclidean distance to any
sample belonging to category f j is computed within the embedding space:

d(xk, f j) = min
y∈ f j

∥xk − y∥2 (1)

The obtained minimum distances are subsequently averaged across all samples from
fi in order to estimate a directed nearest-neighbor distance:

D( fi → f j) =
1
| fi| ∑

xk∈ fi

d(xk, f j) (2)

Finally, the symmetric inter-fault distance is obtained by averaging both directional
distances:

Dsym( fi, f j) =
D( fi → f j) + D( f j → fi)

2
(3)

Additionally, a directed distance analysis with respect to the nominal operating condi-
tion is performed in order to identify fault categories exhibiting strong geometric proximity
to nominal operation.

Dnom( fi) = D( fi → f0) (4)

where f0 represents the nominal operating condition.
The computed distances are organized into an inter-fault distance matrix, which is

subsequently used for geometric similarity analysis and hierarchical fault-space clustering.
These distance analyses enable the identification of:

• Fault categories geometrically close to nominal operation
• Mutually overlapping faults
• Structurally similar fault categories
• Geometrically separable faults

Based on these geometric relationships, hierarchical clustering is applied to auto-
matically group non-separable fault categories into shared fault clusters. Additionally,
faults exhibiting strong proximity to nominal operation are incorporated into a shared
nominal-operation cluster.

4.3. Hybrid Fault-Space Clustering

To adapt the diagnostic label space to the geometric separability of the selected mea-
surement space, a two-stage clustering strategy is applied over the fault-space distance
matrix. First, a specific analysis is performed with respect to the nominal operating con-
dition. The distance between each fault category and the nominal operating regime is
evaluated using the previously computed inter-fault distances. Faults categories whose
distance to the nominal condition falls below a predefined threshold (τnormal) are consid-
ered not reliably distinguishable from normal operation within the selected measurement
space. These categories are grouped together with the nominal operating condition into a
unified cluster. Based on the illustrative example shown in Figure 3, the nominal operating
condition (brown points) appears distributed across multiple regions of the embedding
space. Additionally, faults 1 and 3, blue and green points, respectively, exhibit strong
geometric proximity to one of these nominal regions, indicating operating conditions that
may become difficult to reliably separate from normal operation.

Subsequently, hierarchical clustering is applied to the remaining fault categories in
order to identify groups of mutually overlapping faults. Clusters are generated according
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to a distance-based threshold criterion (τcluster), enabling the automatic discovery of fault
groups that cannot be reliably separated within the embedding space. Only groups contain-
ing more than one fault category are considered valid fault clusters, while geometrically
separable faults are preserved as independent classes. The clustering process is therefore
not intended to perform unsupervised fault diagnosis. Instead, it is used to redefine the
diagnostic label space according to the level of separability supported by the selected
measurements before supervised learning is performed.

As a result, the proposed methodology generates a hybrid fault space composed of

• A nominal-operation cluster
• Multi-fault clusters
• Isolated fault categories

According to the geometric relationships previously illustrated in Figure 3, the pro-
posed clustering strategy generates different operating groups within the hybrid fault space.
Table 2 summarizes the resulting cluster organization obtained for the presented example.

Table 2. Illustrative example of the resulting hybrid fault-space organization obtained from the
proposed clustering strategy.

Cluster Type Associated Faults

Nominal-operation cluster nominal, 1, 3
Multi-fault cluster 2, 5

Isolated fault category 4

4.4. Fault Classification and Edge-Oriented Evaluation

The hybrid fault space generated by the proposed methodology is subsequently used
for supervised fault classification. In this stage, several machine learning models are trained
and evaluated using the restructured fault labels in order to analyze how the proposed
geometric fault-space organization affects classification performance under overlapping
measurement conditions.

To evaluate the proposed methodology under different learning paradigms, the evalu-
ation includes two representative learning paradigms:

• Decision Tree (DT), as an interpretable single-tree baseline.
• Random Forest (RF), as a bagging-based ensemble approach.

The evaluated models are trained offline using a resource-rich computing environment
and subsequently deployed on resource-constrained edge devices for inference evaluation.
This deployment-oriented strategy enables the analysis of the practical feasibility of the
proposed methodology under realistic edge-computing conditions.

5. Experimental Validation of the Proposed Methodology
5.1. Experimental Setup

To evaluate the proposed methodology under different measurement dimensionalities,
three representative electrical measurement categories were selected from the available
measurement space, corresponding to idmea = 10, idmea = 3, and idmea = 2. These
measurement categories correspond to RMS three-phase grid voltages (3 components);
instantaneous electrical measurements, including DC-link capacitor voltage and input
current (40 components); and instantaneous three-phase grid currents (60 components),
respectively. The measurements used in this study are publicly available in [38].

Prior to dimensionality reduction, all measurement vectors were normalized using
standard score normalization. Subsequently, UMAP was applied using a two-dimensional
embedding configuration (ncomponents = 2) with Euclidean distance as the similarity metric

https://doi.org/10.3390/electronics15143029
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and nneighbors = 30. A fixed random seed (randomstate = 42) was employed to ensure
reproducibility of the generated embeddings.

Once the embedding space was obtained, inter-fault distances were estimated using
the Euclidean distance between embedded samples. Hierarchical clustering was subse-
quently applied using average linkage clustering over the generated inter-fault distance ma-
trix. Cluster generation was controlled through a distance threshold criterion (τcluster = 1.0),
while fault categories exhibiting strong proximity to nominal operation were identified
using a nominal-distance threshold (τnormal = 0.01).

The evaluated machine learning models were configured using representative hyperpa-
rameter settings (see Table 3) in order to balance classification capability and computational
complexity under embedded deployment conditions.

Table 3. Main hyperparameter configuration of the evaluated machine learning models.

Model Parameter Value

DT

Criterion Gini
Maximum depth 10
Minimum samples split 2
Minimum samples leaf 1

RF Number of estimators 300
Maximum features √n f eatures

n f eatures represents the dimensionality of the selected measurement.

To additionally evaluate the feasibility of the proposed methodology under embedded
deployment conditions, inference experiments were conducted on a Raspberry Pi 4 Model
B Rev 1.1 platform equipped with a quad-core ARM Cortex-A72 CPU running at 1.5 GHz
and 4 GB RAM. The device operated under a Linux-based operating system. In order
to obtain statistically representative inference measurements, each evaluated model was
independently executed 10 times, and the reported results correspond to the mean and
standard deviation obtained across all executions.

5.1.1. Classification Performance Metrics

To evaluate the fault diagnosis capability of the proposed methodology, several stan-
dard supervised classification metrics were considered, including accuracy (5), precision (6),
recall (7), and F1-score (8).

Classification accuracy was computed as

Accuracy =
TP + TN

TP + TN + FP + FN
(5)

where TP, TN, FP, and FN represent true positives, true negatives, false positives, and
false negatives, respectively.

Precision was estimated as

Precision =
TP

TP + FP
(6)

which measures the proportion of correctly predicted positive samples among all predicted
positive samples.

Recall was computed as

Recall =
TP

TP + FN
(7)

representing the capability of the model to correctly identify positive fault samples.
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Finally, the F1-score was calculated as the harmonic mean between precision and recall:

F1 = 2 · Precision · Recall
Precision + Recall

(8)

5.1.2. Edge-Oriented Inference Evaluation

Beyond classification performance, an edge-oriented evaluation was conducted to an-
alyze the computational feasibility of the evaluated models under resource-constrained em-
bedded deployment scenarios. In particular, average inference latency (9), throughput (10),
and model size were measured in order to assess the suitability of the proposed methodol-
ogy for real-time fault diagnosis applications.

Average inference latency was computed as

Lavg =
Ttotal

N
(9)

where Ttotal represents the total inference time required to process N input samples.
Similarly, throughput was estimated as

TH =
N

Ttotal
(10)

which represents the number of inferences processed per second.

5.2. Geometric Fault-Space Evaluation
5.2.1. Low-Dimensional Representation of Fault Distributions

Figure 4 shows the low-dimensional manifolds generated through UMAP for the three
analyzed measurements. The obtained representations reveal notable differences in the
geometric organization of the fault distributions, depending both on the dimensionality
and on the physical nature of the associated measurement vectors.

For the measurement associated with idmea = 10 (Figure 4a), corresponding to the
lowest-dimensional measurement space, the nominal operating condition (blue points)
exhibits a broad and highly dispersed distribution across the manifold. In contrast, several
fault categories are concentrated around the central region, while others appear as sparse or
localized groups. This structure indicates that, for this measurement, the nominal condition
occupies a large portion of the transformed space, which increases the likelihood of overlap
with certain fault categories and reduces their separability from normal operation.

In the case of the measurement associated with idmea = 3 (Figure 4b), the generated
manifold exhibits a substantially higher point density and a more spatially dispersed
organization compared to the representation obtained for idmea = 10. The nominal operat-
ing condition (blue points) forms multiple elongated and fragmented regions distributed
throughout the embedding space, while several fault categories appear concentrated in
localized areas with clearer geometric boundaries. Although partial overlap between cer-
tain faults and the nominal condition is still present, the obtained representation reveals a
richer and more heterogeneous geometric structure, characterized by a larger number of
embedded regions and a wider spatial distribution of the fault categories.

Finally, for the measurement associated with idmea = 2 (Figure 4c), the generated
manifold exhibits the highest geometric complexity among the analyzed measurements.
The nominal operating condition (blue points) occupies a large portion of the embedding
space through highly fragmented and spatially distributed regions, while multiple fault
categories appear concentrated in localized areas near the center of the manifold. Although
several faults form partially distinguishable groups, substantial overlap with the nomi-
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nal distribution is still observed, indicating reduced geometric separability for multiple
operating conditions.

Overall, the obtained manifolds indicate that the dimensionality of the measurement
vectors affects the structural organization of the fault space. At the same time, the persis-
tence of partially overlapping regions and fault categories located near nominal operating
conditions motivates the subsequent inter-fault similarity estimation and fault-space re-
structuring stages, since these geometric ambiguities may limit the ability of conventional
classifiers to reliably distinguish between certain fault conditions and normal operation
and may also introduce confusion among geometrically similar fault categories.

(a) UMAP Measurement Id 10 (b) UMAP Measurement Id 3

(c) UMAP Measurement Id 2

Figure 4. UMAP representations for different measurement configurations.

5.2.2. Inter-Fault Distance Analysis

To further quantify the structural relationships between fault categories, pairwise inter-
fault distances were computed over the UMAP embedding space. Figure 5 represents the
resulting geometric distance matrix using a color scale ranging from dark purple to yellow,
where darker regions indicate low inter-fault distances and therefore strong structural
similarity, while brighter regions correspond to larger geometric separations between fault
distributions. This representation enables the identification of overlapping fault families,
isolated operating conditions, and geometrically ambiguous fault regions that may reduce
the separability of conventional supervised classifiers.

For the measurement associated with idmea = 10 (three-phase RMS voltages), the inter-
fault distance matrix shown in Figure 5a reveals the coexistence of both highly overlapping
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and strongly separable fault categories within the analyzed measurement space. Several
compact low-distance regions can be observed, particularly for fault pairs 10–11 and 44–45,
as well as for the fault families spanning categories 17–19 and 32–38. These structures indi-
cate the presence of fault distributions exhibiting strong geometric similarity and limited
geometric separability. In contrast, fault 24 exhibits consistently large distances with respect
to most remaining categories, suggesting a substantially more isolated geometric behavior.

For the measurement associated with idmea = 3 (instantaneous DC voltage and cur-
rent), the inter-fault distance matrix shown in Figure 5b reveals the coexistence of compact
fault families and strongly isolated fault categories within the transformed feature space.
Several low-distance regions can be clearly identified, particularly for fault groups 16–19,
26–28, and especially for categories 32–38, which form one of the most cohesive regions
within the matrix. In addition, some neighboring fault categories exhibit intermediate-
distance relationships, suggesting the presence of partially connected fault regions. In
contrast, certain fault categories remain substantially separated from the remaining classes.
This behavior is especially noticeable for fault 44, whose associated row and column contain
consistently large distance values, indicating high intrinsic separability.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 24 26 27 28 29 30 31 32 33 34 35 36 37 38 41 44 45 46 47

Fault ID

1
2
3
4
5
6
7
8
9

10
11
12
13
14
15
16
17
18
19
20
21
24
26
27
28
29
30
31
32
33
34
35
36
37
38
41
44
45
46
47

Fa
ul

t I
D

0

5

10

15

20

25

Ge
om

et
ric

 D
ist

an
ce

(a) Fault distance Id 10

3 4 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 40 41 44 45 46 47

Fault ID

3
4
6
7
8
9

10
11
12
13
14
15
16
17
18
19
20
21
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
40
41
44
45
46
47

Fa
ul

t I
D

0

5

10

15

20

25

Ge
om

et
ric

 D
ist

an
ce

(b) Fault distance Id 3

Figure 5. Cont.
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(c) Fault distance Id 2

Figure 5. Fault distance heatmaps for the analyzed fault identifiers.

For the measurement associated with idmea = 2 (three-phase currents), the inter-fault
distance matrix shown in Figure 5c reveals a highly heterogeneous geometric organization
characterized by the coexistence of compact fault groups and strongly separated operating
conditions. Several large low-distance regions can be observed, particularly for the fault
families spanning categories 15–18 and 33–38, indicating substantial geometric similarity
and reduced separability among these operating conditions. Additional localized low-
distance structures are also visible around fault categories 6–8 and 43–45. In contrast,
multiple fault families exhibit consistently larger inter-fault distances with respect to the
remaining categories, reflecting a more fragmented and spatially distributed fault space
compared to the previous measurements.

Overall, the obtained inter-fault distance matrices reveal that the analyzed measure-
ment spaces exhibit heterogeneous geometric organizations composed of both strongly
overlapping fault families and highly separable operating conditions. While certain faults
remain geometrically isolated and therefore intrinsically easier to distinguish, multiple
fault groups consistently present reduced inter-fault distances, as illustrated by the top-10
most similar fault pairs reported in Tables 4–6. These low-distance regions indicate the
presence of structurally ambiguous fault distributions whose geometric proximity may
increase inter-fault confusion during supervised classification. Consequently, the obtained
results support the need for the hybrid fault-space restructuring strategy proposed in this
work, whose objective is to reduce geometric ambiguity and improve the robustness of the
subsequent fault diagnosis stage.

Table 4. Top-10 similar fault pairs for idmea = 10.

A B Dist.

10 11 0.007021
17 18 0.031530
18 19 0.033334
17 19 0.034433
44 45 0.055953
16 18 0.176792
16 19 0.180282
16 17 0.180604
35 38 0.197196
32 37 0.217271
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Table 5. Top-10 similar fault pairs for idmea = 3.

A B Dist.

18 19 0.006901
17 18 0.007232
17 19 0.009003
26 27 0.025023
32 36 0.027958
32 34 0.029142
34 36 0.029569
32 33 0.030367
33 36 0.030646
33 34 0.032180

Table 6. Top-10 similar fault pairs for idmea = 2.

A B Dist.

17 18 0.007026
18 19 0.025484
36 37 0.026009
32 37 0.026885
37 38 0.027063
32 36 0.027978
36 38 0.028618
35 37 0.028789
32 33 0.028818
33 37 0.029097

5.2.3. Analysis of Faults Close to Nominal Operation

Following the hybrid fault-space clustering defined in the proposed methodology, this
subsection investigates those fault categories whose embedded representations remain
geometrically close to the nominal operating condition within the UMAP space. According
to the proposed strategy, faults whose directed distance to the nominal manifold satisfies
d f ault→normal < τnormal are automatically merged with the healthy operating condition. In
the present study, the nominal merging threshold was fixed to τnormal = 0.01.

The obtained results show different geometric relationships with respect to nominal
operation across the analyzed measurements. While certain fault categories remain rela-
tively separated from the healthy operating manifold, several others satisfy the nominal
merging criterion, indicating reduced geometric separability from healthy behavior. The
fault categories associated with the nominal operating condition for each analyzed mea-
surement are summarized in Table 7. Fault categories not satisfying the nominal merging
criterion remain available for the subsequent fault-space clustering analysis, where they
may either preserve isolated geometric behavior or be grouped according to their pairwise
geometric distances within the transformed feature space.

Table 7. Fault categories geometrically associated with nominal operation based on the directed
distance analysis.

idmea Faults Merged with Nominal Operation

10 22, 23, 25, 39, 40, 42, 43
3 1, 2, 5, 22, 23, 39, 42, 43
2 1, 2, 5, 22, 23, 39, 40, 42, 43
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5.2.4. Automatic Discovery of Overlapping Fault Groups

As part of the proposed hybrid fault-space strategy, hierarchical clustering was ap-
plied over the inter-fault distance matrices in order to identify groups of fault categories
exhibiting strong structural similarity within the transformed feature spaces. According
to the proposed methodology, fault categories whose pairwise geometric distances satisfy
di,j < τcluster are automatically grouped into the same hybrid fault cluster. In the present
study, the clustering threshold was fixed to τcluster = 1.0.

Table 8 summarizes the overlapping fault groups automatically identified for each ana-
lyzed measurement, together with the fault categories that remained geometrically isolated
after the clustering stage. Interestingly, most of the detected fault groups consist of only
two fault categories, suggesting that the proposed restructuring strategy performs localized
ambiguity reduction while preserving the separability of the remaining fault space.

Table 8. Automatically discovered overlapping fault groups for each analyzed measurement configuration.

id_mea Detected Fault Groups Isolated Fault Categories

10 {10, 11}, {16, 17, 18, 19}, {26, 27, 28},
{32, 33, 34, 35, 36, 37, 38}, {44, 45}

{1, 2, 3, 4, 5, 6, 7, 8, 9, 12, 13, 14, 15,
20, 21, 24, 29, 30, 31, 41, 46, 47}

3
{3, 4}, {6, 7}, {8, 9}, {10, 11},
{13, 14, 15}, {16, 17, 18, 19}, {26, 27, 28},
{32, 33, 34, 35, 36, 37, 38, 44, 45}

{12, 20, 21, 24, 25, 29, 30, 31, 40,
41, 46, 47}

2
{3, 4}, {6, 7}, {8, 9}, {10, 11},
{16, 17, 18, 19}, {26, 27, 28},
{32, 33, 34, 35, 36, 37, 38}, {44, 45}

{12, 13, 14, 15, 20, 21, 24, 25, 29, 30,
31, 41, 46, 47}

5.3. Classification Performance Evaluation

This subsection evaluates the impact of the proposed fault-space restructuring method-
ology on the supervised fault diagnosis stage. For this purpose, two diagnostic settings are
compared. The first one corresponds to the original fine-grained fault taxonomy, where
classifiers are trained to discriminate all predefined fault categories without applying the
proposed restructuring process. This setting is used as a baseline to quantify the difficulty of
directly separating fault categories that may exhibit geometric overlap within the selected
measurement space.

The second setting corresponds to the hybrid diagnostic label space generated by the
proposed methodology. Thus, the results obtained after restructuring should be interpreted
as macro-diagnostic performance over the redefined label space, rather than as evidence of
improved fine-grained discrimination among the original fault categories merged into the
same cluster.

Consequently, the comparison between both settings is intended to assess whether
adapting the diagnostic label space to the separability supported by the selected measure-
ments improves macro-diagnostic robustness under geometric ambiguity. This interpre-
tation explicitly acknowledges the trade-off introduced by the proposed methodology:
improved robustness and reduced inter-fault ambiguity at the cluster level, at the expense
of lower fault-isolation granularity for the merged categories.

The improvement obtained after fault-space restructuring can be qualitatively ex-
plained by the relationship between class geometry and supervised decision boundaries. In
the original fine-grained label space, classifiers are forced to discriminate between fault cat-
egories whose measurement distributions are geometrically close or partially overlapping.
Under these conditions, the learned decision boundaries may become fragmented or unsta-
ble within the selected measurement space. By grouping these ambiguous categories into
hybrid diagnostic labels, the proposed methodology reduces the need for unreliable sepa-
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rations and produces target classes that are more consistent with the geometric structure
observed in the data. Consequently, the observed performance gains are mainly attributed
to a reduction in inter-fault ambiguity and to a better alignment between the supervised
classification task and the separability supported by the available measurements.

For all experiments, the dataset was divided using an 80/20 train-test split. The
classification stage was evaluated using the previously described Decision Tree and Random
Forest models over the analyzed measurements. The employed target categories include
the nominal clusters associated with healthy operating regions, the hybrid fault groups
generated through the fault-space restructuring process, and the isolated fault categories
that preserved sufficient geometric separability within the transformed measurement space,
as summarized in Tables 7 and 8, respectively.

To facilitate comparative analysis, the obtained classification results are organized
according to the analyzed measurements (idmea). For each measurement, the performance
of the evaluated models is reported both with and without the application of the pro-
posed fault-space restructuring process, enabling direct evaluation of the impact of the
generated nominal clusters and hybrid fault groups on the subsequent supervised fault
diagnosis stage.

5.3.1. Results for Three-Phase RMS Voltages (idmea = 10)

The obtained results reveal a substantial improvement in classification performance
after applying the proposed fault-space restructuring process. As shown in Table 9, the use
of hybrid fault representations considerably provides diagnostic target categories that are
more consistent with the separability supported by the selected measurements, leading to
substantial gains in precision, recall, and F1-score. In particular, accuracy increases from
0.88 to 0.98 for Decision Tree and from 0.90 to 0.99 for Random Forest when compared
to the original fault-space representation (see Table 10), which exhibits significant inter-
fault confusion and limited class separability, especially for the Decision Tree classifier.
Similarly, the F1-score improves from 0.53 to 0.91 for Decision Tree and from 0.67 to 0.98
for Random Forest, confirming the effectiveness of the proposed methodology reducing
classification ambiguity among geometrically overlapping fault categories. Detailed per-
class classification results are additionally provided in Appendix A (Tables A1 and A2).

Table 9. Classification results for idmea = 10 using hybrid fault-space clustering.

Model Accuracy Precision Recall F1-Score

DT 0.98 0.93 0.90 0.91
RF 0.99 0.99 0.98 0.98

Table 10. Classification results for idmea = 10 without fault-space clustering.

Model Accuracy Precision Recall F1-Score

DT 0.88 0.58 0.54 0.53
RF 0.90 0.69 0.67 0.67

5.3.2. Results for Instantaneous DC Voltage and Current (idmea = 3)

The obtained results again demonstrate the effectiveness of the proposed fault-space
restructuring methodology for improving the separability of geometrically ambiguous
operating conditions associated with idmea = 3. As shown in Table 11, the use of hybrid
fault-space clustering substantially improves the classification performance of both ana-
lyzed models. In particular, the F1-score increases from 0.41 to 0.65 for Decision Tree and
from 0.62 to 0.95 for Random Forest when compared to the original fault-space represen-
tation (see Table 12), which exhibits considerable inter-fault confusion and limited class
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separability. Similarly, precision improves from 0.52 to 0.79 for Decision Tree and from 0.66
to 0.97 for Random Forest, indicating a substantial reduction in inter-fault misclassification
after applying the proposed restructuring process. These results indicate that the pro-
posed restructuring process reduces the classification ambiguity caused by geometrically
overlapping fault categories, thereby enabling more robust macro-diagnostic classifica-
tion. Detailed per-class classification results are additionally provided in Appendix A
(Tables A3 and A4).

Table 11. Classification results for idmea = 3 using hybrid fault-space clustering.

Model Accuracy Precision Recall F1-Score

DT 0.93 0.79 0.61 0.65
RF 0.99 0.97 0.93 0.95

Table 12. Classification results for idmea = 3 without fault-space clustering.

Model Accuracy Precision Recall F1-Score

DT 0.82 0.52 0.40 0.41
RF 0.88 0.66 0.60 0.62

5.3.3. Results for Three-Phase Currents (idmea = 2)

The obtained results for idmea = 2 further confirm the effectiveness of the proposed
fault-space restructuring methodology for reducing inter-fault ambiguity during the su-
pervised classification stage. Despite the relatively high dimensionality associated with
this measurement configuration (60 dimensions), the use of hybrid fault-space clustering
substantially improves the classification performance of both analyzed models, as shown
in Table 13. In particular, the F1-score increases from 0.42 to 0.57 for Decision Tree and from
0.65 to 0.99 for Random Forest when compared to the original fault-space representation
(Table 14), which still exhibits considerable geometric overlap and limited class separability
despite the higher dimensionality of the analyzed measurement space. Similarly, precision
also improves substantially, increasing from 0.51 to 0.82 for Decision Tree and from 0.68 to
1.00 for Random Forest, indicating a significant reduction in inter-fault misclassification
after applying the proposed restructuring process. Detailed per-class classification results
are additionally provided in Appendix A (Tables A5 and A6).

Table 13. Classification results for idmea = 2 using hybrid fault-space clustering.

Model Accuracy Precision Recall F1-Score

DT 0.92 0.82 0.52 0.57
RF 1.0 1.0 0.98 0.99

Table 14. Classification results for idmea = 2 without fault-space clustering.

Model Accuracy Precision Recall F1-Score

DT 0.83 0.51 0.42 0.42
RF 0.89 0.68 0.64 0.65

5.4. Practical Interpretation of Hybrid Fault Clusters

From a practical maintenance perspective, a hybrid fault cluster should be interpreted
as a candidate fault group rather than as a single isolated fault. When the proposed
methodology assigns a sample to a hybrid cluster, the selected measurements indicate
that the faults contained in that cluster exhibit similar electrical behavior and cannot be
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reliably distinguished at the current diagnostic level. This output is still actionable because
it narrows the diagnostic search space and informs the operator about the subset of fault
categories that require further inspection.

In such cases, maintenance decisions can be supported through a hierarchical diagnostic
workflow. First, the proposed method provides a robust macro-diagnostic result by identifying
the most plausible fault group. Then, fine-grained isolation may be performed using additional
measurements, complementary electrical tests, expert inspection, or a secondary diagnostic
model specifically trained to discriminate among the faults contained in the detected cluster.
Therefore, the proposed method does not replace subsequent fine-grained analysis when
several faults are merged, but provides a reliable first-stage diagnosis that guides maintenance
actions and reduces unnecessary inspection of unrelated fault categories.

5.5. Edge Deployment Feasibility Analysis

In addition to classification performance, practical fault diagnosis systems must sat-
isfy real-time execution and computational efficiency requirements, particularly in edge-
oriented deployment scenarios involving resource-constrained devices.

To evaluate the practical feasibility of the proposed methodology, this subsection
analyzes the computational characteristics of the evaluated classifiers using the generated
hybrid fault-space representations. In particular, Decision Tree and Random Forest are
evaluated in terms of inference latency, throughput, and model size across the analyzed
measurement configurations. The models were trained offline and subsequently deployed
on a Raspberry Pi platform in order to evaluate their execution behavior under realistic
edge-oriented deployment conditions.

This analysis aims to assess whether the proposed methodology remains compatible
with real-time edge-oriented deployment constraints despite the additional fault-space
restructuring stage.

Inference Latency and Throughput Analysis

Table 15 summarizes the computational performance obtained for the evaluated clas-
sifiers under the analyzed measurements, including inference latency, throughput, and
model size metrics. The obtained results reveal clear differences in the computational char-
acteristics of the evaluated classifiers after applying the proposed fault-space restructuring
process. Decision Tree consistently achieves the lowest inference latency and memory
footprint across all analyzed measurement types, reaching inference times close to 0.3 ms
and throughput values above 2600 inferences per second. In contrast, Random Forest
introduces substantially higher computational costs due to the use of multiple estimators.
In particular, it exhibits significantly larger model sizes, reaching up to 299 MB for certain
measurements, together with considerably higher inference latencies compared to Decision
Tree. Additionally, within the evaluated scope, variations in measurement dimensionality
introduced only minor differences in the resulting computational performance.

Table 15. Edge-oriented computational performance obtained for the evaluated models under the
analyzed measurement configurations.

id_mea Model Lavg (ms) TH (inf/s) Size (MB)

2 DT 0.373 2683.590 0.135
RF 112.20 8.910 296.67

3 DT 0.368 2720.520 0.126
RF 112.15 8.920 299.09

10 DT 0.319 3136.580 0.087
RF 109.584 9.130 106.22
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Despite these differences, both evaluated models remain compatible with edge-
oriented monitoring scenarios requiring millisecond-level inference times. Overall, the
obtained results indicate that the proposed restructuring methodology can improve fault
diagnosis robustness while preserving computational characteristics compatible with prac-
tical edge-oriented deployment conditions.

6. Limitations and Research Directions
Several limitations of the proposed methodology should be considered.
First, the generated dataset was obtained under simulated operating conditions. Al-

though the employed simulation environment enables controlled fault injection and high-
frequency measurement acquisition, real industrial environments may introduce additional
sources of variability, measurement noise, and hardware-related uncertainties not fully
represented in the current study. Additional validation with experimental measurements
obtained from real power electronic converters under practical operating conditions is
therefore required.

Second, the proposed fault-space restructuring strategy depends on both the geometric
properties of the generated embedding space and the selected clustering thresholds. Conse-
quently, different UMAP configurations, threshold values, or measurement categories may
affect the resulting fault organization and cluster generation. Additionally, the experimen-
tal validation was limited to three representative measurement categories selected from
the available measurement space, which may not fully capture the complete variability of
the monitored electrical and thermal measurements. In addition, data-driven or adaptive
parameter selection strategies should be explored in order to reduce the dependence on
manually fixed configuration values.

Third, the proposed hybrid clustering strategy improves diagnostic robustness by
redefining the target label space when geometrically overlapping fault categories are
detected. Consequently, the reported performance improvements should be interpreted
within the resulting hybrid diagnostic label space, rather than as evidence of improved
fine-grained discrimination among all original fault categories. When several faults are
merged into the same hybrid cluster, additional measurements or a subsequent fine-grained
analysis may be required to isolate the individual fault. A natural extension of this work
is the development of hierarchical diagnostic schemes in which hybrid clusters provide a
first-stage macro-diagnostic output, followed by cluster-specific models or complementary
measurements for fine-grained fault isolation.

Furthermore, the experimental validation was limited to three representative measure-
ment dimensionalities, obtained from three selected measurement types of the available
dataset. Although these cases cover low-dimensional RMS measurements and higher-
dimensional instantaneous waveform representations, they do not exhaust the complete
range of monitored variables or possible measurement combinations. Therefore, the re-
ported results should be interpreted within the scope of the analyzed measurement dimen-
sionalities. A natural extension of this work is to evaluate the proposed methodology using
additional measurement types, as well as intermediate and higher-dimensional represen-
tations, in order to assess how measurement dimensionality and signal selection affect
geometric separability, diagnostic robustness, and computational cost.

Finally, the edge-oriented evaluation conducted in this work focuses on inference latency,
throughput, and model size under embedded deployment conditions. Continuous real-time
deployment aspects such as online adaptation, long-term execution stability, and energy consump-
tion were not considered within the scope of the present study. Furthermore, the experimental
validation was limited to Decision Tree and Random Forest classifiers, while alternative lightweight
deep-learning architectures may exhibit different performance and computational trade-offs.
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7. Conclusions
The proposed methodology was experimentally validated using multiple electrical

measurements exhibiting substantially different dimensionalities and geometric organi-
zations, ranging from low-dimensional RMS measurements to high-dimensional instan-
taneous waveform representations. The obtained results consistently demonstrated that
the proposed fault-space restructuring strategy substantially improves supervised fault
diagnosis performance across the three analyzed measurement spaces.

The conducted experiments revealed that the primary limitation of the analyzed fault
diagnosis problem is not necessarily associated with the supervised learning models them-
selves, but rather with the intrinsic geometric organization of the fault space. In this context,
the proposed restructuring methodology significantly reduced inter-fault ambiguity and
improved class separability under geometrically overlapping operating conditions, en-
abling substantially more robust supervised classification boundaries. Ultimately, these
performance gains validate the shift toward a robust macro-diagnostic paradigm rather
than an advancement in fine-grained fault isolation. By consolidating overlapping cate-
gories, the methodology successfully mitigates ambiguous decision boundaries, resulting
in highly dependable classifications within the hybrid label space.

Additionally, the obtained results demonstrated that increasing the dimensionality
of the analyzed measurements does not necessarily eliminate geometric fault overlap.
Despite evaluating measurement spaces containing up to 60 dimensions, several fault
categories remained difficult to separate. This finding highlights the critical importance of
prior geometric fault-space analysis during the diagnostic design stage, as the proposed
methodology improved F1-scores by up to 72% compared with classification without
fault-space restructuring in the evaluated scenarios.

The proposed methodology was compatible with the two evaluated supervised learn-
ing models. Although both Decision Tree and Random Forest classifiers benefited from
the restructuring process, the results show that lightweight machine learning models can
achieve strong fault diagnosis performance in the evaluated measurements when the
underlying fault space is properly reorganized.

Finally, the edge-oriented experiments conducted on a Raspberry Pi 4 platform con-
firmed the practical feasibility of deploying the proposed methodology under constrained
computational environments. In particular, the lightweight Decision Tree classifier achieved
real-time inference performance with sub-millisecond latency (as low as 0.32 ms) and high
inference throughput, while the Random Forest model remained executable on the em-
bedded platform at the cost of higher latency and memory requirements. These results
demonstrate the suitability of the proposed approach for embedded and edge-based fault
diagnosis applications, especially when combined with lightweight classifiers.
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Appendix A. Detailed Classification Reports
Appendix A.1. id_mea = 10

Table A1. Detailed per-class classification performance for idmea = 10 under the proposed hybrid
fault-space representation.

Class
DT RF

Support
Prec. Rec. F1 Prec. Rec. F1

Cluster 0 0.99 1.00 1.00 1.00 1.00 1.00 8797
Cluster 1 1.00 1.00 1.00 1.00 1.00 1.00 128
Cluster 2 1.00 1.00 1.00 1.00 1.00 1.00 272
Cluster 3 0.99 0.99 0.99 0.99 0.99 0.99 191
Cluster 4 0.92 0.83 0.88 0.99 0.95 0.97 437
Cluster 5 0.98 0.97 0.97 0.99 1.00 1.00 128
Error 1 1.00 1.00 1.00 1.00 1.00 1.00 71
Error 12 0.80 1.00 0.89 1.00 1.00 1.00 84
Error 13 0.96 1.00 0.98 0.97 1.00 0.99 134
Error 14 0.99 0.96 0.98 1.00 1.00 1.00 126
Error 15 1.00 0.94 0.97 1.00 1.00 1.00 137
Error 2 1.00 1.00 1.00 1.00 1.00 1.00 66
Error 20 0.83 0.71 0.77 1.00 0.97 0.99 70
Error 21 0.44 0.88 0.59 1.00 1.00 1.00 64
Error 24 1.00 0.98 0.99 1.00 1.00 1.00 65
Error 29 0.90 0.45 0.60 0.95 1.00 0.98 62
Error 3 1.00 0.98 0.99 1.00 1.00 1.00 62
Error 30 0.98 0.65 0.78 1.00 1.00 1.00 65
Error 31 0.58 0.52 0.55 0.93 0.91 0.92 58
Error 4 1.00 1.00 1.00 1.00 1.00 1.00 69
Error 41 0.77 0.74 0.75 0.97 0.86 0.91 66
Error 46 0.86 0.76 0.81 1.00 0.76 0.86 66
Error 47 0.93 0.92 0.92 0.98 0.92 0.95 71
Error 5 1.00 1.00 1.00 1.00 1.00 1.00 73
Error 6 1.00 1.00 1.00 1.00 1.00 1.00 69
Error 7 1.00 1.00 1.00 1.00 1.00 1.00 68
Error 8 1.00 1.00 1.00 1.00 1.00 1.00 72
Error 9 1.00 1.00 1.00 1.00 1.00 1.00 63

Table A2. Detailed per-class classification performance for idmea = 10 without hybrid fault-space
restructuring.

Class
DT RF

Support
Prec. Rec. F1 Prec. Rec. F1

Error 0 0.94 1.00 0.97 0.95 0.99 0.97 8330
Error 1 1.00 1.00 1.00 1.00 1.00 1.00 71
Error 10 0.82 0.82 0.82 0.84 0.79 0.82 68
Error 11 0.80 0.80 0.80 0.78 0.84 0.81 61
Error 12 0.88 0.27 0.42 0.99 1.00 0.99 84
Error 13 0.99 0.93 0.96 0.99 0.99 0.99 133
Error 14 0.98 0.98 0.98 0.98 1.00 0.99 126
Error 15 1.00 0.99 0.99 0.99 1.00 0.99 137
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Table A2. Cont.

Class
DT RF

Support
Prec. Rec. F1 Prec. Rec. F1

Error 16 0.61 0.23 0.33 0.34 0.32 0.33 74
Error 17 0.50 0.06 0.10 0.26 0.32 0.28 69
Error 18 0.27 0.93 0.42 0.17 0.18 0.18 68
Error 19 0.25 0.02 0.03 0.25 0.19 0.22 62
Error 2 1.00 1.00 1.00 1.00 1.00 1.00 66
Error 20 0.61 0.73 0.66 0.89 0.97 0.93 70
Error 21 0.75 0.23 0.36 1.00 0.98 0.99 64
Error 22 0.00 0.00 0.00 0.25 0.10 0.14 72
Error 23 0.00 0.00 0.00 0.25 0.07 0.11 60
Error 24 1.00 1.00 1.00 1.00 1.00 1.00 65
Error 25 0.00 0.00 0.00 1.00 0.97 0.99 71
Error 26 1.00 0.26 0.41 0.93 1.00 0.96 62
Error 27 0.71 0.61 0.66 1.00 0.92 0.96 66
Error 28 0.46 0.90 0.61 0.94 0.98 0.96 63
Error 29 0.68 0.42 0.52 0.95 1.00 0.98 62
Error 3 0.98 1.00 0.99 0.98 1.00 0.99 62
Error 30 0.97 0.48 0.64 0.97 1.00 0.98 65
Error 31 0.78 0.50 0.61 0.89 0.88 0.89 58
Error 32 0.00 0.00 0.00 0.13 0.13 0.13 62
Error 33 0.14 0.46 0.21 0.16 0.13 0.15 69
Error 34 0.12 0.03 0.05 0.19 0.19 0.19 63
Error 35 0.00 0.00 0.00 0.12 0.12 0.12 58
Error 36 0.20 0.02 0.03 0.20 0.18 0.19 65
Error 37 0.00 0.00 0.00 0.24 0.16 0.20 61
Error 38 0.11 0.20 0.14 0.07 0.07 0.07 60
Error 39 0.00 0.00 0.00 0.28 0.07 0.12 67
Error 4 1.00 1.00 1.00 1.00 1.00 1.00 69
Error 40 0.00 0.00 0.00 0.11 0.03 0.05 70
Error 41 0.81 0.77 0.79 0.91 0.79 0.85 66
Error 42 0.00 0.00 0.00 0.20 0.08 0.11 62
Error 43 0.00 0.00 0.00 0.28 0.08 0.12 64
Error 44 0.96 0.82 0.88 0.91 0.89 0.90 65
Error 45 0.82 0.94 0.87 0.89 0.90 0.90 62
Error 46 0.72 0.73 0.72 1.00 0.73 0.84 66
Error 47 0.98 0.86 0.92 0.97 0.94 0.96 71
Error 5 1.00 1.00 1.00 1.00 1.00 1.00 73
Error 6 0.91 1.00 0.95 1.00 1.00 1.00 69
Error 7 1.00 1.00 1.00 1.00 1.00 1.00 68
Error 8 0.28 1.00 0.43 1.00 1.00 1.00 72
Error 9 1.00 1.00 1.00 1.00 1.00 1.00 63

Appendix A.2. id_mea = 3

Table A3. Detailed per-class classification performance for idmea = 3 under the proposed hybrid
fault-space representation.

Class
DT RF

Support
Prec. Rec. F1 Prec. Rec. F1

Cluster 0 0.93 0.99 0.96 0.99 1.00 0.99 34,801
Cluster 1 0.92 0.99 0.95 1.00 1.00 1.00 535
Cluster 2 0.99 0.71 0.83 1.00 1.00 1.00 533
Cluster 3 1.00 0.13 0.23 1.00 1.00 1.00 526
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Table A3. Cont.

Class
DT RF

Support
Prec. Rec. F1 Prec. Rec. F1

Cluster 4 1.00 0.75 0.86 1.00 0.99 0.99 508
Cluster 5 0.91 0.85 0.88 0.99 1.00 1.00 980
Cluster 6 0.92 0.93 0.93 1.00 0.99 1.00 1284
Cluster 7 0.90 0.87 0.88 1.00 1.00 1.00 954
Cluster 8 0.98 0.95 0.97 0.99 0.99 0.99 1799
Cluster 9 0.99 1.00 1.00 1.00 1.00 1.00 392
Error 12 0.70 0.95 0.80 1.00 1.00 1.00 280
Error 20 0.97 0.20 0.34 1.00 0.94 0.97 340
Error 21 0.00 0.00 0.00 1.00 0.95 0.97 332
Error 24 1.00 0.32 0.49 1.00 0.99 0.99 309
Error 25 0.00 0.00 0.00 0.99 0.99 0.99 330
Error 29 0.98 0.26 0.41 1.00 1.00 1.00 325
Error 30 0.46 0.47 0.47 1.00 1.00 1.00 327
Error 31 0.88 0.42 0.57 1.00 0.87 0.93 318
Error 40 0.00 0.00 0.00 0.36 0.11 0.17 202
Error 41 0.99 0.93 0.96 1.00 0.96 0.98 191
Error 46 0.97 0.81 0.88 1.00 0.81 0.90 196
Error 47 0.99 0.91 0.95 1.00 0.91 0.95 206

Table A4. Detailed per-class classification performance for idmea = 3 without hybrid fault-space
restructuring.

Class
DT RF

Support
Prec. Rec. F1 Prec. Rec. F1

Error 0 0.89 0.99 0.94 0.93 0.99 0.96 32,753
Error 1 0.00 0.00 0.00 0.28 0.05 0.08 274
Error 10 0.95 0.68 0.79 0.93 0.92 0.92 263
Error 11 0.89 0.72 0.80 0.93 0.93 0.93 245
Error 12 0.95 0.99 0.97 1.00 1.00 1.00 280
Error 13 0.90 0.63 0.74 0.98 1.00 0.99 334
Error 14 0.94 0.69 0.80 0.99 0.99 0.99 315
Error 15 0.69 0.83 0.75 1.00 0.99 1.00 331
Error 16 0.24 0.25 0.25 0.31 0.28 0.29 311
Error 17 0.27 0.55 0.36 0.29 0.30 0.29 327
Error 18 0.30 0.08 0.13 0.29 0.27 0.28 329
Error 19 0.44 0.13 0.20 0.31 0.35 0.33 318
Error 2 0.00 0.00 0.00 0.14 0.03 0.05 260
Error 20 1.00 0.67 0.80 1.00 0.97 0.98 340
Error 21 0.94 0.23 0.37 1.00 0.95 0.98 332
Error 22 0.00 0.00 0.00 0.27 0.06 0.10 343
Error 23 0.00 0.00 0.00 0.21 0.05 0.08 307
Error 24 1.00 0.65 0.79 1.00 1.00 1.00 309
Error 25 1.00 0.06 0.11 0.99 0.98 0.99 330
Error 26 0.61 0.11 0.19 0.75 0.77 0.76 310
Error 27 0.29 0.60 0.39 0.74 0.71 0.72 328
Error 28 0.38 0.16 0.23 0.76 0.77 0.77 316
Error 29 0.89 0.28 0.43 0.99 1.00 1.00 325
Error 3 0.41 0.61 0.49 0.94 0.95 0.94 263
Error 30 0.98 0.76 0.85 1.00 1.00 1.00 327
Error 31 0.97 0.45 0.61 1.00 0.91 0.95 318
Error 32 0.16 0.77 0.27 0.16 0.20 0.18 292
Error 33 0.18 0.01 0.02 0.18 0.21 0.20 266
Error 34 0.13 0.04 0.06 0.16 0.16 0.16 257
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Table A4. Cont.

Class
DT RF

Support
Prec. Rec. F1 Prec. Rec. F1

Error 35 0.12 0.04 0.07 0.17 0.14 0.16 246
Error 36 0.17 0.00 0.01 0.17 0.17 0.17 264
Error 37 0.14 0.11 0.12 0.14 0.12 0.13 252
Error 38 0.12 0.01 0.02 0.07 0.05 0.06 222
Error 39 0.00 0.00 0.00 0.30 0.05 0.09 202
Error 4 0.79 0.15 0.25 0.95 0.94 0.94 272
Error 40 0.00 0.00 0.00 0.34 0.10 0.16 202
Error 41 0.99 0.90 0.94 1.00 0.94 0.97 191
Error 42 0.00 0.00 0.00 0.24 0.06 0.09 190
Error 43 0.00 0.00 0.00 0.39 0.07 0.12 189
Error 44 0.96 0.98 0.97 0.98 0.99 0.98 196
Error 45 0.98 0.95 0.97 0.99 0.98 0.98 196
Error 46 1.00 0.62 0.77 1.00 0.73 0.85 195
Error 47 0.48 0.79 0.60 1.00 0.95 0.98 206
Error 5 0.00 0.00 0.00 0.33 0.11 0.16 284
Error 6 0.48 0.71 0.57 0.97 0.98 0.98 275
Error 7 0.61 0.51 0.56 0.98 0.97 0.97 258
Error 8 0.90 0.58 0.71 0.93 0.97 0.95 271
Error 9 0.65 0.68 0.66 0.96 0.92 0.94 254

Appendix A.3. id_mea = 2

Table A5. Detailed per-class classification performance for idmea = 2 under the proposed hybrid
fault-space representation.

Class
DT RF

Support
Prec. Rec. F1 Prec. Rec. F1

Cluster 0 0.95 1.00 0.97 1.00 1.00 1.00 59,420
Cluster 1 0.83 0.70 0.76 1.00 1.00 1.00 928
Cluster 2 1.00 0.71 0.83 1.00 1.00 1.00 929
Cluster 3 1.00 0.57 0.73 1.00 1.00 1.00 900
Cluster 4 1.00 0.56 0.72 1.00 1.00 1.00 902
Cluster 5 1.00 0.89 0.94 1.00 1.00 1.00 2059
Cluster 6 0.47 0.98 0.63 1.00 1.00 1.00 1540
Cluster 7 0.97 0.94 0.96 1.00 0.99 0.99 3152
Cluster 8 0.92 0.66 0.77 1.00 1.00 1.00 798
Error 12 0.28 0.70 0.40 1.00 1.00 1.00 489
Error 13 0.94 0.19 0.31 1.00 1.00 1.00 533
Error 14 0.33 0.05 0.09 1.00 1.00 1.00 502
Error 15 0.99 0.33 0.49 1.00 1.00 1.00 516
Error 20 0.98 0.60 0.74 0.99 0.97 0.98 541
Error 21 0.69 0.23 0.35 1.00 0.98 0.99 531
Error 24 0.99 0.52 0.68 1.00 1.00 1.00 499
Error 25 0.96 0.82 0.88 1.00 1.00 1.00 540
Error 29 0.85 0.43 0.57 1.00 0.99 1.00 479
Error 30 0.32 0.53 0.40 1.00 1.00 1.00 455
Error 31 0.83 0.15 0.25 0.99 0.93 0.96 448
Error 41 0.72 0.16 0.27 1.00 0.95 0.97 387
Error 46 0.83 0.15 0.26 0.98 0.77 0.86 390
Error 47 0.98 0.11 0.19 1.00 0.91 0.95 403
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Table A6. Detailed per-class classification performance for idmea = 2 without hybrid fault-space
restructuring.

Class
DT RF

Support
Prec. Rec. F1 Prec. Rec. F1

Error 0 0.90 1.00 0.95 0.93 0.99 0.96 55,408
Error 1 0.00 0.00 0.00 0.25 0.06 0.10 478
Error 10 0.55 0.96 0.70 0.98 0.97 0.97 459
Error 11 0.90 0.55 0.68 0.97 0.98 0.97 444
Error 12 0.99 0.71 0.83 1.00 1.00 1.00 489
Error 13 0.70 0.84 0.76 1.00 1.00 1.00 533
Error 14 0.79 0.84 0.82 1.00 1.00 1.00 502
Error 15 0.86 0.77 0.81 1.00 1.00 1.00 516
Error 16 0.49 0.06 0.10 0.30 0.27 0.29 510
Error 17 0.38 0.08 0.13 0.24 0.22 0.23 514
Error 18 0.25 0.03 0.06 0.27 0.29 0.28 526
Error 19 0.26 0.83 0.39 0.29 0.32 0.30 508
Error 2 0.00 0.00 0.00 0.29 0.06 0.10 453
Error 20 0.94 0.59 0.73 1.00 0.97 0.99 540
Error 21 0.85 0.34 0.49 1.00 0.96 0.98 531
Error 22 0.00 0.00 0.00 0.28 0.10 0.15 532
Error 23 0.00 0.00 0.00 0.26 0.08 0.12 500
Error 24 0.96 0.98 0.97 1.00 1.00 1.00 499
Error 25 0.98 0.99 0.98 1.00 1.00 1.00 540
Error 26 0.75 0.44 0.55 0.99 1.00 1.00 513
Error 27 0.42 0.81 0.56 1.00 0.99 0.99 518
Error 28 0.54 0.31 0.39 0.99 1.00 0.99 509
Error 29 0.85 0.53 0.65 0.99 1.00 1.00 479
Error 3 0.93 0.55 0.69 0.98 0.97 0.98 461
Error 30 0.87 0.48 0.62 1.00 1.00 1.00 455
Error 31 0.80 0.20 0.32 0.99 0.94 0.97 448
Error 32 0.12 0.13 0.13 0.18 0.18 0.18 443
Error 33 0.17 0.46 0.24 0.22 0.30 0.25 462
Error 34 0.21 0.03 0.06 0.20 0.20 0.20 456
Error 35 0.22 0.04 0.06 0.18 0.17 0.17 445
Error 36 0.18 0.06 0.09 0.17 0.17 0.17 465
Error 37 0.14 0.08 0.10 0.19 0.15 0.17 460
Error 38 0.22 0.08 0.12 0.21 0.18 0.19 421
Error 39 0.00 0.00 0.00 0.31 0.09 0.14 398
Error 4 0.57 0.67 0.62 0.97 0.99 0.98 467
Error 40 0.00 0.00 0.00 0.31 0.10 0.15 401
Error 41 0.79 0.49 0.60 1.00 0.95 0.97 387
Error 42 0.00 0.00 0.00 0.29 0.09 0.13 392
Error 43 0.00 0.00 0.00 0.26 0.08 0.12 374
Error 44 0.56 0.80 0.66 0.98 0.99 0.98 404
Error 45 1.00 0.31 0.48 0.99 0.97 0.98 394
Error 46 0.55 0.60 0.57 1.00 0.80 0.89 390
Error 47 0.44 0.83 0.58 0.99 0.89 0.94 403
Error 5 0.00 0.00 0.00 0.35 0.10 0.15 485
Error 6 0.37 0.97 0.54 0.98 0.98 0.98 475
Error 7 0.96 0.71 0.81 0.98 0.98 0.98 454
Error 8 0.94 0.60 0.73 0.98 1.00 0.99 460
Error 9 0.98 0.50 0.66 1.00 0.98 0.99 440
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