. eprints@whiterose.ac.uk
Whlte Rose https://eprints.whiterose.ac.uk

(o) :
Q\J) ReseCerh On"ne Universities of Leeds, Sheffield and York

Deposited via The University of Sheffield.

White Rose Research Online URL for this paper:
https://eprints.whiterose.ac.uk/id/eprint/240668/

Version: Accepted Version

Article:

Plavos, D., Tsialiamanis, G., Karnezis, A. et al. (2026) Graph-based convolutional neural
networks for the classification of induction motor rotor bar faults using stator current &
stray flux. IEEE Transactions on Industry Applications. ISSN: 0093-9994

https://doi.org/10.1109/tia.2026.3685589

© 2026 The Authors. Except as otherwise noted, this author-accepted version of a journal
article published in IEEE Transactions on Industry Applications is made available via the
University of Sheffield Research Publications and Copyright Policy under the terms of the
Creative Commons Attribution 4.0 International License (CC-BY 4.0), which permits
unrestricted use, distribution and reproduction in any medium, provided the original work is
properly cited. To view a copy of this licence, visit
http://creativecommons.org/licenses/by/4.0/

Reuse

This article is distributed under the terms of the Creative Commons Attribution (CC BY) licence. This licence
allows you to distribute, remix, tweak, and build upon the work, even commercially, as long as you credit the
authors for the original work. More information and the full terms of the licence here:
https://creativecommons.org/licenses/

Takedown
If you consider content in White Rose Research Online to be in breach of UK law, please notify us by
emailing eprints@whiterose.ac.uk including the URL of the record and the reason for the withdrawal request.

ﬁ &, | University of

1 =
UNIVERSITY OF LEEDS Sh ffleld



mailto:eprints@whiterose.ac.uk
https://doi.org/10.1109/tia.2026.3685589
https://eprints.whiterose.ac.uk/id/eprint/240668/
https://eprints.whiterose.ac.uk/

Graph-based Convolutional Neural Networks for the Classification of
Induction Motor Rotor Bar Faults Using Stator Current & Stray Flux

Dimosthenis Plavos, Georgios Tsialiamanis, Aristeidis Karnezis, Nikitas Tsinnas, Zihao Song, Lazaros S Sofikitis,
Tiantai Deng, and Panagiotis A. Panagiotou, Member, IEEE

Abstract—Fault detection for induction motor diagnostics is
crucial to ensure system reliability in electric drives. In recent
years, research has shifted to combining signal processing and
machine learning techniques to improve diagnostic accuracy
under various machine states, notably the working conditions
of induction machines with different speeds or load profiles.
Modern approaches in diagnostic methods such as artificial
neural networks rely on manual feature extraction. On the
other hand, deep learning such as convolutional neural networks
(CNNs) can automatically extract features from raw data in
the learning process but are limited to grid-structured data. To
this end, graph neural networks (GNNs), and particularly graph
convolutional networks (GCNs), have become emerging solutions.
This paper proposes a fault detection framework that integrates
graph-theory-based learning and time-series analysis. The time
segments of stator current and stray magnetic flux signals are
constructed as graph nodes, and connections are established
based on similarity metrics. Additionally, spatial features are
extracted using GCNs, and time-series dynamics are modeled in
combination with long short-term memory networks (LSTMs).
The method is initially demonstrated using an extensive data-
sets of transient electromagnetic 2D finite element simulations
of two induction motors of the same power rating and different
rotor bar number. Then, it is verified experimentally via a range
of laboratory measurements at several levels of loading, thus
achieving non-invasive and highly accurate rotor fault detection
across a range of rotor fault scenarios in various loading levels.

Index Terms—induction motor fault diagnostics, graph convo-
lutional neural networks, deep learning.

I. INTRODUCTION

Electrical machines are key devices in modern industry.
Among them, induction motors are the most widely used
electromechanical conversion devices. However, due to various
reasons such as manufacturing defects or errors introduced
by related mechanical equipment, induction motors will in-
evitably experience faults [1]. These will eventually lead to
abnormal operations and operational interruptions, resulting
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in safety risks and economic losses [2]. Therefore, the devel-
opment of fault diagnosis methods has become increasingly
important. In a cage induction motor, rotor electrical faults
usually manifest as broken/cracked rotor bars/end rings. This
type of fault does not immediately cause catastrophic conse-
quences, but when a single bar breaks, adjacent or nonadjacent
bars will break due to higher current density distribution,
causing the fault severity to continue to deepen [3]-[4]. For
non-adjacent broken bar faults, when the two breakages are
half-pole pitch apart, the asymmetry of the two broken bars
will cancel out, therefore causing the fault characteristic sig-
nature to be weakened or even missing. The discussed fault
mechanism makes traditional diagnostic methods likely to face
false diagnostic outcomes [5].

Moreover, diagnostic reliability is strongly affected by
operating conditions. Broken rotor bar components in the
stator current are slip-dependent [6]. Under no-load or light-
load operation the slip approaches zero, so the faulty com-
ponents become weak and may lie close to the dominant
supply frequency component, where they can be obscured by
background noise and spectral leakage [6], [7], [8]. Small
speed fluctuations can further shift or broaden the spectral
components, reducing separability and making broken rotor
bar signatures harder to detect reliably. This can be more
problematic for machine learning models trained using a
limited set of operating conditions, which motivates training
and evaluation across multiple load conditions to improve
algorithmic robustness [9], [10], [11].

Recent research in induction motor fault detection focuses
on combining signal processing with machine learning tech-
niques to improve diagnostic accuracy under real-world con-
ditions. Methods based on time-frequency [12], deep learning
[13], and graph-based approaches [14] have shown strong
potential for detecting rotor faults in non-intrusive ways. Early
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applications in this direction for motor fault detection utilised
classifiers such as Artificial Neural Networks (ANNs) [15],
which relied heavily on manual feature extraction and domain
expertise [16]. The introduction of deep learning models,
particularly Convolutional Neural Networks (CNNs), marked
a significant advancement by enabling automatic feature learn-
ing from raw or minimally processed signals [17].

CNNs are primarily suited for grid-structured data such as
images and for ordered sequences such as time series, but
CNNs do not explicitly encode relations between multiple het-
erogeneous sensors. Many existing neural methods on fault-
diagnosis add extra steps making them more difficult to deploy.
Signals are often converted into other domains by transforma-
tions, increasing preprocessing and computational burden [12],
[17]. Sequence models such as recurrent networks, including
LSTMs, can learn temporal patterns in ordered data, but the
representation still depends on a fixed input order and does not
directly capture cross-sensor interactions unless extra fusion
design is added [18]. Attention-based Transformer models can
also capture long-range dependencies, but standard self-atten-
tion becomes expensive for long input windows because its
cost grows quadratically with sequence length [19]. This lim-
itation becomes more pronounced when combining measure-
ments from different sensor types. Multi-sensor information is
essentially handled through explicit fusion designs at the data,
feature or decision level requiring alignment and tuning across
heterogeneous channels [14], [20].

In the current work, the proposed approach avoids such
complexities by using purely time-domain stator current and
stray flux measurements, while learning pairwise relationships
between sensors directly. Graph neural networks are well
suited for this setting because the output is order-invariant to
sensor, which also supports future extensions such as sensor-
dropout without redesigning the input format. In induction
motor fault diagnosis, informative patterns can also appear in
the relationships between multiple signals, especially for non-
linear or non-stationary signals. For instance, mutual infor-
mation (MI) has been used to capture non-linear dependence
between variables, and entropy-based measures have been
applied to quantify changes in coupling or complexity between
time series [21], [22]. To capture such dependencies more
effectively, research has explored Graph Neural Networks
(GNNs), particularly Graph Convolutional Networks (GCNs)
[23], which generalise the concept of convolution to graph-
structured data. In GCNs, each node aggregates information
from its neighbours, capturing complex spatial dependencies
and global structures within irregular datasets [23]-[24]. This
capability proves effective for tasks requiring structure rep-
resentations, such as fault detection, where graphs can be
constructed from signal features and the physical mechanisms
underpinning their relationships [25]-[26].

This paper proposes a machine learning tool for rotor
fault detection. The proposed deep learning framework is
a combination of the GCNs and Long Short-Term Mem-
ory networks (LSTMs), which can effectively distinguish the
healthy and faulty states of asynchronous motors under various
rotor cage fracture conditions independently from the machine
load level [27]. The implementation of the proposed neural

network architecture is performed on datasets from extensive
transient electromagnetic 2D Finite-Element Analysis (FEA)
simulations of two 4 kW motors at various loading conditions
and then validated with experiments on a 1.1 kW induction
motor, with the experimental results being in agreement with
the theoretical ones acquired via the FEA simulations. Besides
the accuracy achieved in the classification of the fault, the
proposed method provides a rigorous and robust classification
of the fault cases and is independent of the load condition, as
the presented framework is tested on several values of loading
levels from no-load to full-load, and performs equally well
in terms of classification accuracy for the whole range of all
the loading levels. The remainder of the paper is structured
as follows: Section II provides a brief overview of graph-
based neural networks and related metrics, while Section III
discusses the methodology for the proposed GCNN architec-
ture. Section IV presents the results from FEA simulations
and experimental measurements evaluating its applicability
and generalisation at the no-load condition, while Section V
provides the conclusions of this work.

II. THEORETICAL BACKGROUND

In applications of graph theory for fault diagnostics, graphs
are constructed with nodes representing signal features, such
as wavelet coefficients or extracted descriptors. Additionally,
the edges of the graph encode the similarity of interaction
between them [28]. By operating over such graph structures,
GCNs can model both local and global dependencies, im-
proving fault detection performance, especially in challeng-
ing settings like few-shot learning scenarios [26] or semi-
supervised environments [25]. This approach enables richer
feature representations compared to traditional deep learning
methods, making it highly effective for structured industrial
datasets such as those encountered in rotating machinery fault
detection. To effectively capture interactions between different
signal segments, Granger causality analysis has emerged as a
valuable tool offering a framework for ushering directional
relationships between signals by quantifying how correlated
they are. In fault diagnosis contexts, Granger causality has
been used to construct graphs where edges represent causal
influence between features, enabling more interpretable and
data-driven modelling of industrial systems [29]-[30]. By
applying Granger-based methods to healthy operational data, it
becomes possible to define the baseline relational structure of
the system. This can then be leveraged for sensitive fault de-
tection as deviations from expected causal patterns, notionally
rendering unsupervised feature extraction.

In addition to capturing spatial dependencies, modelling the
temporal progression of system behaviour is equally important.
LSTMs are a type of recurrent neural network designed to
model temporal sequences with long-range dependencies by
mitigating issues like vanishing gradients [18]. LSTMs have
demonstrated strong capabilities in capturing the temporal
evolution of system behaviours, enabling the detection of
gradual or evolving faults over time [31]. Their ability to
process sequential data makes them a complementary advan-
tage to graph-based feature extraction methods, supporting a
comprehensive spatial-temporal fault diagnosis framework.



On the other hand, GCNs provide a powerful framework
for pattern recognition on multivariate time-series data by
representing data within a time window as a graph [23]. The
nodes of the graph correspond to sensor channels, whereas the
edges indicate statistical relations among those channels. In the
context of fault detection and rotating machinery, GCNs can
distinguish healthy simulation data sets from faulty ones by
detecting changes in the correlation among the signal features.
Beyond these advantages, the application of GCNs allows to
choose among different methods to define the edge weights
as the main factor that differentiates the decision of healthy
or faulty. Building on these concepts, the approach presented
in this paper integrates graph-based learning and temporal
modeling for reliable rotor fault detection. By representing
time segments of stator current and stray flux signals as nodes,
connections are established based on signal similarity mea-
sures. Graphs are constructed that capture both the spatial and
temporal relational structures of the data. A GCN is used to
extract meaningful features from these graphs, while a LSTM
models the temporal progression of the motor conditions over
time. This combination enables the detection of faults by a
non-intrusive condition-monitoring framework and a robust
machine-learning-based spatio-temporal approach.

Compared to traditional diagnostic methods for broken bars
in induction motors, deep learning frameworks based on Graph
Convolutional Neural Networks (GCN) and Long Short-Term
Memory Networks (LSTM) effectively avoid the difficulty in
diagnosing the fault when the motor is in no-load or light-
load operation mode. Previous studies have improved the de-
tectability of broken rotor bar faults when slip is low using ad-
vanced signal processing strategies [32] or specialised sensing
approaches [33], but these can increase implementation com-
plexity or instrumentation requirements. Artificial intelligence
approaches such as neural networks and fuzzy logic have also
been explored [34], [35], but many still aim to enhance tra-
ditional diagnostic methods rather than directly analysing the
raw time domain signal to produce a diagnostic outcome [36].

III. METHODOLOGY
A. Graph Generation via Granger Tests and Entropy

GCNs [23] provide a powerful framework for pattern
recognition in multivariate time-series data by representing
sensor interactions within a time window as a graph. Fig.
1 presents the proposed GCN architecture. The six nodes of
each graph represent the sensor channels, notably three stator
line currents and three signals from search coils measuring
stray flux. The objective is to train a GCN that classifies a
small-size window of continuous signals as faulty or healthy.
The first raw six-channel series of data are first normalised
using z-score normalisation: each channel is centred by its
mean (u;) and scaled by its standard deviation (o;), computed
over the entire dataset, to ensure the numerical ranges are
comparable across different channels. The continuous stream
of each dataset is then split into non-overlapping windows of
40 rows (equivalent to 4ms). Within each window, each sensor
becomes a graph node whose feature vector consists of the
40 normalised readings, as illustrated in the “Initial Graph”
depicted in Fig. 1.
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Fig. 1. Architecture of GCN model: Highlighted segments from six channels
(3 stray flux and 3 stator current signals) represent a single time window used
to construct a graph for spatial feature learning. This visualisation corresponds
to one sliding step; subsequent steps shift the window forward in time.

The key challenge in using the GCN is defining the edge
weights that reflect interdependence among acquired signals.
To achieve this, using only data from healthy simulations,
each simulation (~ 70,000 samples) is divided into blocks of
10,000 samples (1s). Within each block, Granger causality
is used to quantify directed relationships between features.
Specitically, for a given pair of features, the test evaluates
whether the past of one feature helps predict the future of the
other. To capture effects at different time delays, lags from 1 to
5 timesteps are evaluated and a p-value is computed for each
lag. These p-values are then treated as a continuous correla-
tional strength metric, where smaller values indicate stronger
evidence of a directed predictive effect. For each feature pair,
the smallest p-value across lags is retained and converted
into an edge weight w = 1 — p. Repeating this process for all
signal pairs produces a causality matrix whose values indicate
the predictive influence between sensor channels.

However, directly applying Granger causality tests on large
blocks can result in an overly dense causality matrix, because
p-values tend to zero while increasing the computational cost.
To mitigate this, the permutation entropy (PE) is introduced
as a computationally efficient way to capture the dependencies
among the six features, using an embedding dimension m = 3,
and delay d = 1. In this case, each block of 10,000 samples
is divided into overlapping chunks of 100 rows with an 80-
sample step. For each chunk, the permutation entropy is
computed on each channel. The permutation entropy quantifies
the degree of disorder in the time series of the signals and
reflects its complexity. Using the entropy values instead of
raw signals, Granger causality tests are run for each chunked
block, generating a causality matrix per block. Averaging these
matrices across blocks and all healthy simulations produces a
final causal weight matrix. In every input graph, an edge from
node to node is assigned a weight. To illustrate the importance
of permutation entropy, Fig. 2 presents the entropy values



of a search-coil signal capturing stray flux. In healthy data,
it remains high and stable, whereas in faulty conditions it
exhibits a noticeable drop and fluctuations, indicating more
prominent signal dynamics. These confirm the usefulness of
permutation entropy as a metric for causal attribution.

Stray Flux Sensor 1 (V) - Healthy | Permutation Entropy Overlay
20
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Fig. 2. Entropy values of stray flux: healthy (top) vs faulty (bottom).

B. Graph Convolutional Networks Architecture

In the proposed GCN architecture, each input graph contains
six nodes. Each node carries a 40-dimensional feature vector
representing a 40-sample window of continuous signal values.
The graph is fully connected, resulting in up to 30 directed
edges which are weighted by the infered causal matrix from
the Granger causality analysis. The graph is processed through
two graph convolution layers. The first layer transforms these
40-dimensional inputs into 64 hidden channels, performing
weighted messages passing along the edges, followed by
Rectified Linear Unit (ReLU) activation. The second GCN
layer maintains the 64-dimensional representation while in-
tegrating further information across the graph. The resulting
node embeddings are collapsed into a single 64-dimensional
graph representation by applying a global mean-pool opera-
tion. Finally, this embedding is passed through a multilayer
perceptron head; first, a fully connected layer (64 — 64) with
ReLU application, then a linear layer (64 — 2) that produces
logits for the binary classification task (healthy vs. faulty).

C. Fairing GCN with LSTM

To further enhance the temporal modelling capabilities and
capture sequential patterns across consecutive graphs, the
original GCN architecture was extend by a LSTM. In the
combined GCN-LSTM model, each graph is constructed as
in the original GCN model corresponding to a window of
data. To model temporal evolution, sequences of 5 consecutive
graphs are formed by sliding a window with a fixed length
of 2 graphs. Fig. 3 visualises the extended GCN-LSTM
architecture, illustrating how the graph-level embeddings from
the GCN are passed through a two-layer LSTM to capture
temporal dependencies. Each sequence is labelled by the type
of condition case it belongs to (healthy or faulty). Within each
sequence, the graphs are first processed independently through
GCN layers. Each graph’s node features are passed through
the first GCN layer, where 40 input features result in 64
hidden channels with ReL.U activation. Then, they are passed
through the second GCN layer that retains the 64-channel

dimensionality, eventually forming a 64-dimensional graph
embedding for each graph in the sequence. These embeddings
are then stacked along the temporal dimension to form a
sequence tensor of shape (batch-size, sequence length, feature-
dim), specifically (B, 5,64). This sequence tensor is input into
a two-layer LSTM network, designed to capture dependencies
across continuous data. Each LSTM layer contains a hidden
size of 128 units, with a dropout rate of 0.3 applied between
layers to prevent overfitting. The output of the LSTM’s final
step is passed through a fully connected layer (128 — 64) with
ReLU activation, followed by a final linear layer (64 — 2) that
produces logits for binary classification by using class scores.
In total, the model contains 246, 594 learned parameters. The
rationale for deploying the augmented GCN-LSTM by a serial
architecture is to use the GCN to extract latent features from
the time signals, and, subsequently, to exploit the temporal
characteristics of the features via the LSTM to perform the
classification.
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Fig. 3. Architecture of GCN - LSTM model illustrating a single inference
step. The figure represents one step in a sliding window sequence (subsequent
steps shift the input window forward in time).

D. Induction motor models & datasets

Two 3-phase induction motors with different rotor geometry
and number of rotor bars were modelled in 2D FEA using the
commercially available software package “Simcenter Magnet”
in the electromagnetics environment to examine them under
healthy and broken bar cases with the proposed methodology.



Table I specifies the characteristics of the simulated motors.
Fig. 4a illustrates the cross-section of Motor #1 with the cor-
responding contour plots of the magnetic field distribution.

TABLE I
CHARACTERISTICS OF SIMULATED MOTORS

Characteristics Motor#1 Motor#2
Supply Frequency 50 Hz 50 Hz
Stator Winding A-connection | A-connection
Output Power 4 kW 4 kW
Rated Voltage 400 V 400 V
Rated Current 10 A 10 A
Rated speed 1450 rpm 1450 rpm
Pole pairs 2 2
Stator slots 36 36
Rotor bars 28 32

(a) (b)

Fig. 4. (a) The machine geometry (top) with the magnetic distribution (bot-
tom) of the simulated Motor#1 model, and (b) the location of bar breakages.

Beyond the baseline (healthy) model per motor case, four
modified configurations were developed for each motor to sim-
ulate bar faults at varying severity levels: single-bar breakage,
two adjacent bars, two non-adjacent broken bars positioned
at a half-pole pitch distance, and two non-adjacent broken
bars positioned at a full-pole pitch distance. The locations
of each bar breakage case are illustrated in Fig. 4b, while
Table II enumerates the simulation models and the slip values
under different loads levels. To balance the healthy and faulty
simulation data in terms of datasets population, additional data
where considered from a healthy machine model with load
uniformly ranging from 10% to 90% of the rated loading.

E. Experimental Set-up & Equipment

For experimental validation, an electric machine dy-
namometer with electric vehicle emulation capability was
utilised. This electrical machines rig is developed specifically
for electric vehicle simulation systems [37] - [38]. As shown
in Fig. 5a, the main components of this rig include an
induction motor (IM) and a permanent magnet synchronous
motor (PMSM). The induction motor is a 1.1 kW, 4-pole, 28 V,
50 Hz induction motor with 36 stator slots, 46 rotor bars, and a
A-connected distributed winding. The specific characteristics
of the induction motor are detailed in Table III.

TABLE II
SUMMARY OF FEA MODELS AND VALUES OF SLIP
Case Load Motor#1 | Motor#2
Healthy_fl 1.50% 1.20%
Healthy Healthy_hl | 0.74% 0.59%
Healthy_nl 0.072% 0.054%
BB_1_1l 1.56% 1.24%
1 broken bar BB_I_hl | 0.77% 0.61%
BB_1_nl 0.077% 0.056%
. BB_2 fl 1.64% 1.30%
2 adjacent
broken bars BB_2_hl 0.81% 0.64%
BB_2_nl 0.082% 0.059%
2 non-adjacent broken | BB_hpp_fl 1.09% 1.29%
bars at half-pole BB_hpp_hl | 0.54% 0.64%
pitch distance
BB_hpp_nl | 0.058% | 0.058%
2 non-adjacent broken | BB_fpp_fl 1.08% 1.29%
bars at full-pole BB_fpp_hl | 0.54% 0.63%
pitch distance
BB_fpp_nl | 0.056% | 0.057%
TABLE III

CHARACTERISTICS OF TESTED MOTORS

Characteristics Specification
Supply Frequency 50 Hz
Stator Winding A-connection
Output Power 1.1 kW
Rated Voltage 28V
Rated Current 456 A
Rated speed 1450 rpm
Pole pairs 2
Stator slots 36
Rotor bars 46

To create the various rotor bar breakage scenarios, several
identical rotors were drilled by precision machining at differ-
ent locations of the rotor cage corresponding to the single-bar
fault, two adjacent broken bars, and two non-adjacent bro-
ken bars at half-pole pitch distance, as the arrows indicate
in Fig. 5b. The experimental measurements were obtained in
open-loop control mode under different load conditions, being
consistent with the FEA simulations, and further additional
validation was performed beyond the FEA cases at other load
levels. Table IV summarises the cases used in experimental
measurements and their slip values in different operating loads.

As shown in Fig. 5a, the stator current signals are captured
by three identical current sensors (one for each phase termi-
nal). Also, three identical flux sensors, which are search coils
with a 1500 turns copper winding, are placed on the surface
of the induction motor with a displacement of 120 electrical
degrees capturing the stray flux signals outside the yoke of the
machine. All measured signals were logged onto an oscillo-
scope with 8 channels, 12-bit resolution, 20 MHz bandwidth
and a serial bus decoding with 256 MS buffer memory. Each
of the six waveforms (three current signals and three stray flux
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Fig. 5. Hardware used for experimental measurements: (a) electric vehicle
emulator system and instrumentation for data acquisition, and (b) rotors with
broken bars at different locations: 1 broken bar (left), 2 adjacent broken bars
(middle), 2 non-adjacent broken bars at half pole pitch distance (right).

TABLE IV

SUMMARY OF EXPERIMENTAL MEASUREMENTS - CASES & VALUES OF
SLIP PER LOAD LEVEL

Load H BB1 BB2 | BB_hpp
0% 247% | 2.13% | 2.47% 2.60%
20% | 3.67% | 347% | 3.67% | 4.00%
35% | 533% | 520% | 547% 5.93%
50% | 747% | 1271% | 71.87% 8.53%
65% 8.80% | 8.73% | 947% | 10.20%
0% | 9.67% | 9.40% | 1020% | 12.33%
75% | 1020% | 10.27% | 11.13% | 13.20%
80% | 1227% | 12.13% | 1347% | 15.40%
85% | 1320% | 1327% | 1520% | 17.67%
90% | 14.87% | 14.80% | 17.07% | 19.47%
95% | 17.00% | 1647% | 18.07% | 21.80%
100% | 18.60% | 19.20% | 21.40% | 25.67%

signals) occupies a separate channel, and is captured at a 20
kHz sampling rate, each lasting 50 seconds, which ensure the
measurement adequately covers the signal when the motor is
operating at the steady state.

IV. RESULTS
A. Results from FEA simulations

1) Results of GCNN by FEA Simulation Data:

To evaluate rigorously the methods employed in a comprehen-
sive manner, the performance of the standard GCN model is
assessed first, using two evaluation strategies. As illustrated
in Fig. 6, these are: (i) a random train-test split, and (ii) a
generalisation test, where simulations from specific machine
fault scenarios were excluded from training and only used in
testing. In the first approach, ~ 80% of the entire corpus of
healthy and faulty data was randomly selected for training,
while the remaining ~ 20% formed the test set. This setup
resulted in the creation of 33,500 training graphs (17,420
healthy and 16,080 faulty) and 8,375 test graphs (4,355

healthy and 4,020 faulty). The GCN was trained for 20
epochs using the Adam optimiser (learning rate: 1 x 1073,
batch size: 128 graphs) with 11,074 learned parameters. All
neural network architecture implementations were conducted
on the Apple M1 CPU, with an average training time per
epoch ~ 1.846s, whereas the average inference time reached
~ 0.273s. The CPU time needed for the causal matrix creation
was 89.01s. The GCN achieved a classification accuracy of
97,72%, indicating high reliability in distinguishing healthy
and faulty data windows, as illustrated in Fig. 7(a).
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Fig. 6. The two evaluation strategies for the proposed models: “Strategy I”
involves combining all data, creating graphs through time-windowing and then
randomly splitting into train and test. “Strategy II” assigns entire simulation
scenarios exclusively to either training or testing, ensuring the model is
evaluated on “unseen” operational conditions.

To evaluate the model’s generalisation ability, three inde-
pendent runs were conducted, where three healthy and two
faulty simulation datasets were excluded from training. In
each run, the training graphs are equal, 16,750 for both
healthy and faulty data, and the training graphs are 5,025
and 3,359, correspondingly. Each accuracy discussed below
is reflecting the average of the accuracies on the diagonal of
the corresponding confusion matrix, as the dataset is balanced
regarding the number of healthy and faulty instances in it.
The model was trained only on the remaining simulations
and then evaluated on the two “unseen” simulations. Despite
never having “seen” these scenarios during training, the GCN
maintained a high average generalisation accuracy of 98.08%,
with the results presented in Table V showing that the model’s
detection ability is not limited to specific simulation cases.

Testing Data

Training Data

Despite the strong performance of the initial GCN, the
Granger causality tests led to dense adjacency matrices that
do not highlight the dependencies between sensor channels.
Replacing the causality graph construction with the PE-based
yielded better results with lower computational cost. In terms
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Fig. 7. Confusion matrices of the implemented NN architectures: a) GCN,
b) GCN-PE and (c) learning curve of PE-enhanced GCN model.

of accuracy, it achieved an improved value of 99.4%, Fig.
7(b), on the random train-test split, and an average value
of 99.01% in the generalisation scenario. Table V gives the
average accuracy score by three different generalisation runs
using the PE-enhanced GCN. Moreover, Fig. 7(c) presents the
learning curve for the Random Train-Test Split scenario, which
illustrates that the PE-enhanced GCN converges rapidly. It sur-
passes accuracy of 90% by the second epoch and then steadily
increases to approximately 99%. The train and validation
curves show the rapid convergence and strong generalisation
performance.

From the perspective of computational cost and burden, the
time needed to form the final causal matrix dropped from
89.01s to 14.19s, resulting in a x6.27 speed-up. This effi-
ciency is crucial for cases of scaling to longer simulations that
require the computation of multiple Granger causality matri-
ces. As outlined in the methodology section, the GCN-LSTM
model allows the system to learn the temporal dependencies
and evolution patterns from the graphs created and the signal
dynamics, yielding even higher accuracy. In the random train-
test split setting, the model achieved an accuracy of 99.93%
(Fig. 8(b)), outperforming the GCN with PE. Remarkably, high
accuracy results were observed in the generalisation scenario,
where the GCN-LSTM reached accuracies in the range of
99.66%—99.95% on the three entirely “unseen” sets of healthy
and unhealthy simulations (Table V). Fig. 8(d) visualises the
learning curve of the GCN-LSTM method for the random
train-test split scenario, showing that it increases quickly to
over 95% after epoch 2 and reaches an accuracy near 100%.

After the compelling results on Motor #1, the evaluation was
extended to the second machine (Motor #2) to further confirm
the validity of the method. Since the value of incorporating
Permutation Entropy is evident, the work focused on the GCN-
PE results and used the generalisation-based evaluation, which
best reflects signal dynamics and indicates system robustness.

As shown in Fig. 8(a), the GCN-PE method reached an ac-
curacy of 94.74%, when using whole files (65% for training
with balanced healthy and faulty data, 15% for validation and
20% unseen files for testing). Using the same split, the GCN-
LSTM method achieved an accuracy score of 98.83% (Fig.
8(c)), confirming the performance gain when adding LSTM.
Three runs using different test files were also carried out for
both methods and the initial GCN, with all results presented
in Table V. Overall, the experiments underline the benefits of
PE, both in accuracy and computational efficiency, and the
impact of LSTM on improving the final model.

TABLE V
PREDICTION ACCURACY

Average Accuracy % in 3 runs

Test Files Tnitial GCN | GCN & PE | GCN-LSTM
Motor#1 99.08% 99.01% 99.79%
Motor#2 94.94% 95.30% 98.83%

Experimental 87.91% 89.71% 98.38%

The GCN-LSTM method progressively distinguishes the
healthy from faulty data, while Principal Component Analysis
(PCA) is applied in three stages of the architecture implemen-
tation. As shown in Fig. 9, these are the raw input windows, the
hidden-state embeddings produced by the GCN-LSTM model,
and the final 2D logits before softmax. By projecting each rep-
resentation into its top two or three principal components, this
approach facilitates the visual inspection and assessment of the
model’s ability to separate the classes at each step. Regarding
Motor #1, in the 3D PCA of the raw inputs, the faulty and
healthy data windows are intermixed indicating that there is
not a single feature informative enough to discriminate. The
next 3D PCA shows a more compelling separation with only a
few intermixed points, confirming that the model has captured
the discriminative patterns of the data. The last 2D diagram
shows two non-overlapping clusters of points, indicating that
the model was able to establish a decision boundary that
distinctively separates the two classes effectively. A similar
trend appears in Motor #2, though with slightly greater overlap
between the two classes, which is consistent with the smaller
accuracy score in the case of the Motor #2 datasets. The
performance drop observed for Motor #2 links to inherent
properties such as Principal Slot Harmonics (PSH) [39], [40],
[41] as well as to speed- and torque-ripple effects relating to
the combination of stator slot-rotor bar number which are to
some extent amplified by the 2D geometry of the FEA setting.

2) Generalisation in No-Load Operation via FEA Data
In this work, an evidence-informed decision was made to
intentionally choose to evaluate the model’s generalisation
ability exclusively under no-load scenarios. The rationale for
this decision was based on the challenges associated with
fault detection in induction motors operating at no-load. In
no-load driving conditions, the motor stator current becomes
sensitive to small speed changes and small load variations,
which makes it difficult for traditional methods such as
those based on fast Fourier transform (FFT) to distinguish
differences in spectra due to spectral leakage and other
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Fig. 9. (a—c) PCA in three stages for the dataset of Motor #1: (a) raw input
windows (3D), (b) hidden-state embeddings produced by the GCN-LSTM
model, (c) final two-dimensional logits before softmax; (d-f) corresponding
PCA results on the dataset of Motor #2.

reasons [9]. Moreover, the currents caused by faults are much
weaker under no-load conditions and easily get masked in
the background noise, making steady-state Motor Current
Signature Analysis (MCSA) susceptible to misdiagnosis [8].
By learning from clearer, more reliable examples and then
testing in data from no-load conditions, it is ensured that
the proposed model is trained in well-defined fault patterns
and generalises in other scenarios. Examining this scenario
where the model uses no-load datasets only during the
neural network testing process, the proposed GCN-LSTM
architecture reached an accuracy score of 97.87%, thus being
slightly lower compared to the value of 99% when trained
and tested across all loading conditions. Nevertheless, these

results still indicate the robustness of the proposed approach.
As such, by combining permutation entropy with Granger
causality, the proposed framework captures informative
relations among signals that traditional approaches such as
frequency-based, time-frequency representations, or steady-
state methods cannot detect. Therefore, a trial study was
conducted excluding the stator line current signals, where it
was observed that the model still retains its ability to detect
faults with high accuracy. Specifically, it achieved an accuracy
of 97.32% on a test set including all no-load simulations. This
demonstrates that the model is not dependent on load-related
features and that the causal relationships among signals
contain sufficient information for reliable diagnosis, even
under no-load operation. In the simulation dataset of Motor#2,
the model reached an accuracy of 87.30%. Although this
accuracy level is lower than the result acquired for the
simulation cases of Motor#1, it still demonstrates the model’s
ability to identify previously unseen no-load faults which is
poses a significant diagnostic challenge.

B. Results from Experimental Measurements

1) Results of GCNN on experimental cases

Similar to the FEA results, each accuracy reported below
is reflecting the average of the accuracies on the diagonal of
the corresponding confusion matrix, as the dataset is balanced
regarding the number of healthy and faulty instances in it.
The proposed graph-based learning framework was tested on a
laboratory-scale 3-phase induction motor. The datasets include
measurements from the experimental test-rig described in Sec-
tion III-E. Expectedly, such measurements include higher lev-
els of noise and complexity because of peripheral electronics
and environmental factors, making the classification task more
challenging compared to the simulated case. Following the
same procedure as in the FEA simulations, the first applica-
tion on the experimental data involves the application of the



GCN methodology enhanced with the PE information for the
causal matrix construction. A class-balanced dataset was used,
comprising eight files of healthy runs and eight of faulty ones,
including the transient states. From each file, 65% of the data
was used for the model’s training, 15% for validation and
the remaining 20% for testing, with each part being randomly
selected within each file. A window size of size 50 was initially
used, consistent with the simulation cases, with the accuracy
of the GCN-PE model being 69.70%. The reduced accuracy
at this stage can be attributed to the sampling rate difference
between the simulation and experimental datasets.

To address this difference in sampling rate, the window
size was increased to account for the higher sampling of the
experimental case; higher sampling rate indicates that longer
windows are needed to capture the effects of the faults within
signals. After testing different window lengths, a window of
size 350 was selected as optimal, resulting in a considerable
improvement of 89.71% accuracy, as can be seen in Fig. 10(a).
Subsequently, the GCN-LSTM method was applied to the
same experimental data. For comparison, the proposed GCNN
model was first trained and tested using a window size of
50, which resulted in an accuracy of 96.73%. As expected,
increasing the window size to 350 led to an increased accuracy
of 98.18%, as shown in Figure 10(b), verifying the model’s
capability to distinguish between healthy and faulty cases.
Additionally, as observed from Fig. 10(d), there is notionally
a slight overfitting corresponding to the GCN-PE model —
thus, highlighting the importance of incorporating the LSTM
layer. As illustrated in Fig. 10(e), while the validation accuracy
shows some fluctuations across epochs, it remains consistently
high, indicating the model’s ability to generalise well.

As in the simulations, PCA was applied to three stages of
the inference procedure with the experimental data -on the raw
input features, the hidden-state embeddings extracted from the
GCN-LSTM network, and the final logits before the softmax
layer. The first two principal components are shown in Fig-
ure 11, confirming that, similarly to the simulated case, the
healthy and faulty data are entangled in their original space
(raw data). The model performs the required disentanglement,
exploiting the temporal characteristics and correlations of the
signals (gradual disentanglement in the hidden state and, al-
most, complete disentanglement in the logit space).

2) Experimental Validation in No-Load Operation

To further investigate the fault-identification potential of
the proposed methodology, its generalisation capability was
evaluated in cases with no mechanical load applied to the
motor, aligning with the no-load investigation performed with
the simulation data case study. A set of experiments was
performed in no-load driving and the corresponding no-load
dataset was acquired. The model was trained exclusively on
data derived of cases where the motor operated with with load,
and it was tested on detecting the fault for the later no-load
dataset. The examination of the scenario is a key finding, as
the identification of faults in no-load can be challenging when
using traditional signal processing approaches [6] - [42].

Similarly to the application presented in the previous sec-
tion, the model’s extrapolation capabilities were evaluated

in no-load conditions. In this stage, the GCN-LSTM model
was trained and validated based on the with-load cases. The
model’s accuracy was evaluated exclusively on the unseen-
by-the-model no-load data, again including the motor starting
transient. Using a window of size 350, the model achieved
a classification accuracy of 92.79% on the no-load dataset,
showing its ability to generalise and detect faulty patterns
even in no-load scenarios. As shown in the confusion matrix
in Fig. 10(c), the model maintained high accuracy for faulty
cases, highlighting its robustness in capturing key tempo-
ral dependencies among the sensor channels. This result is
particularly significant because it indicates that the temporal
features captured by the model are quite general and not
specific to the loads used for the training data acquisition. As
mentioned, the training and testing data also include transient
states, highlighting the capability of the model to identify
proper temporal features which enable accurate classifications
for these states. The proposed PE-enhanced GCN-LSTM
framework effectively used the knowledge acquired from the
loaded operating states to predict faults for no-load stages,
without need for additional retraining. This result confirms
the method’s capability to be used in real-world applications,
where no-load, low-load, and transient states are common.

V. CONCLUSIONS

This manuscript presented the application of Granger
causality-informed GCNs for the reliable detection of rotor
faults in induction motors. Different rotor bar breakage scenar-
ios were evaluated, including the cases of single-bar fault and
challenging cases of non-adjacent cage breakages. The healthy
and rotor fault scenarios were initially evaluated with extensive
data-sets from transient electromagnetic 2D finite element
simulations of two 4 kW induction motors with different rotor
bar number. Then, the proposed methodology was verified
experimentally via a range of laboratory measurements at
several levels of loading, thus achieving non-invasive and
highly accurate rotor fault detection across a broad range of
rotor fault scenarios in various loading levels.

The proposed machine learning framework was investigated
in a range of loading conditions and the Granger causality
analysis was enhanced with the addition of permutation en-
tropy to reduce the sample space used for the computation
of the causal matrix. As such, the accuracy scores were
increased while achieving a computational cost reduction. The
architecture was extended with the incorporation of a two-layer
LSTM model resulting in enhanced classification and higher
accuracy. The model was assessed using both random train-
test split and generalisation tests by examining the accuracy
in “unseen” files during training. Both cases achieved high
accuracy scores surpassing 98%. The model’s generalisation
ability was evaluated on a set of ‘“No-Load” data, which
is a challenging condition for traditional approaches. These
data were excluded from the training process to ensure fair
assessment. In a separate trial, the current signal features were
removed due to the noise they potentially add to the training
process. The same procedure was followed to test the proposed
model’s performance on experimental data and its accuracy
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Fig. 11. PCA in three stages for experimental dataset: (a) raw input windows
(3D), (b) hidden-state embeddings produced by the GCN-LSTM model, (c)
final two-dimensional logits before softmax;

was higher than 98%. Similarly, the model performed classifi-
cation with accuracy of 92.79% on unseen no-load data, which
is quite challenging to tackle with traditional approaches. In
all examined cases, the model yielded results with high clas-
sification accuracy, indicating great generalisation ability, and
independence from load-related features. This architecture can
be adapted to problems involving a higher number of sensors
by increasing the number of nodes, modifying the Granger
causality matrix computation, or adjusting the window size.

Aspects of future work intend to explore the hardware im-
plementation of the proposed machine learning framework and
the generalisation of the architecture across various machine
types and power ratings. Complementary techniques in com-
bination with Granger causality analysis may be derived to
facilitate edge weights. Further, the architecture is to be ex-
panded into the classification between multiple fault conditions
and for estimation of the fault severity within classes. Another
aspect of future work pertains to the real-time implementation
of the proposed approach, either by tools such as FPGA or
on-chip implementation of the machine learning framework.
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