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Abstract

End-of-Line (EoL) quality inspection of electric motors requires reliable detection of man-
ufacturing faults before products leave the production line. However, conventional su-
pervised deep learning approaches depend on a sufficient number of labeled instances of
faulty motors, which are scarce in high-quality manufacturing environments. This limits
their applicability to newly introduced products and previously unobserved fault types.
This paper presents an unsupervised deep learning framework for anomaly detection in
motor acoustic and vibration signals, designed for EoL quality inspection in manufacturing.
The proposed method leverages Mel-frequency spectrograms (MFSs) as input features
and employs a hybrid neural network combining a convolutional neural network (CNN)
and bidirectional gated recurrent units (BiGRUs), effectively capturing both local spectral
patterns and temporal dependencies. The method is evaluated on real industrial production
data from over 2400 motors, of which approximately 4.3% were faulty, reflecting the highly
imbalanced nature of high-quality manufacturing. The model was trained exclusively on
healthy motor data and therefore does not require labeled faulty samples during training.
Experimental results demonstrate strong discrimination between healthy and faulty motors,
indicating that the proposed approach is suitable for automated EoL quality inspection in
manufacturing environments where labeled faulty data are scarce.

Keywords: end-of-line quality inspection; fault detection; vibration monitoring; condition
monitoring; deep learning; hybrid neural network

1. Introduction

Nowadays, highly reliable electric motors play a crucial role across a wide range of
applications, from industrial automation and robotics to customer applications. In modern
manufacturing lines, EoL quality inspection is essential to ensure highly reliable electric mo-
tor production that meets strict performance, safety and customer requirements [1,2]. The
importance of EoL inspection has been well-documented. Manufacturing tolerances and
assembly variations have been demonstrated to introduce defects that must be identified
and addressed before motors reach end users [3]. In this context, automated EoL inspection
systems have become a critical component of zero-defect manufacturing strategies [4].
Traditional EoL inspection systems rely on signal preprocessing, feature engineering and
rule-based thresholding [5,6]. Quality assessment typically combines measured electrical
parameters, processed acoustic and vibrational signals and expert knowledge. Early work
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on automated EoL inspection for electric motors demonstrated that a combination of acous-
tic signal analysis and expert knowledge can identify fault types reliably on the production
line [7,8]. While these methods are well established, they often struggle to capture complex,
non-linear fault signatures and are limited in their ability to generalize to new or evolving
fault types [9].

Recent advances in deep learning have enabled powerful data-driven approaches for
fault detection and quality control. CNNs have been recognized as a successful approach
for extracting discriminative spatial features from time-frequency representations such as
spectrograms, while recurrent architectures such as BiGRUs capture temporal dependencies
in sequential data [10,11]. However, most existing methods are either fully supervised,
requiring large labeled datasets, or they focus on predictive maintenance [12,13]. A critical
challenge in industrial fault detection is the significant class imbalance inherent to real
production environments. Faulty motors are rare by design, often representing less than
5% of all units produced. This characteristic makes supervised approaches impractical, as
they require large quantities of labeled faulty samples [14-16].

The present study has a different objective from conventional multi-class fault diagno-
sis, which is primarily used for condition monitoring and maintenance. In the observed
EoL production environment, the primary inspection decision is binary: whether a newly
manufactured motor satisfies the expected healthy behavior or should be rejected for fur-
ther inspection. Identifying the precise fault type is a secondary diagnostic task that is not
required for the initial EoL accept/reject decision. Furthermore, supervised multi-class
classification requires representative labelled examples of each expected fault type. In
high-quality manufacturing, individual defect categories occur infrequently, and new man-
ufacturing faults may also emerge. Therefore, a one-class anomaly detection approach is
particularly well-suited to this application, as the model can be trained using large amounts
of healthy production data, without the need for a predefined set of fault classes or suffi-
cient instances of every possible defect. The proposed method therefore provides a useful
complement to multi-class fault diagnosis rather than replacing it. Once an anomalous
motor has been detected, further diagnostic procedures can be employed to identify the
specific fault mechanism.

This work proposes a deep learning approach for unsupervised anomaly detection in
EoL quality inspection of electric motors. The method uses MFSs of acoustic and vibrational
signals as input features and combines CNN and BiGRU layers to model both spectral
and temporal characteristics of motor behavior. This paper builds on our earlier work on
supervised EoL quality inspection using deep learning and MFSs [17-20]. The primary
contribution of this paper is the elimination of the requirement for labeled faulty data
during training. In contrast to the previous approach [17], which relied on the use of labeled
examples of faulty motors to train a discriminative classifier, the present method learns
exclusively from healthy motor data. This characteristic renders the method immediately
applicable to new production lines or fault types without the need for re-labeling. A dataset
of over 2400 motors was collected during production, with approximately 2300 healthy
motors and about 100 faulty motors. The model was trained exclusively on healthy motor
data, allowing it to learn the distribution of normal operating conditions and subsequently
identify anomalous deviations associated with faults. The complete production dataset
reflects a realistic fault rate of around 4.3%. For the final evaluation, all available faulty
motors were included in the test set, alongside a subset of previously unseen healthy
motors. This resulted in a test set that was intentionally enriched with faults. This provides
a sufficiently large number of faulty samples to reliably evaluate the performance of
fault detection, while preserving the naturally occurring class imbalance in the complete
production dataset.
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The main contributions of this work are summarized as follows:

* A hybrid CNN-BiGRU architecture, capab le of detecting anomalies in acoustic and
vibrational signals from motors during production.

* A data-driven one-class approach for EoL quality inspection that is trained exclusively
on healthy motors, thereby avoiding the need to train a discriminative classifier on
the severely underrepresented faulty class.

e A direct quantitative comparison with our prior supervised deep learning ap-
proach [17], demonstrating competitive detection performance without requiring
fault labels during training.

* An experimental validation on real-world production data with realistic class im-
balance (~4.3% faults), demonstrating robust separation between healthy and faulty
instances and potential integration into automated manufacturing procedures.

The remainder of the paper is organized as follows. Section 2 reviews the related
work. Section 3 details the data collection and preprocessing, the proposed neural network
architecture, and the training architecture. Section 4 presents the experimental setup, results
and discussion, while Section 5 presents the conclusions and directions for future work.

2. Related Work

EoL quality inspection systems are commonly based on signal processing methods,
using the analysis of electrical, acoustic or vibration signals in the time or frequency
domain [5,21]. These approaches typically rely on manually selected features such as
root mean square (RMS), kurtosis and other statistical indicators, combined with rule-
based thresholds or machine learning classifiers [22,23]. Despite their effectiveness, these
methods often require extensive expertise and are difficult to apply to irregular or evolving
defects. Automated EoL inspection has been the subject of extensive research in a variety of
industrial applications, including vacuum cleaner motors [7,8], geared motors [24,25], and
permanent magnet synchronous motors [26]. These studies have repeatedly demonstrated
the efficacy of data-driven signal analysis in comparison to purely rule-based inspection
methods. Additionally, architectures employing artificial intelligence (Al) for the purpose
of testing the reliability of electric motors once they have reached the end of their usable
lifespan have been proposed. These architectures integrate multiple signal sources and
classification layers [27]. More recently, electric motor fault detection using Symmetrized
Dot Pattern-based features was investigated [21], further demonstrating the potential of
advanced signal representations for extracting discriminative fault information. However,
such feature-based approaches still depend on the suitability of the selected representation
for the faults under consideration.

With deep learning methods, data-driven models have become increasingly popular
for fault detection. CNNs have been widely adopted for processing spectrograms and
other time-frequency representations of vibration signals [10]. In [9] it was demonstrated
that CNN-based feature extraction for rotating machinery achieved strong performance
compared to traditional signal processing-based methods. Similarly, ref. [28] proposed
a deep CNN architecture with domain adaptation capabilities to address variability in
operating conditions. MFSs have also proven effective for machinery fault detection beyond
their original speech recognition context [29], capturing both spectral energy distribution
and temporal evolution in a compact, perceptually motivated feature space. However,
most deep learning approaches for diagnosing faults are developed to identify predefined
categories of faults and therefore rely on representative labelled examples of the expected
faults. This requirement is particularly problematic in EoL manufacturing, where naturally
occurring faulty units are scarce.
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More recently, hybrid architectures that combine CNNs with recurrent layers such
as long short-term memory (LSTM) or gated recurrent units (GRU) have been explored to
model temporal dependencies [30]. These hybrid models have proven to be effective, reli-
able and robust for capturing both spectral and sequential features, leading to improved
classification performance in real-world settings. Specifically, CNN-BiGRU architectures
have demonstrated strong performance in bearing fault diagnosis tasks, in which iden-
tifying the temporal context of the signal is critical for classifying fault types [31,32].
Furthermore, recurrent networks operating on fault signals have demonstrated an ad-
vantage in capturing evolving patterns that pure CNN approaches miss [33]. However,
these studies primarily focus on supervised fault diagnosis or machinery condition
monitoring rather than one-class EoL quality inspection based on naturally occurring
production defects.

2.1. Unsupervised and Reconstruction-Based Anomaly Detection

A key challenge in industrial fault detection is the limited availability of labelled fault
data, which has led to the development of one-class or unsupervised learning approaches.
Autoencoder-based methods, which are trained exclusively on normal data, have emerged
as a leading approach. The autoencoder learns a compact representation of normal oper-
ation, and the reconstruction error serves as an anomaly score during inference [34-36].
These methods have been used for anomalous sound detection, vibration-based structural
health monitoring, and industrial control systems, consistently showing that reconstruc-
tion error effectively classifies normal and abnormal operating conditions, even without
labelled fault examples during training. Unsupervised transfer learning methods have
also been studied. In these methods, models trained on normal data from one domain are
applied to detect anomalies in related but different operating conditions [37-39]. Recent
work [23] addressed the issue of scarce labels in motor fault detection through cross-sensor
self-contrastive learning. This demonstrates the growing interest in learning useful fault
representations when labelled data are limited. However, this approach is centered on
the detection of faults in heavy locomotives rather than the EoL quality inspection of
manufactured products.

Despite these advances, most unsupervised or label-scarce approaches in machinery
diagnostics focus on monitoring the condition of machines during operation, using labora-
tory fault datasets or specific known fault mechanisms. Relatively little attention has been
given to one-class anomaly detection in EoL. manufacturing inspection using combined
acoustic and multi-point vibration measurements acquired from naturally occurring pro-
duction faults. This is an important research gap because the main EoL requirement is to
distinguish between acceptable and potentially defective products reliably when samples
of all possible manufacturing faults are unavailable.

2.2. Class Imbalance in Industrial Fault Detection

A commonly overlooked aspect of real-world industrial fault detection is the signif-
icant class imbalance in production data. In high-quality manufacturing environments,
defective units represent a small percentage of total production, typically between 1%
and 10%, since the manufacturing process is engineered to minimize fault rates [4,14].
This imbalance creates a key challenge for supervised classifiers, which tend to be biased
toward the majority (healthy) class. These classifiers may achieve high accuracy yet fail
to detect most faults [14]. Cost-sensitive learning, resampling strategies, and one-class
classification methods have been proposed to address this problem in rotating machinery
fault diagnosis [14]. Instead of directly addressing class imbalance, the unsupervised
autoencoder used in this study eliminates the requirement for training a discriminative

https://doi.org/10.3390 /machines14091009


https://doi.org/10.3390/machines14091009

Machines 2026, 14, 1009

50f17

classifier on the poorly represented faulty class, as only healthy motors are utilised during
the training process. The natural class imbalance is preserved in the complete production
dataset. For evaluation, the test set was intentionally enriched with faulty motors to enable
a more reliable estimation of fault-detection performance while keeping all healthy samples
representative of real production.

In our previous work [17], we used MFSs and deep neural networks to build a robust
and reliable motor quality inspection system. However, the supervised approach required
labelled faulty data for training. In contrast, the suggested approach in this paper adopts a
fully unsupervised training strategy with a CNN-BiGRU architecture, designed specifically
for EoL quality inspection systems. This enables the separation of faulty units from
healthy ones without using fault labels during model training, making it highly suitable for
industrial manufacturing environments where representative faulty samples are scarce. A
detailed review of Al-enabled EoL quality control methods for electric motor manufacturing
was provided in [20]. This review identified unsupervised and semi-supervised approaches
as an under-explored but promising direction for the field. Accordingly, this study aims
to bridge the gap between recent advances in unsupervised machinery diagnostics and
their practical application in EoL inspection systems, by using real industrial acoustic and
vibration measurements.

3. Methodology

This section describes the suggested methodology for unsupervised anomaly detection
in the EoL quality inspection system for electric motor production. The approach consists
of four main steps: data acquisition, feature representation using MFSs, training a hybrid
CNN-BiGRU neural network for anomaly detection and model evaluation.

The overall workflow of the proposed EoL quality inspection approach is presented
in Figure 1, covering the process from acoustic and vibration signal acquisition and MFS
generation to anomaly detection using the proposed CNN-BiGRU autoencoder.

3.1. Data Acquisition and Data Pre-Processing

The presented study is associated with the Slovenian company Domel d.o.0., one
of the largest manufacturers of electric motors for various purposes [40]. Acoustic (S)
and vibration signals from three points (V1, V2 and V3) were collected directly on the
production line from the existing EoL quality inspection system, which has already been
described in detail in previous work [17] and is shown in Figure 2.

A total of 2402 motors were recorded, including 2299 healthy motors and 103 faulty
motors containing various types of defects detected during manufacturing (e.g., mechani-
cal imbalance, bearing defects, rotor eccentricities). Data were recorded with industrial-
grade sensors to ensure high signal quality and to minimize the influence of background
noise and production variability. It is important to note that this dataset was collected
under real production conditions, without any intentional fault induction or artificial
resampling. The resulting fault rate of approximately 4.3% (103 out of 2402 motors)
reflects the actual defect rate encountered on the production line. This represents a
severely class-imbalanced setting, which is typical of real, high-quality manufacturing
environments [14]. The dataset was divided into three independent subsets, as shown
in Table 1. As shown in Table 1, the training and validation datasets consist of data
from healthy motors only. However, the test dataset includes all available faulty motors,
together with a subset of previously unseen healthy motors, to enable a more reliable
estimation of fault-detection performance.
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Figure 1. Overview of the proposed methodology for unsupervised EoL quality inspection of

electric motors.

Figure 2. Existing EoL quality inspection system.
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Table 1. Data subset presentation.
Subset Name Description Healthy Motors  Faulty Motors  Total
Training dataset Used to train model. 1679 0 1679

Validation dataset Used to. Vahdéte. model 420 0 420
during training.

Used for final testing,
Test dataset completely unseen 200 103 303
by model.

Only minimal preprocessing was applied, limited to normalizing the raw signals to
remove amplitude bias and ensure compatibility between samples. No manual feature
engineering or filtering was performed, preserving the raw signal characteristics and
allowing the neural network to learn directly from the data. Signal preprocessing has
already been described in detail in previous work [17-19]. This minimal preprocessing
approach provides an advantage from an industrial integration perspective. It reduces the
need for domain expertise and makes the pipeline more easily transferable to different
motor types or production lines [27,41].

3.2. Feature Representation and MFSs Creation

Each preprocessed acoustic and vibration signal was transformed into an MFS rep-
resentation. Mel scale was chosen because it transforms linear frequency to a scale that
approximates human hearing, particularly enhancing low-frequency regions that are criti-
cal for detecting mechanical faults [17,23]. The use of MFSs for machine fault diagnosis has
been validated across a range of industrial applications, including drill fault detection [29]
and anomalous sound detection for predictive maintenance [37,42], which confirms its
effectiveness as a compact and informative feature extraction method.

Each analyzed motor is represented by four MFSs. The four MFS representations
correspond to the acoustic signal S and the vibration signals V1, V2 and V3. After feature
reduction and reference-based processing, the four MFS representations were combined into
a single stacked MFS for each motor. This integrated representation combines information
from all four measurement signals into a single, two-dimensional input, instead of using
the individual MFSs as separate input channels. Detailed MFES generation, processing and
dimensionality reduction have already been explained and presented in [17]. Figure 3
illustrates the MFSs of healthy and faulty motors side by side after dimensionality reduction,
as explained in [17]. The final stacked MFS served as the input to the model.

In this study, the resulting stacked spectrogram was created with a resolution of
520 Mel-frequency features x 48 time steps. To guarantee uniform input size, all spectro-
grams were zero-padded. This representation captures both spectral energy distribution
and its temporal evolution, providing a compact feature representation for identifying
subtle deviations from normal motor behavior [28,30].

Converting the original signals into MFS reduce the dimensionality of the input, which
can result in the elimination of some narrow-band or high-frequency information present
in the raw measurements. This is a trade-off between retaining the complete signal content
and obtaining a compact time-frequency representation that is suitable for processing by a
neural network. MFSs were selected because they preserve the dominant temporal and
spectral energy patterns that are relevant to the mechanical deviations considered in the
current EoL application, while reducing input complexity. Their effectiveness in the motor
inspection system was also demonstrated in our previous work [17-19]. However, it should
be noted that the proposed representation does not necessarily preserve all diagnostic
information for every possible manufacturing fault.
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Figure 3. Comparing MFSs of healthy and faulty motors after dimensionality reduction.

3.3. Hybrid CNN-BiGRU Model and Training

For the presented task, a hybrid neural network architecture combining CNNs and
BiGRUs was designed. CNN layers are implemented to extract hierarchical and localized
patterns from the MFSs, identifying relevant frequency components and characteristic
spectro-temporal structures. BiIGRU layers are implemented to detect sequential depen-
dencies by processing features in both forward and backward directions, enabling the
model to detect evolving patterns that may indicate the occurrence or persistence of faults.
Bidirectional processing is particularly important for motor signals. Mechanical faults, such
as bearing defects and rotor eccentricities, produce evolving patterns over the duration
of the measurement. Processing in both temporal directions enables the model to capture
these dependencies more completely than a single-direction approach [31,32].

The model is constructed as an autoencoder for learning compact representations of
motor signals. In the encoder, convolutional layers with batch normalization and max
pooling capture spatial patterns from the MFSs. These features are then reshaped and
passed through two stacked BiGRU layers to model the temporal evolution of the signals.
A dense bottleneck layer compresses the information into a low-dimensional encoding.
The decoder mirrors this structure, using GRU layers and time-distributed dense layers to
reconstruct the original MFS, enabling the model to detect faults and anomalies. Table 2
presents the detailed architecture and hyperparameter configuration of the proposed CNN-
BiGRU autoencoder.
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Table 2. Neural network architecture and hyperparameter configurationof the proposed CNN-

BiGRU autoencoder.
Layer (Type) Output Shape Details
Input (None, 520, 48, 1) Size of MFS
First Conv2D (None, 520, 48, 32) First 2D convolutional layer

First Batch Normalization

(None, 520, 48, 32)

Normalizes activations, improves

training stability
First Max Pooling 2D (None, 260, 24, 32) Down-sampling
First Dropout (None, 260, 24, 32) Prevents overfitting, dropout value 0.5
Second Conv2D (None, 260, 24, 128) Second 2D convolutional layer
Second Batch Normalization (None, 260, 24, 128) Further normalization after convolution
Second Max Pooling 2D (None, 130, 12, 128) Down-sampling

Second Dropout

(None, 130, 12, 128)

Additional dropout, dropout value 0.5

Converting convolutional feature maps into a

Reshape (None, 130, 1536) sequence for processing by the BIGRU.
First Bidirectional BiGRU (None, 130, 128) First BiGRU layer capturing bidirectional context
Second Bidirectional BiGRU (None, 256) Second BiGRU layer, flattening to a vector
First Dense Bottleneck (None, 80) Fully connected layer
Mone 30 Repening et epreniton e i
First Decoder BiGRU (None, 48, 256) Decoder BiGRU
Second Decoder BiGRU (None, 48, 512) Decoder BiGRU
Time Distributed Dense (None, 48, 520) Linear reconstruz’:z)}rllt(i)fn 5e2gt:gectral features at
Output Reshape (None, 520, 48, 1) Reconstructs the original MFS dimensions

The model is trained end-to-end using the Adam optimizer and mean squared error
(MSE) as the reconstruction loss. Training was performed on the training dataset, while
model validation was performed on validation dataset. Both datasets contained only
healthy motors, allowing the model to learn the distribution of normal operating conditions.

In order to avoid overfitting, an early stopping criterion with a patience of 20 epochs
was applied. After training, reconstruction errors were computed for all samples. The
decision threshold was defined as (i + 30), where y and ¢ are the mean and the standard
deviation of the reconstruction errors for healthy validation motors. This criterion was
selected because the distribution of healthy reconstruction errors was approximately Gaus-
sian, providing a simple, conservative rule for identifying observations that substantially
deviate from normal behavior. Motors whose reconstruction error exceeds this threshold
are marked as faulty.

3.4. Evaluation

The model was evaluated using a dedicated test set, separate from both the train-
ing and validation datasets to ensure an unbiased assessment of performance. This set
contained 103 faulty motors and 200 healthy motors, as shown in Table 1. The model’s
performance was assessed by:

. Reconstruction error distributions;
e  Confusion matrix;
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. Precision, recall, F1-score and accuracy;

*  Macro- and weighted-average classification metrics;

¢ ROC-AUCG;

e  tSNE visualization;

*  Comparison with the previous supervised method [17].

The evaluation provides a comprehensive understanding of the model’s ability to
separate faulty motors from healthy ones in a real production environment. Faulty motors
were treated as the positive class when calculating true positive rate (TPR) and false
positive rate (FPR). The test set class distribution was selected to provide a sufficiently large
number of faulty samples for evaluation, but it does not reflect the natural production fault
prevalence of 4.3%. Therefore, prevalence-dependent metrics should be interpreted in the
context of the selected test composition.

4. Experimental Results

The evaluation focuses on the model’s ability to separate healthy from faulty motors
using reconstruction errors from the hybrid CNN-BiGRU autoencoder.

4.1. Model Training and Convergence

Figure 4 shows the training and validation reconstruction losses of the proposed CNN-
BiGRU autoencoder. Both losses decreased substantially during training, following similar
trends and indicating stable learning with no clear evidence of overfitting. Throughout
most of the training process, the validation loss remained comparable to or lower than the
training loss. Near the end of training, a slight increase in validation loss was observed,
followed by a subsequent decrease to its minimum value in the final epoch.

Training and Validation
Reconstruction Loss

60 —— Training Loss
Validation Loss

Mean Squared Error (MSE)

40
20
—
0 5 10 15
Epoch

Figure 4. Training and validation reconstruction loss.

4.2. Reconstruction Error Analysis

After training, reconstruction errors (MSE between input and reconstructed MFSs)
were computed for all test motors in the test dataset. Figure 5 illustrates the distribution
of reconstruction errors for healthy (blue) and faulty (red) motors. In general, healthy
motors showed low reconstruction errors, while faulty motors showed a noticeably higher
reconstruction errors, confirming that the autoencoder effectively learned the normal
operating patterns.
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Reconstruction Error Distribution

== Threshold (mean + 30)
wmmm  Faulty motors

mmm  Healthy motors

=
(9]

Number of Motors
o o

20 30 40 50
Reconstruction Error (MSE)

Figure 5. Distribution of reconstruction errors for healthy and faulty motors.

Following common industrial anomaly detection practice, a threshold was set at
mean + 30 because reconstruction errors for healthy samples approximately follow a
Gaussian-like distribution. Motors exceeding this threshold were marked as faulty. With
this criterion, the model achieved high separation between healthy and faulty motors,
demonstrating the robustness of unsupervised training in detecting deviations from normal
operating conditions.

4.3. Confusion Matrix
Figure 6 represents the confusion matrix which summarizes the model predictions for
the test dataset.

Confusion Matrix

o 150
0
a
©
< 100
w
2
}-—
—~ ~ 50

0 1,
Predicted Classes

Figure 6. Confusion matrix of test dataset of healthy and faulty motors.
From this confusion matrix, the true positive rate (TPR) was computed as (1):

TP 100

TPR = =
TP+FN 100-+3

~ 0.971 1)

where TP denotes true positive and FN false negative. Similarly, the false positive rate
(FPR) was computed as (2):

FP 2

“FP+TN 25108 001 @

FPR

where FP denotes false positive and TN true negative. The low FPR of 1% is especially
important in the context of industrial deployment. False alarms result in the unnecessary
removal of healthy motors from the production line, which increases inspection costs
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and reduces production. Therefore, the combination of a TPR greater than 97% and an
FPR of 1% represents a practically useful optimal operating point for an EoL quality
inspection [27,41,43].

4.4. Receiver Operating Characteristic (ROC) and Area Under the Curve (AUC)

The ROC curve was plotted using the reconstruction errors of all test motors and the
AUC was computed. The resulting AUC value of 0.98 indicates excellent discriminative
capability between healthy and faulty motors. Figure 7 presents the ROC curve, showing
strong separation. An AUC of 0.98 is particularly noteworthy given that the model was
trained exclusively on healthy data and was not exposed to any fault signatures. This
demonstrates that the reconstruction error derived from the CNN-BiGRU autoencoder
provides an effective anomaly score for the considered dataset, even in the presence of
diverse fault types, such as mechanical imbalance, bearing defects, and rotor eccentricities.

ROC Curve

= 10 ”
”
-4 0.8 prad
”
[«}] ”
- ”
8 D.6 e
[} /,
”

j.é 0.4 /,/’
£ S
) 0.2 ,7 == ROC curve (AUC = 0.9804)
,g /,/ ——- Random Guess

0:0 %=
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 7. ROC curve for healthy and faulty motors.

4.5. t-Distributed Stochastic Neighbour Embedding (t-SNE) Visualization

To visualize the high-dimensional feature space learned by the model, t-SNE was
applied to the latent representations extracted from the bottleneck layer of the autoencoder.
Figure 8 shows that healthy motors (Class 0, blue) cluster tightly together, while faulty
motors (Class 1, red) form distinct clusters or lie apart from the healthy cluster. This
visualization further confirms the model’s ability to capture meaningful variations in motor
operating conditions. This representation could potentially be used to classify fault types
in the future.

t-SNE of Softmax Predictions

® 9

~ 1.0 9

o
i=. e} e
¢ 0.5

v
£ i
Q 0.0
w
7

' msm Faulty motors
= O ) 5 mm Healthy motors

]

-7.5 =-5.0 =-2.5 0.0 2axd
t-SNE Dimension 1

Figure 8. t-SNE visualization.
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4.6. Comparison with Supervised Approach

To evaluate the impact of eliminating the need for labeled fault data on performance,
we compared the proposed unsupervised CNN-BiGRU autoencoder against our previous
supervised deep learning approach for the same EoL inspection system [17]. The previous
approach used the same EoL inspection system and the same MFS-based feature represen-
tation but trained a supervised CNN-BiGRU classifier with labeled examples of healthy
and faulty motors. Unlike the supervised method, which requires labeled examples of
healthy and faulty motors during training, the proposed approach is trained exclusively
on healthy motor data and detects anomalies based on reconstruction error. The reported
performance metrics were obtained from separate experimental evaluations presented in
this work and in [17]. Therefore, the comparison should be interpreted as indicative rather
than as a direct benchmark on an identical test set. Table 3 summarizes the comparison.

Table 3. A comparison of the proposed unsupervised approach and the previous supervised method.

Metric Supervised CNN-BiGRU [17] Proposed CNN-BiGRU

Precision (Healthy motor) 1 0.985
Recall (Healthy motor) 0.987 0.99
F1-score (Healthy motor) 0.994 0.988
Precision (Faulty motor) 0.818 0.98
Recall (Faulty motor, also TPR) 1 0.971
F1-score (Faulty motor) 0.9 0.976
Accuracy 0.988 0.983
Macro Precision 0.909 0.983
Macro Recall 0.994 0.981
Macro F1-score 0.947 0.982
Weighted Precision 0.99 0.983
Weighted Recall 0.988 0.983
Weighted F1-score 0.989 0.984

AUC 0.99 0.98

Fault labels required for training Yes No

Applicable to previously unseen

fault types * No Potentially

* Potentially, since the model learns only the distribution of healthy motor data.

The supervised model achieved slightly higher overall accuracy and a higher weighted
F1 score. However, the proposed unsupervised approach demonstrated substantially higher
precision for the fault class. This suggests that motors identified as faulty by the proposed
method are much less likely to be false alarms while maintaining a high fault detection
recall of 97.1%. Therefore, the F1 score for the fault class increased from 0.900 to 0.976,
showing a better balance between false positives and false negatives.

From an industrial perspective, the main benefit of the proposed approach is that
it eliminates the need for labeled fault samples during training. Since faulty motors are
rare in high-quality manufacturing environments, collecting large, representative labeled
datasets is costly and time-consuming. The proposed CNN-BiGRU autoencoder can be
deployed immediately on new production lines and adapted to evolving fault conditions
by learning only from healthy motor data. This makes it particularly suitable for practical
EoL quality inspection applications, as it does not require additional fault labeling.
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4.7. Discussion

The results demonstrate that, despite being trained exclusively on healthy motor data,
the proposed CNN-BiGRU autoencoder can effectively distinguish between healthy and
faulty motors in an industrial EoL quality inspection system. The model achieved an AUC
of 0.98, a fault recall of 97.1%, and a false positive rate of 1%. This low false positive rate
suggests that the chosen threshold (mean + 30) provides a favorable balance between
identifying faulty motors and preventing the unnecessary rejection of healthy units. In
practice, this trade-off is important because missed faults may result in defective products
proceeding further in the production process, whereas excessive false alarms increase
inspection costs and reduce production efficiency.

The complete production dataset contained only around 4.3% faulty motors, highlight-
ing the significant class imbalance typically encountered in high-quality manufacturing.
Since the proposed model is trained exclusively on healthy motors, the training procedure
is independent of the availability of the minority fault class [14,44]. This is a significant prac-
tical advantage over supervised approaches, especially when introducing new products
or production lines, for which representative faulty samples are unavailable. Comparing
the new approach with a previous supervised approach [17] indicates that removing the
requirement for labelled faulty training samples is possible while maintaining competitive
detection performance. However, as the two approaches were evaluated in separate experi-
ments, this comparison should be considered indicative rather than a direct benchmark.

The t-SNE visualization provides further support for these results by showing a
separation between healthy and faulty motors in latent space. This suggests that the
model has learned to distinguish between normal and abnormal motor behavior. As
the model was trained without predefined fault classes, this property could also enable
the detection of previously unseen fault types. However, this capability requires further
experimental validation.

Minimal preprocessing was applied to the raw data, thereby reducing the need for
extensive feature engineering or manual expertise. This makes it easier to integrate the
proposed method into existing EoL inspection systems.

Several limitations should be considered. While all 103 available faulty motors were
included in the evaluation, they do not represent every possible manufacturing fault.
Furthermore, the test set was intentionally enriched with faulty motors and therefore
does not reflect the natural 4.3% fault prevalence of the full production dataset. The
current method employs a fixed anomaly threshold, which may need adjusting if signal
distributions change due to sensor ageing, environmental conditions or variations in the
manufacturing process. Therefore, adaptive thresholding based on streaming statistics
could improve long-term robustness [45]. Finally, a systematic comparison with alternative
unsupervised methods, including variational autoencoders (VAEs), generative adversarial
networks (GANs) and contrastive learning, is an important area for future research. These
methods might provide better uncertainty estimation or improved generalization to novel
fault types and increase reliability in industrial applications.

5. Conclusions

This study presented an unsupervised CNN-BiGRU autoencoder for EoL quality
inspection of electric motors, based on acoustic and vibration measurements taken in an
industrial production environment. Training exclusively on healthy motors eliminates the
need for labelled faulty samples during model development.

When evaluated on 303 motors that were previously unseen, including 103 faulty units,
the approach achieved an area under the curve (AUC) of 0.98, a fault recall of 97.1%, a false
positive rate of 1%, and a faulty-class F1-score of 97.6%. These results show that one-class
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learning can effectively detect faults in the considered EoL application, while maintaining
performance that is competitive with that of the previous supervised approach.

The main practical advantage is that the anomaly detector can be developed using
healthy production data, eliminating the need to wait for sufficient examples of indi-
vidual manufacturing faults to accumulate. Future work should evaluate the approach
using larger datasets and additional production conditions, investigate adaptive anomaly
thresholds and compare alternative unsupervised architectures systematically. Integrat-
ing the approach into real-time EoL inspection would represent a further step towards
industrial deployment.
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