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Abstract

This study presents a healthy-only bearing fault detection framework in which a stacked
long short-term memory (LSTM) predictor learns normal vibration dynamics through
multi-step forecasting, and deviations between predicted and observed vibration sequences
are used for residual-based anomaly detection. The methodological contribution lies in the
controlled stage-wise development of the complete prediction-to-decision pipeline, includ-
ing temporal configuration, predictor selection, residual scoring, and decision-threshold
calibration, together with strict bearing-level separation between framework development
and final evaluation. The framework was evaluated on the Paderborn bearing dataset using
independent healthy bearings for training, validation, calibration, and testing, artificially
damaged bearings for detector development, and previously unseen real-damage bearings
for final fault evaluation. The finalized detector achieved an ROC–AUC of 0.8385 and a
PR–AUC of 0.9200, with a healthy false-positive rate of 0.13% and precision of 0.9971. How-
ever, recall at the selected operating threshold was limited to 22.57%, showing that strong
anomaly-score discrimination did not translate into equally high fault sensitivity under the
conservative global threshold. Performance remained consistent across independent model
initializations, while evaluation on a fully reserved healthy bearing produced a 17.95%
false-positive rate, highlighting threshold calibration and healthy-domain generalization as
the principal limitations of the current framework.

Keywords: bearing anomaly detection; LSTM; stacked LSTM; vibration signal prediction;
residual-based anomaly detection; condition monitoring; predictive maintenance; time-series
forecasting; healthy-only learning; vibration monitoring

1. Introduction
Rolling-element bearings are critical components of rotating machinery, and vibration-

based monitoring is widely used to identify bearing degradation because faults produce
measurable changes in the acquired signals [1–3]. Vibration-based anomaly detection can
support intelligent industrial condition monitoring and predictive maintenance by deriving
machine-health information from routinely acquired sensor measurements [4,5]. While
conventional diagnostic approaches rely on the time, frequency, or time–frequency-domain
representations, deep-learning methods can learn diagnostic features directly from vibra-
tion data and have shown strong performance in bearing fault diagnosis [6–10]. However,
much of this work remains based on supervised classification of predefined fault cate-
gories [1,3,9], requiring labelled fault examples that may be limited in practical monitoring
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applications [11] and potentially reducing robustness when operating conditions or data
distributions change [1,10].

Healthy-only normal-behaviour modelling provides an alternative by learning ex-
pected system dynamics from healthy observations and treating deviations as potential
anomalies [12]. LSTM models are well suited to this setting because they can capture
temporal dependencies and identify abnormal sequences through prediction or reconstruc-
tion errors [12–14]. Residual-based approaches similarly use deviations between observed
and expected behaviour as evidence of abnormality [15,16]. A complete prediction-based
detector therefore requires not only temporal prediction, but also residual-based anomaly
scoring and decision-threshold calibration [11,14,16].

Reliable assessment also requires strict separation between framework development
and final evaluation. Highly overlapping sliding windows drawn from the same underly-
ing time series can introduce information leakage when distributed across development
and test sets [17], while window overlap itself can influence reported performance [18].
Bearing-level separation is particularly important because vibration characteristics can
vary with operating conditions [19,20]. Despite progress in prediction-based anomaly
detection, the complete detector still depends on interacting choices involving tempo-
ral context, forecasting horizon, prediction architecture, residual scoring, and threshold
calibration [13,16,21]. These components are often considered individually, even though
decisions made at one stage influence the anomaly evidence available to subsequent stages.
This creates a practical methodological problem: a detector with an effective forecasting
model may still perform poorly if temporal context, residual scoring, or threshold calibra-
tion are selected independently. The present work therefore focuses not on introducing a
new recurrent architecture, but on developing and evaluating the complete healthy-only
prediction-to-decision pipeline through a controlled sequential procedure while preserving
independent bearings for final generalization assessment.

Motivated by this gap, this study develops a sequential framework for constructing
and evaluating a healthy-only residual-based bearing fault detector using LSTM forecast-
ing as the temporal prediction component. The individual forecasting, residual-scoring,
and thresholding components are established techniques; the methodological contribution
lies in their controlled stage-wise development, strict separation of bearing roles, and eval-
uation of the finalized detector on previously unseen real-damage bearings. Normal
vibration dynamics are learned through direct multi-step forecasting, and abnormalities
are identified from residuals between predicted and observed vibration sequences. Input
sequence length, forecasting horizon, prediction architecture, residual-based anomaly scor-
ing, and decision-threshold calibration are investigated sequentially, with each selected
component fixed before the subsequent stage is evaluated. The experimental protocol
separates framework development from final assessment at the bearing level: independent
healthy bearings are used for predictor training, validation, detector calibration, and healthy
evaluation; artificially damaged bearings support detector development; and real-damage
bearings are withheld for final fault evaluation. The finalized framework is additionally
assessed across multiple operating conditions, independent model initializations, and a
healthy bearing reserved throughout framework development.

Accordingly, the principal contributions of this study are as follows:

• A healthy-only residual-based bearing monitoring framework is developed in which
normal vibration dynamics are learned through direct multi-step forecasting and
abnormalities are detected from future-prediction residuals without requiring real-
fault labels during predictor training.

• A structured stage-wise development strategy is introduced for the complete
prediction-to-decision pipeline, in which temporal input length, forecasting hori-
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zon, prediction architecture, residual-based anomaly scoring, and decision-threshold
calibration are selected sequentially, with each decision conditioned on components
fixed at preceding stages.

• A bearing-level experimental protocol separates predictor training, validation, detector
calibration, artificial-fault development, healthy evaluation, and real-fault evaluation,
reducing the potential for information leakage associated with highly overlapping
vibration windows.

• The finalized detector is evaluated using previously unseen real-damage bearings,
multiple operating conditions, independent model initializations, and an additional
healthy bearing withheld throughout framework development. It is further compared
with PatchTST and iTransformer under an aligned healthy-only prediction-residual
protocol, enabling fault-detection performance, reproducibility, healthy-domain gen-
eralization, and competitiveness with contemporary time-series architectures to be
examined separately.

The remainder of this paper is organized as follows. Section 2 reviews related work
in deep-learning-based bearing condition monitoring and anomaly detection. Section 3
presents the proposed methodology and experimental protocol. Section 4 presents and dis-
cusses the experimental results. Finally, Section 5 summarizes the main findings, limitations,
and directions for future research.

2. Related Work
Research on rolling-bearing condition monitoring has evolved from conventional

signal-processing and feature-engineering pipelines toward increasingly data-driven diag-
nostic frameworks. Traditional vibration-based approaches commonly extract descriptive
information from the time, frequency, or time–frequency domains before applying a statis-
tical or machine-learning classifier. Such methods remain useful because bearing defects
introduce characteristic changes in measured vibration; however, their effectiveness de-
pends on the selection of suitable preprocessing, signal decomposition, and fault-sensitive
features [1–3]. This dependence has motivated the adoption of deep learning, in which
useful representations can be learned with less reliance on manually specified diagnostic
features. Reviews of modern bearing diagnosis consequently identify convolutional, recur-
rent, autoencoding, and hybrid architectures as major directions in data-driven condition
monitoring [1,3,9].

CNN-based methods have been particularly influential because local vibration pat-
terns can be learned directly from one-dimensional signals or from transformed two-
dimensional representations. A compact adaptive 1D CNN has been demonstrated to oper-
ate directly on raw bearing vibration measurements, reducing the need for predetermined
signal transformations and handcrafted feature selection [6]. In contrast, vibration mea-
surements have been transformed into time–frequency images before deep classification,
illustrating an alternative strategy in which signal processing and learned representations
are combined [7]. Subsequent work has incorporated multiscale feature extraction and
recurrent processing. Multiscale CNN processing has been combined with LSTM layers to
exploit both local characteristics and temporal information, while MSCNN–LSTM archi-
tectures have also been investigated for rolling-bearing fault diagnosis [8,10]. Collectively,
these studies demonstrate the effectiveness of deep architectures for learning fault-sensitive
representations, while their diagnostic formulations primarily focus on discrimination
among predefined bearing-health or fault classes.

The classification paradigm has produced high benchmark performance, yet several
studies and reviews caution that such results should not automatically be interpreted as
evidence of deployment robustness. Bearing datasets frequently contain controlled or
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artificially introduced faults, and experimental results obtained under fixed operating con-
ditions can deteriorate when speed, load, noise, or measurement distributions change [1,3].
Limited and imbalanced fault observations present an additional challenge for supervised
bearing diagnosis, motivating the use of strategies such as data augmentation, cost-sensitive
learning, and transfer learning to improve diagnostic performance when representative
fault data are scarce [3,9]. Although these approaches can improve supervised diagnosis,
they do not remove the fundamental requirement that representative fault information be
available during model development.

Recent data-driven fault-diagnosis research has expanded beyond conventional deep-
learning architectures through hybrid optimization and Transformer-based modelling.
A recent KPCA-ISSA-KELM framework combines kernel principal component analysis
(KPCA) for nonlinear feature extraction with an improved Sparrow Search Algorithm
(ISSA) to optimize the kernel parameters and regularization coefficient of a kernel extreme
learning machine (KELM) [22]. Although developed for fuel-cell fault diagnosis, this
approach illustrates the broader integration of nonlinear feature extraction, data-driven
optimization, and machine-learning-based fault classification. In parallel, modern time-
series architectures provide alternative mechanisms for representing temporal structure.
PatchTST uses subsequence-level patches as Transformer input tokens [23], Crossformer
models cross-dimensional dependencies in multivariate time series [24], FEDformer com-
bines series decomposition with frequency-domain representations [25], and iTransformer
reorganizes the representation of multivariate time series to capture dependencies between
variables [26].

Recent advances in time-series foundation models have extended large-scale pre-
training to general-purpose temporal representation learning. MOMENT, for example,
is pre-trained across heterogeneous time-series datasets and supports downstream tasks
including forecasting, classification, imputation, and anomaly detection [27]. Similarly,
Timer employs large-scale generative pre-training and formulates forecasting, imputation,
and anomaly detection within a unified generative framework [28]. These developments are
relevant to condition monitoring because pre-trained temporal representations may reduce
reliance on task-specific model training when labelled fault data are limited. However,
recent evaluations also indicate that reconstruction- or forecasting-error-based anomaly
detection with foundation models does not necessarily outperform simpler anomaly-
detection baselines, suggesting that the choice of anomaly evidence and detection strategy
remains important [29].

Recent studies have increasingly investigated Transformer-based representations for
bearing and rotating-machinery fault diagnosis. PatchTST has been evaluated for su-
pervised bearing fault classification and subsequently extended through MultiPatchTST,
where multiple PatchTST models with different patch lengths are combined to reduce
dependence on a single predefined patch scale [30]. The resulting framework was evalu-
ated on the Paderborn, CWRU, and MFPT bearing datasets, including experiments under
several forms of added industrial noise. More recently, iTransformer has also been eval-
uated as a comparative Transformer architecture in Paderborn bearing diagnosis, while
ACSE-RNformer introduced amplitude-calibrated sequence embedding and response nor-
malization to preserve fault-sensitive vibration responses and stabilize global dependency
modelling under variations in signal amplitude [31]. These studies demonstrate the grow-
ing application of contemporary Transformer architectures to vibration-based diagnosis
and motivate their consideration alongside recurrent approaches. However, these bearing
studies primarily formulate diagnosis as supervised classification, whereas the present
study considers healthy-only anomaly detection in which abnormality is inferred from
future-prediction residuals.
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This limitation has encouraged a shift from explicit fault classification toward anomaly
detection based on normal-behaviour modelling. Deep time-series anomaly detection
encompasses supervised, unsupervised, semi-supervised, and self-supervised learning
formulations, with the appropriate formulation largely determined by the availability of
labelled normal and anomalous observations [11]. In a healthy-only setting, the model
is provided with normal operating data and abnormality is subsequently identified from
deviations from the learned normal distribution or temporal behaviour. The scarcity and
diversity of anomalous observations also create challenges for generalization, particularly
when a detector encounters previously unseen anomaly patterns or changes in the target
domain [32]. Recent bearing-fault detection research has also investigated few-shot one-
class learning, in which incipient faults are detected without relying on representative
labelled examples of the fault classes encountered during operation [33].

Within normal-behaviour modelling, recurrent neural networks provide a natural
mechanism for exploiting temporal dependence. Rather than assigning a health label
directly to a vibration segment, a recurrent model can learn how a normal sequence
evolves and use disagreement between expected and observed behaviour as evidence
of abnormality. LSTM networks have been applied to time-series anomaly detection by
modelling normal temporal behaviour and evaluating prediction errors [13]. LSTM encoder–
decoder formulations have subsequently been used to learn normal multivariate sequences
and detect anomalies through reconstruction errors, showing how sequence models can
be trained without requiring anomalous examples during model learning [12]. These two
formulations represent closely related but distinct strategies: forecasting-based methods
infer future observations from preceding context, whereas reconstruction-based approaches
attempt to reproduce the observed sequence through a learned latent representation.

Building on these normal-behaviour modelling approaches, stacked LSTM architec-
tures have been investigated for temporal anomaly detection, with prediction errors provid-
ing the basis for identifying abnormal sequences [14]. The resulting detection performance
also depends on the selected anomaly threshold and its associated trade-off between false-
positive and false-negative decisions, emphasizing that prediction performance alone does
not define the final detector. Related LSTM-based studies have investigated forecasting
and autoencoding formulations for temporal anomaly detection [34], while stacked LSTM
encoder–decoder models have also been applied to industrial tool-condition monitoring
using normal operating sequences [35].

Collectively, these studies indicate that architecture, temporal context, and detector
configuration can materially influence the resulting anomaly decisions. Earlier run-to-
failure bearing research also demonstrated that unsupervised representations learned
from initially healthy vibration data can be used to construct health indicators that track
subsequent bearing degradation [36]. More recently, label-free machinery fault detection
has been formulated as a sequential learning problem in which health dynamics are learned
from observational state transitions without requiring fault labels. Evaluation across
multiple run-to-failure benchmarks further demonstrates the value of preserving temporal
state transitions when detecting gradual machinery degradation [37].

Prediction and reconstruction models, however, provide only the first stage of an
anomaly detector. Their errors must still be converted into a representation from which
abnormality can be judged. Residual-based modelling has therefore been explored across
several engineering domains. Autoencoders trained on normal machine sound have used
reconstruction residuals as indicators of anomalous machine behaviour [15]. Two-step
residual-error frameworks based on variational autoencoders have further demonstrated
that residual information can be used not only to identify abnormal system behaviour but
also to analyse the variables contributing to detected anomalies [16]. These studies reinforce
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an important distinction between learning normal behaviour and making the final anomaly
decision: a prediction or reconstruction model generates residual information, whereas the
subsequent scoring and decision stages determine how that information is interpreted.

Threshold selection is consequently an important part of the detection pipeline. A con-
tinuous residual or anomaly score does not itself specify whether an observation should
be regarded as normal or abnormal. Different approaches have been used to convert
prediction or reconstruction errors into anomaly decisions, including statistical error mod-
elling, empirically selected thresholds, and calibrated decision rules [11,14,16]. This issue
becomes particularly important when the operational objective is not simply to maximize
aggregate discrimination but to maintain a low false-alarm rate on predominantly healthy
data. Recent work on calibrated industrial anomaly detection has therefore coupled fore-
casting with held-out calibration data and explicit false-alarm control. For example, causal
forecasting has been combined with residual/nonconformity scoring and conformal cali-
bration within an integrated anomaly-detection framework, illustrating that forecasting,
score construction, calibration, and decision making can be treated as distinct compo-
nents of the complete detector [21]. Adaptive and condition-aware thresholding provides
a complementary strategy for improving anomaly decisions under changing operating
conditions. Recent rotating-machinery anomaly-detection approaches have considered
condition-aware thresholds in which the decision boundary is adjusted according to the
operating condition or the evolving distribution of normal data [38].

Such approaches differ from the sequential optimization strategy adopted in the
present study. Adaptive thresholding modifies the anomaly decision boundary in response
to changes in operating state or data distribution, whereas the proposed sequential strategy
is an offline development procedure that selects the forecasting configuration, architecture,
residual score, and thresholding rule in a predefined order while retaining previously
selected components. The two strategies are therefore complementary: condition-aware
adaptation could subsequently be incorporated into a residual-based detector when de-
ployment involves substantial operating-condition shifts.

This distinction is especially relevant to prediction-based monitoring because the qual-
ity and behaviour of the residual depend on choices made before thresholding. The amount
of historical context supplied to the predictor determines the temporal information avail-
able for modelling normal dynamics, while the forecasting horizon defines the extent of the
future sequence to be predicted. Experimental studies of recurrent multi-step forecasting
have shown that prediction behaviour depends on both the available input history and the
multi-step forecasting configuration [39,40]. Sliding-window construction is itself a central
design element in deep time-series anomaly detection, with historical windows commonly
used to provide sequential context [11]. Predictor architecture then determines how these
temporal dependencies are represented, after which the multidimensional prediction error
must be reduced to an anomaly score and calibrated against healthy behaviour. Conse-
quently, input length, forecasting horizon, predictor architecture, residual aggregation,
and decision threshold should not be regarded as unrelated implementation choices; each
can influence the characteristics of the anomaly evidence presented to the next stage.

Experimental design introduces an additional concern. Overlapping windows ex-
tracted from long vibration recordings are highly related, and evaluation protocols must
therefore prevent information from the same physical source from unintentionally appear-
ing on both sides of a development–evaluation boundary. Recent predictive-maintenance
research has demonstrated that random partitioning of overlapping sliding windows can
introduce information leakage by placing highly similar samples across training and test
sets, leading to substantially optimistic estimates of diagnostic performance [17]. This
concern is consistent with the broader fault-diagnosis literature, which identifies changing
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operating and environmental conditions, domain shifts, data scarcity, and robustness to un-
seen conditions as persistent challenges for data-driven diagnostic systems [1,3,41]. Thus,
incorporating independent healthy data into the evaluation can provide an additional
means of assessing whether an anomaly detector is sensitive to variation within the normal
operating domain.

The Paderborn University bearing benchmark provides a useful setting for examining
these issues because it contains measurements acquired under multiple operating condi-
tions and includes healthy bearings together with artificially induced and real bearing
damage [19]. Despite its earlier introduction, the benchmark continues to be used in re-
cent bearing-diagnosis research, enabling contemporary methods to be evaluated against
a well-established experimental reference [30,31,42]. It has consequently been used in
bearing-diagnosis studies to examine performance under different combinations of ro-
tational speed, load torque, and radial force. The distinction between artificial and real
damage is particularly valuable for anomaly-detection research: artificially damaged bear-
ings can support controlled detector development, whereas naturally developed damage
provides a more demanding basis for evaluating whether the resulting detector responds
to fault behaviour that was not used during its construction.

Taken together, the literature establishes the effectiveness of deep representation
learning for bearing diagnosis, recurrent models for learning normal temporal behaviour,
and prediction or reconstruction residuals for anomaly detection [6,8,12–16]. At the same
time, these strands expose a broader methodological issue. A healthy-only prediction
detector is not defined solely by its forecasting network: temporal context, forecasting
horizon, predictor architecture, residual representation, score construction, threshold cali-
bration, and the separation of development from final evaluation collectively determine its
behaviour. Prior studies establish the importance of many of these elements individually,
but their interaction motivates a more systematic treatment of the complete prediction-to-
decision pipeline.

3. Methodology
3.1. Overall Framework of the Proposed System

The proposed framework formulates bearing anomaly detection as a healthy-
behaviour prediction problem. A stacked LSTM is trained using vibration sequences
from healthy bearings to learn normal temporal dynamics. During detection, the trained
predictor estimates future vibration samples from the preceding observation window,
and the discrepancy between the predicted and measured sequences is used as evidence of
abnormal behaviour.

As illustrated in Figure 1a, the framework is developed sequentially by investigat-
ing input sequence length, forecasting horizon, prediction architecture, anomaly scoring
method, and threshold calibration in a predefined order, with each selected component
fixed before the subsequent stage. The resulting fixed prediction-to-decision pipeline,
shown in Figure 1b, converts vibration sequences into multi-step forecasts, prediction
residuals, anomaly scores, and ultimately threshold-based healthy or faulty decisions.

As summarized in Figure 1c, bearing-level data separation is maintained throughout
framework development. Healthy development bearings and artificially damaged bearings
are used for framework configuration, whereas held-out healthy and real-damage bearings
are reserved for independent evaluation. This separation prevents the final evaluation bear-
ings from influencing predictor training, detector configuration, or threshold calibration.
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Figure 1. Overview of the proposed healthy-only bearing fault detection framework. (a) Sequential
development of the prediction-to-decision pipeline, with each selected component fixed before the
subsequent stage; (b) finalized residual-based detection pipeline; and (c) separation of framework-
development data from the held-out bearings used for independent evaluation.

3.2. Bearing Dataset and Data Preparation

The experiments were conducted using vibration measurements from the Paderborn
University bearing dataset. Ten bearings were included in the study: six healthy bearings
(K001–K006), two bearings with artificially induced faults (KI01 and KA01), and two
bearings with real damage (KI04 and KA04). In total, 800 vibration recordings were used,
with 80 recordings available for each bearing. Each bearing was represented under four
operating conditions, with 20 recordings per condition. The corresponding rotational
speed, load torque, and radial force settings are summarized in Table 1. The recordings
contained approximately 256,000 samples each; across the 800 recordings, approximately
2.05 × 108 raw vibration samples were processed.

Table 1. Operating conditions used in the experiments.

Condition Dataset Code Speed (rpm) Torque (Nm) Radial Force (N)

C1 N09_M07_F10 900 0.7 1000
C2 N15_M01_F10 1500 0.1 1000
C3 N15_M07_F04 1500 0.7 400
C4 N15_M07_F10 1500 0.7 1000

A bearing-level allocation strategy was established before model development. Rather
than randomly dividing windows from the same bearing across different datasets, each
bearing was assigned a distinct experimental role, as summarized in Table 2. Healthy
bearings K001 and K002 were used to learn the normal vibration dynamics, while K003
was retained for predictor validation. K004 provided independent healthy data for detector
calibration, K005 was reserved for healthy test evaluation, and K006 was kept completely
outside the development procedure for the later assessment of unseen healthy-domain
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behaviour. Artificially damaged bearings KI01 and KA01 were used during detector
development, whereas the bearings with real damage, KI04 and KA04, were reserved for
final fault evaluation.

Table 2. Role-based bearing allocation used throughout the experimental framework.

Experimental Role Bearing ID(s) Purpose

Healthy training K001, K002 Predictor training
Healthy validation K003 Predictor validation
Healthy calibration K004 Detector calibration
Healthy testing K005 Final healthy evaluation
Reserved healthy K006 Healthy-domain robustness evaluation
Artificial inner-race fault KI01 Detector development
Artificial outer-race fault KA01 Detector development
Real inner-race fault KI04 Final fault evaluation
Real outer-race fault KA04 Final fault evaluation

Before sequence generation, each vibration recording was validated for signal avail-
ability, finite values, and non-zero variance. The signals were then standardized using
a global mean and standard deviation estimated exclusively from the healthy training
recordings of bearings K001 and K002. The same training-derived statistics were subse-
quently applied to all validation, calibration, development, and evaluation recordings,
thereby preventing information from held-out bearings from entering the preprocessing
stage. Window generation was performed only after the bearing-level allocation had
been fixed; consequently, windows originating from a particular bearing could not appear
simultaneously in development and final-evaluation datasets.

The normalized vibration signals were converted into supervised forecasting samples
using overlapping sliding windows. Each sample consists of a historical input sequence of
length L, followed immediately by a prediction target containing the subsequent H samples.

During framework development, input lengths of L ∈ {128, 256, 512} samples and
forecasting horizons of H ∈ {1, 8, 16} samples were investigated. The final configura-
tion used an input length of 256 samples and a direct multi-step prediction horizon of
16 samples. Training windows were generated with a stride of 128 samples, providing
greater overlap and therefore a larger number of training sequences, whereas a stride of
256 samples was used for validation and evaluation to reduce unnecessary redundancy.
The potential leakage associated with overlapping windows arises primarily when highly
similar windows from the same bearing are distributed across training and evaluation splits.
In the present protocol, bearing-level allocation was completed before window generation;
therefore, the different training and evaluation strides affect only the degree of within-
bearing redundancy and do not introduce cross-bearing information leakage. With the final
L = 256 and H = 16 configuration, the complete uncapped datasets contained 961,100 su-
pervised windows. The distribution of these windows across the experimental roles is
summarized in Table 3. The larger number of training windows results from the smaller
training stride of 128 samples, compared with the stride of 256 samples used for validation
and evaluation.

To reduce computational cost during the sequential development experiments, model-
selection training was restricted to 10,000 training windows, while selected validation,
calibration, and artificial-fault evaluations were restricted to budgeted subsets of 5000 win-
dows. These caps were used only during development and configuration selection; the
final healthy, real-fault, reproducibility, and reserved-bearing evaluations employed the
corresponding uncapped datasets. This distinction allowed the framework to be developed
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within the available computational budget while retaining large independent datasets for
its final assessment.

Table 3. Number of supervised windows generated for each experimental role using the final
temporal configuration.

Experimental Role Number of Windows

Healthy training 320,443
Healthy validation 80,164
Healthy calibration 80,026
Healthy testing 80,116
Reserved healthy 80,119
Artificial-fault development 160,145
Real-fault evaluation 160,087

Total 961,100

3.3. Stacked LSTM Prediction Model

The prediction model learns the temporal evolution of healthy bearing vibration
signals and performs direct multi-step forecasting. The historical vibration input at time
step t is represented as

Xt = [xt−L+1, xt−L+2, . . . , xt], (1)

where Xt denotes the input sequence ending at time step t, L is the input sequence length,
and xt denotes the standardized vibration amplitude at time step t.

The predictor consists of two stacked unidirectional LSTM layers with 64 hidden units
per layer, followed by a fully connected output layer. The complete output sequence of the
first LSTM layer is passed to the second layer, and the hidden representation at the final
input time step is mapped by the fully connected layer directly to the future prediction
horizon. The architecture is illustrated in Figure 2.

The forecasting operation is expressed compactly as

Ŷt = fθ(Xt) = [x̂t+1, x̂t+2, . . . , x̂t+H ], (2)

where fθ denotes the stacked LSTM predictor parameterized by the learned parameters θ,
Ŷt is the predicted future vibration sequence, H denotes the forecasting horizon, and x̂t+k

represents the predicted vibration amplitude k time steps ahead, for k = 1, . . . , H.

3.4. Residual-Based Fault Detection

Following vibration forecasting, abnormal behaviour is quantified from the discrep-
ancy between the predicted and measured future vibration sequences. For each forecasting
window, let Yt = [xt+1, . . . , xt+H ] denote the measured future sequence and let Ŷt denote
the corresponding prediction defined in Section 3.3. The prediction residual is

et = Yt − Ŷt, (3)

where et contains the prediction errors across the H-sample forecasting horizon.
The residual vector is reduced to a scalar anomaly score using the mean absolute

error (MAE),

St =
1
H

H

∑
k=1

|xt+k − x̂t+k|, (4)
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where St denotes the anomaly score associated with the forecasting window ending at time
step t. Lower scores indicate closer agreement with the learned healthy dynamics, whereas
larger scores represent greater deviation from the expected vibration behaviour.

Figure 2. Stacked LSTM architecture for direct multi-step vibration forecasting.

The anomaly score is converted into a binary bearing-health decision using a thresh-
old τ,

ĉt =

Healthy, St ≤ τ,

Faulty, St > τ.
(5)

Here, ĉt denotes the predicted bearing condition. The anomaly-scoring formulation
and threshold configuration were selected during the sequential detector-development
stages described in Section 3.5.

3.5. Sequential Framework Development Strategy

The bearing fault detection framework was developed sequentially, with one design
component investigated at each stage while previously selected components were kept fixed.
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This provided a controlled development path from vibration forecasting to residual-based
fault detection. The predefined order follows the dependency of the prediction-to-decision
pipeline: the temporal prediction configuration is established before the predictor architec-
ture, residual scoring, and final threshold are selected. The components are not assumed
to be strictly independent; rather, the stage-wise procedure provides a computationally
tractable alternative to exhaustive joint optimization, with each selection made conditional
on the components fixed at preceding stages.

Because the sequential development experiments were repeated across only three
independent model initializations, the resulting comparisons were used for configuration
selection rather than for claims of statistical superiority. Paired Wilcoxon signed-rank com-
parisons across the confirmation runs did not establish statistically significant differences
at the 0.05 level for the principal predictor-development comparisons. Accordingly, small
differences in prediction error are interpreted conservatively, and the limited number of
independent runs restricts the strength of formal statistical inference.

The framework development is summarized in Table 4. The ablation studies ex-
amined four design components: input sequence length, forecasting horizon, prediction
architecture, and residual-based anomaly scoring method. Following these experiments,
the decision threshold was calibrated as a separate operating-point selection stage using
the finalized predictor and anomaly score. Detailed candidate comparisons for the four
ablation studies are provided in Appendix A.

Table 4. Sequential stages used during framework development.

Stage Component Selection Basis

1 Input sequence length Healthy prediction performance
2 Forecasting horizon Healthy prediction performance
3 Prediction architecture Healthy prediction performance
4 Anomaly scoring method Fault discrimination performance
5 Decision threshold False-alarm and fault-sensitivity trade-off

All framework-development stages used only the designated development data de-
scribed in Section 3.2. The healthy test bearing K005, reserved healthy bearing K006,
and real-damage bearings KI04 and KA04 were excluded from configuration selection
and introduced only during the corresponding evaluation experiments. The complete
framework was therefore fixed before assessment on these held-out bearings.

3.6. Performance Evaluation and Experimental Implementation

The proposed framework was evaluated using both threshold-dependent classifi-
cation metrics and threshold-independent ranking metrics. Following thresholding of
the anomaly scores, detection performance was assessed using precision, recall, F1-score,
false-positive rate (FPR), and specificity. Precision and recall quantify the reliability and
sensitivity of fault detection, respectively, while F1-score summarizes their balance. FPR
and specificity were additionally reported to characterize the detector’s behaviour on
healthy data. The terms TP, TN, FP, and FN denote true positives, true negatives, false
positives, and false negatives, respectively.

Threshold-independent discrimination was evaluated using the receiver operating
characteristic area under the curve (ROC–AUC) and precision–recall area under the curve
(PR–AUC). These metrics assess the ability of the anomaly score to distinguish healthy and
faulty observations independently of the selected decision threshold.

The framework was implemented in Python version 3.10.9 using the PyTorch version
2.6.0+cpu deep learning library. The predictor was trained using the Adam optimizer with
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a learning rate of 1 × 10−3, zero weight decay, mean squared error (MSE) loss, and a batch
size of 256. Training was limited to a maximum of 12 epochs, with gradient clipping at
a maximum norm of 1.0. Early stopping with a patience of three epochs was applied to
validation MSE, with an improvement of at least 10−6 required to reset the patience counter;
the checkpoint achieving the lowest validation MSE was retained. The LSTM hidden-state
dimension was 64, with the selected stacked architecture using two recurrent layers.

To limit the computational cost of framework development, candidate configurations
were first compared in preliminary screening experiments. For the input-length, forecasting-
horizon, and prediction-architecture stages, the most promising configurations identified
during screening were subsequently evaluated across three independent random initial-
izations. Final selection among the retained configurations was based primarily on mean
validation RMSE, with MAE reported as a secondary prediction-error measure. The pre-
liminary candidate comparisons are reported in Appendix A, while the corresponding
multi-initialization comparisons are presented in Section 4.

All framework-development experiments followed the sequential development strat-
egy described in Section 3.5. After the complete prediction-to-decision configuration had
been fixed, robustness to stochastic model initialization was assessed across three indepen-
dent random initializations. The resulting performance is reported using the mean and
standard deviation across the independent runs.

4. Results and Discussion
4.1. Selection of the Input Sequence Length

Following the preliminary comparison reported in Appendix A.1, the retained input
lengths of 128 and 256 samples were evaluated across three independent random initial-
izations. The final selection was based on mean validation RMSE, with MAE used as a
secondary performance measure.

Table 5 summarizes the results. The 256-sample configuration achieved a lower mean
RMSE than the 128-sample configuration (1.0911 versus 1.0998) and lower RMSE variability
(0.0284 versus 0.0606). Although the 128-sample configuration produced a marginally
lower mean MAE (0.5881 versus 0.5893), the 256-sample configuration provided better
performance according to the primary RMSE criterion.

Table 5. Retained input sequence lengths across three random initializations. Bold indicates the best
value for each metric; mean RMSE was the selection criterion.

Input Length Mean RMSE Std. RMSE Mean MAE Std. MAE

128 1.0998 0.0606 0.5881 0.0206
256 1.0911 0.0284 0.5893 0.0081

Figure 3a shows the mean validation RMSE and its variability across the three ini-
tializations. The difference in mean RMSE between the two configurations was modest;
therefore, the result is interpreted as a configuration choice under the present experimental
setting rather than evidence of a general advantage of longer input sequences. Based on
the predefined RMSE criterion, L = 256 was retained for the subsequent experiments.
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Figure 3. Predictor-development comparisons for (a) input sequence length, (b) forecasting horizon,
and (c) prediction architecture. Markers indicate mean validation RMSE across three independent
random initializations, with error bars representing standard deviation. Filled markers denote the
configurations retained for the subsequent development stage.

4.2. Selection of the Forecasting Strategy

Following the preliminary forecasting-horizon comparison reported in Appendix A.2,
the retained direct multi-step configurations with H = 8 and H = 16 were evaluated across
three independent random initializations using the selected input length L = 256. Mean
validation RMSE was used as the primary selection criterion.

As summarized in Table 6, H = 16 achieved a lower mean validation RMSE than
H = 8 (1.1087 versus 1.1131), with lower RMSE variability (0.0077 versus 0.0105). It also
achieved a lower mean MAE (0.5881 versus 0.5980), although H = 8 exhibited lower
MAE variability.

Table 6. Retained forecasting strategies across three random initializations. Bold indicates the best
value for each metric; mean RMSE was the selection criterion.

Forecast Strategy Mean RMSE Std. RMSE Mean MAE Std. MAE

Direct Multi-step (H = 8) 1.1131 0.0105 0.5980 0.0031
Direct Multi-step (H = 16) 1.1087 0.0077 0.5881 0.0097

Figure 3b shows the corresponding mean RMSE and variability. Although longer
forecasting horizons are generally expected to increase prediction difficulty, H = 16 pro-
duced a modest improvement over H = 8 under the present direct multi-step formulation.
This result is therefore interpreted as specific to the investigated data and forecasting
configuration rather than as evidence that longer forecasting horizons are generally easier
to predict. Based on the predefined mean-RMSE criterion, H = 16 was retained for the
subsequent experiments.

https://doi.org/10.3390/electronics15174017

https://doi.org/10.3390/electronics15174017


Electronics 2026, 15, 4017 15 of 26

4.3. Selection of the LSTM-Based Prediction Model

Following the candidate architecture comparison reported in Appendix A.3, StackedL-
STM and BiLSTM were retained for further evaluation using the selected input length
(L = 256) and forecasting horizon (H = 16). Both architectures were evaluated across
three independent random initializations under identical training and evaluation settings,
with mean validation RMSE used as the primary selection criterion.

As summarized in Table 7, StackedLSTM achieved a lower mean RMSE than BiLSTM
(1.1033 versus 1.1101) and a lower mean MAE (0.5776 versus 0.5913). BiLSTM exhibited
slightly lower variability in both metrics; however, the average prediction error was lower
for StackedLSTM.

Table 7. Retained LSTM architectures across three random initializations. Bold indicates the best
value for each metric; mean RMSE was the selection criterion.

Architecture Mean RMSE Std. RMSE Mean MAE Std. MAE

BiLSTM 1.1101 0.0034 0.5913 0.0029
Stacked LSTM 1.1033 0.0059 0.5776 0.0031

Figure 3c shows the corresponding mean validation RMSE and variability. Although
the difference between the two architectures was modest, StackedLSTM achieved the lower
mean prediction error under the investigated configuration. Based on the predefined mean-
RMSE criterion, StackedLSTM was therefore selected as the final prediction architecture for
the subsequent anomaly-detection stages.

4.4. Selection of the Residual-Based Anomaly Scoring Method

Following selection of the StackedLSTM predictor, the residual-based anomaly scor-
ing formulations reported in Appendix A.4 were evaluated using the development data.
Among the evaluated scoring formulations, MAE provided the strongest overall per-
formance across the considered ranking and classification metrics. The corresponding
performance is summarized in Table 8.

Table 8. Performance of the selected MAE residual-based anomaly scoring method.

PR–AUC ROC–AUC F1 Recall Precision

0.6167 0.5873 0.5305 0.4933 0.5737

MAE achieved the highest value for each of the reported metrics among the evaluated
scoring formulations. This consistently stronger performance across both ranking and
classification metrics indicates that averaging the absolute prediction residuals provided
the most effective fault discrimination among the scoring formulations considered in this
study. MAE was therefore selected as the residual-based anomaly score and fixed for the
subsequent threshold-selection and final-evaluation stages.

4.5. Threshold Selection for Fault Detection

Following selection of MAE as the residual-based anomaly score, four thresholding
families were evaluated: global percentile, global median absolute deviation (MAD), global
standard deviation (STD), and operating-condition-specific percentile thresholds. Multiple
parameter values within each family were assessed using the development data across the
independently trained predictors.

A healthy-validation false-positive rate (FPR) of 5% was used as a study-defined
operating objective for controlling false alarms. This criterion and the associated selec-
tion procedure were fixed during preliminary workflow development before the final
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experiments. Among configurations satisfying this objective, development F1-score and
artificial-fault recall were used to guide selection. If no evaluated configuration satisfied
the objective, the configuration with mean FPR closest to 5% was retained.

For each candidate rule, the threshold parameters were estimated from the healthy
calibration bearing K004, while the resulting false-positive rate used for threshold selection
was evaluated separately on the healthy validation bearing K003. Thus, the reported
development FPRs represent performance on K003 under thresholds calibrated from K004,
rather than the false-positive rate of the calibration bearing itself.

None of the evaluated configurations achieved the 5% FPR objective; therefore, the pre-
defined fallback criterion was applied. Table 9 compares the most conservative configu-
ration from each threshold family. Global MAD with k = 5.0 produced the lowest mean
healthy-validation FPR (0.1506) and was the closest evaluated configuration to the specified
operating objective.

Table 9. Most conservative configuration from each thresholding family. Bold indicates the selected
configuration with the lowest mean healthy-validation FPR.

Threshold Method Parameter Mean FPR

Global percentile 99.9 0.1681
Condition percentile 99.9 0.1779
Global STD 4.0 0.1822
Global MAD 5.0 0.1506

The selected MAD configuration produced the lowest healthy-validation FPR among
the evaluated threshold candidates. Global MAD with k = 5.0 was therefore fixed and
applied without further adjustment during final evaluation.

4.6. Final Evaluation on Previously Unseen Bearings

After completion of the sequential optimization procedure, the finalized framework
was evaluated without further adjustment using healthy bearing K005 and the previously
unseen real-damage bearings KI04 and KA04. All predictor, anomaly-score, and threshold
configurations remained fixed during this evaluation.

Table 10 summarizes the final detection performance. The detector achieved a precision
of 0.9971 and, on the designated healthy test bearing K005, a specificity of 0.9987 and a
false-positive rate (FPR) of 0.0013. The anomaly scores also achieved ROC–AUC and PR–
AUC values of 0.8385 and 0.9200, respectively. In contrast, recall was 0.2257, resulting in an
F1-score of 0.3681 and indicating limited fault sensitivity at the selected operating threshold.

Table 10. Final detection performance on the designated healthy test bearing K005 and previously
unseen real-damage bearings. The false-positive rate on the completely reserved healthy bearing
K006 is additionally reported to indicate healthy-domain generalization.

Metric Value

Precision 0.9971
Recall 0.2257
F1-score 0.3681
Healthy K005 FPR 0.0013
Reserved healthy K006 FPR 0.1795
Specificity (K005) 0.9987
ROC–AUC 0.8385
PR–AUC 0.9200
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The substantially lower FPR observed on K005 should be interpreted in the context
of the bearing-level evaluation protocol. The threshold was fixed during development
using K004 for calibration and K003 for healthy-validation assessment, whereas K005 was
a previously unseen healthy bearing and was not used for further threshold adjustment.
The difference between the 15.06% development healthy-validation FPR on K003 and the
0.13% final healthy-test FPR on K005 therefore reflects variation in the healthy residual-score
distribution between bearings rather than re-calibration on the test data.

The K006 false-positive rate is included in Table 10 to make the observed healthy-
domain generalization limitation explicit; K006 was not included in the calculation of the
remaining final-evaluation metrics. A detailed analysis of K006 is provided in Section 4.8.

The confusion matrix in Figure 4 shows that only 104 of 80,116 healthy windows were
incorrectly classified as anomalous, whereas 36,137 of 160,087 real-fault windows were
detected. Correspondingly, the false-negative rate was 0.7743, indicating that a substantial
proportion of fault windows remained undetected at the selected operating threshold.
The low false-positive count and high false-negative rate reflect the conservative operating
behaviour of the fixed threshold.

Figure 4. Confusion matrix for the final evaluation on previously unseen healthy and real-
damage bearings.

The threshold-independent discrimination performance is shown in Figure 5. The ROC–
AUC of 0.8385 and PR–AUC of 0.9200 indicate that the continuous anomaly scores retain
substantial discrimination between healthy and faulty windows despite the lower recall
obtained at the selected binary decision threshold.

(a) (b)

Figure 5. Threshold-independent discrimination performance during final evaluation: (a) ROC curve
and (b) Precision–Recall curve.
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Figure 6 further shows the anomaly-score distributions for healthy K005 and the
previously unseen real-fault bearings. The distributions exhibit substantial separation but
also overlap around the selected decision region, consistent with the difference between
the strong ranking metrics and the lower threshold-dependent recall.

Figure 6. Anomaly-score distributions for healthy K005 and previously unseen real-damage bearings.

Performance varied across operating conditions, as summarized in Table 11. Healthy
K005 false-positive rates remained below 0.23% across all four conditions, ranging from
0.020% to 0.225%. In contrast, real-fault detection rates ranged from 6.570% to 29.208%.
The highest detection rate occurred under N15_M07_F10, while N09_M07_F10 produced
the lowest, indicating that fault detectability remained sensitive to operating condition.

Table 11. Detection performance across the evaluated operating conditions.

Operating Condition Healthy K005 FPR (%) Real-Fault Detection Rate (%)

C1 0.020 6.570
C2 0.145 28.178
C3 0.225 26.360
C4 0.130 29.208

Overall, the designated final evaluation demonstrates a very low false-alarm rate
on K005 and substantial anomaly-ranking capability on the unseen evaluation bearings,
but also reveals limited fault sensitivity at the selected threshold. The substantially higher
false-positive rate observed on the reserved healthy bearing K006 further indicates that this
low false-alarm behaviour does not generalize uniformly across unseen healthy bearings.
The contrast between the high PR–AUC and relatively low recall indicates that thresh-
old calibration and healthy-domain generalization remain important limitations of the
finalized detector.

4.7. Robustness Across Independent Random Initializations

To assess reproducibility, the finalized framework was independently trained and
evaluated across three independent random initializations while all selected design com-
ponents remained fixed. This experiment therefore examined the sensitivity of the final
detector to stochastic model initialization and training.

Table 12 summarizes the results. Performance remained highly consistent across the
three runs, with F1-scores ranging from 0.3639 to 0.3674 and precision exceeding 0.997
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for every run. Healthy false-positive rates also remained close to 0.12%, while only small
variations were observed in PR–AUC and ROC–AUC.

Table 12. Final detection performance across three independent random initializations.

Run F1 Recall Precision FPR PR–AUC ROC–AUC

1 0.3639 0.2225 0.9972 0.001248 0.9200 0.8385
2 0.3674 0.2252 0.9972 0.001248 0.9197 0.8377
3 0.3669 0.2248 0.9974 0.001173 0.9214 0.8417

Mean 0.3661 0.2242 0.9973 0.001223 0.9204 0.8393
Std. 0.0019 0.0014 0.0001 0.000043 0.0009 0.0021

The small standard deviations across all reported metrics indicate that the final perfor-
mance was relatively insensitive to random initialization under the investigated training
procedure. In particular, the consistency of both threshold-dependent and threshold-
independent metrics supports the reproducibility of the reported detector behaviour across
three independent random initializations.

4.8. Generalization to the Reserved Healthy Bearing

To assess healthy-domain generalization, bearing K006 was reserved throughout
framework development and introduced only after the complete prediction-to-decision
pipeline had been finalized. K006 therefore played no role in predictor training, detector
calibration, or configuration selection.

Table 13 compares the anomaly-score statistics of the calibration bearing K004, healthy
test bearing K005, and reserved healthy bearing K006. K004 and K005 produced rel-
atively similar score distributions and low false-positive rates of 0.04% and 0.13%, re-
spectively. In contrast, K006 exhibited a higher mean anomaly score (0.6476) and a false-
positive rate of 17.95%, indicating substantially reduced detector robustness on the reserved
healthy bearing.

Figure 7 shows that the K006 anomaly-score distribution is shifted towards larger
values and exhibits a longer upper tail than those of K004 and K005. This shift is consistent
with the substantially higher false-positive rate observed for the reserved bearing.

Figure 7. Comparison of anomaly-score distributions for the calibration bearing (K004), healthy test
bearing (K005), and reserved healthy bearing (K006).
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Table 13. Anomaly-score statistics across healthy bearings. Bold indicates the largest value for each
metric, highlighting the shift for K006.

Bearing Mean Score 95th Percentile 99th Percentile False-Positive Rate

K004 (Calibration) 0.3109 0.5693 0.7081 0.0004
K005 (Healthy Test) 0.3444 0.6192 0.7776 0.0013
K006 (Reserved) 0.6476 1.5391 2.1049 0.1795

The K006 false-positive rate was also examined separately across the four operating
conditions. As shown in Figure 8, the rates ranged from 15.81% to 20.12%, indicating that
the degradation was not confined to a single operating condition.

Figure 8. False-positive rate of the reserved healthy bearing (K006) across the evaluated operat-
ing conditions.

The K006 recordings also exhibited higher average signal standard deviation and
RMS values than K004 and K005 across the evaluated operating conditions, supporting
the interpretation that the increased anomaly scores were associated with healthy-domain
variation. These results reveal an important limitation of the fixed detector: although
false-positive rates remained very low for K004 and K005, performance deteriorated sub-
stantially on a healthy bearing that was completely excluded from framework development.
This finding highlights the importance of representing healthy-bearing variability during
calibration and motivates future investigation of broader healthy training data or adaptive
thresholding strategies.

4.9. Comparison with Contemporary Time-Series Models

To assess whether the selected recurrent architecture remains competitive with more
recent time-series models, PatchTST and iTransformer were evaluated as external fore-
casting baselines. These architectures were selected because they represent contemporary
patch-based and inverted-Transformer approaches and have also been considered in recent
bearing-diagnosis research [23,26,30,31]. For a controlled comparison, only the forecasting
model was changed; the healthy-only prediction-residual detection framework was other-
wise kept aligned with the proposed method, including the input window and prediction
horizon, residual-based anomaly scoring, calibration procedure, and held-out bearing
evaluation. Each architecture was evaluated over three independent runs, and Table 14
reports the mean and standard deviation across these runs.
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Table 14. Comparison with contemporary time-series models. Bold indicates the best performance
for each metric.

Model ROC-AUC PR-AUC Precision Recall Healthy FPR

Stacked LSTM 0.8393 ± 0.0021 0.9204 ± 0.0009 0.9973 ± 0.0001 0.2242 ± 0.0014 0.00122 ± 0.00004
PatchTST 0.8264 ± 0.0054 0.9132 ± 0.0022 0.9959 ± 0.0004 0.2235 ± 0.0021 0.00183 ± 0.00018
iTransformer 0.8254 ± 0.0030 0.9146 ± 0.0017 0.9961 ± 0.0003 0.2480 ± 0.0056 0.00195 ± 0.00016

Under the aligned evaluation protocol, the Stacked LSTM achieved the highest mean
ROC-AUC (0.8393), PR-AUC (0.9204), and precision (0.9973), together with the lowest
healthy false-positive rate (0.00122). PatchTST produced similar recall to the Stacked
LSTM but slightly lower ranking performance, whereas iTransformer achieved the highest
recall (0.2480) while exhibiting lower ROC-AUC and a higher healthy false-positive rate.
The three architectures therefore demonstrated broadly comparable anomaly-detection
performance under the aligned evaluation protocol, with different trade-offs across the
reported metrics. Given the small differences and the variability observed across the three
independent runs, these results are interpreted descriptively and do not establish statistical
superiority of one architecture over the others.

5. Conclusions
This study presented a healthy-only bearing fault detection framework based on

multi-step stacked-LSTM forecasting and residual-based anomaly detection, with the com-
plete prediction-to-decision pipeline developed through a controlled sequential procedure.
Rather than formulating bearing monitoring as a supervised fault-classification problem,
the proposed approach learns healthy temporal behaviour from vibration sequences and
identifies abnormal behaviour from the resulting prediction residuals. A central aspect of
the methodology was the sequential development of the complete prediction-to-decision
pipeline, in which the input sequence length, forecasting horizon, prediction architecture,
residual-based anomaly score, and decision threshold were evaluated in successive stages
and frozen after selection. Bearing-level separation was maintained throughout develop-
ment so that the real-damage bearings and an additional reserved healthy bearing remained
unseen during framework optimization.

The finalized framework demonstrated strong anomaly-ranking performance on pre-
viously unseen healthy and real-damage bearings, achieving ROC–AUC and PR–AUC
values of 0.8385 and 0.9200, respectively, together with a healthy false-positive rate of 0.13%.
However, recall at the selected operating threshold was only 22.57%, showing that the con-
servative global threshold favoured suppression of false alarms at the expense of detecting
a substantial proportion of real-fault windows. These results therefore establish that the
residual scores contain useful fault-discrimination information, while also showing that
effective anomaly ranking alone is insufficient to guarantee strong threshold-dependent
fault sensitivity. The controlled comparison with contemporary forecasting architectures
showed broadly comparable performance among the Stacked LSTM, PatchTST, and iTrans-
former under the same healthy-only prediction-residual protocol, with different trade-offs
across anomaly ranking, precision, recall, and healthy false-positive rate.

The additional experiments provide important context for this result. Performance
was highly consistent across three independent model initializations, with a mean F1-
score of 0.3661 and a standard deviation of 0.0019, indicating that the observed detector
behaviour was not dependent on a favourable random initialization. Fault detectability
nevertheless varied across operating conditions, demonstrating that changes in operating
regime influence the magnitude and separability of prediction residuals. More importantly,
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evaluation on the completely reserved healthy bearing K006 produced a false-positive
rate of 17.95%, compared with 0.13% for the designated healthy test bearing K005. This
result reveals that a globally calibrated residual threshold can be sensitive to previously
unseen healthy-domain variation even when excellent specificity is obtained on the original
healthy test distribution.

These findings highlight an important distinction between anomaly-score discrimina-
tion and the final threshold-dependent detection decision. The high PR–AUC obtained on
real faults indicates that useful fault-related information is present in the learned residual
scores, whereas the comparatively low recall shows that a conservative global threshold
does not fully exploit this separation. At the same time, the reserved-bearing experi-
ment demonstrates that reducing the threshold solely to increase fault sensitivity could
increase false alarms when the healthy distribution changes. Consequently, threshold cali-
bration and healthy-domain generalization emerge as important challenges for translating
prediction-based bearing anomaly detection into robust condition-monitoring systems.

Future work should therefore investigate adaptive or operating-condition-aware
thresholding strategies capable of balancing fault sensitivity and false-alarm control under
changing healthy distributions. Extending healthy-behaviour learning across a broader
range of bearings and operating regimes may further improve robustness to bearing-to-
bearing variation. Evaluation on additional run-to-failure and industrial datasets would
also be valuable for determining whether the observed behaviour generalizes beyond the
Paderborn dataset. Finally, incorporating temporal persistence or recording-level decision
rules, rather than treating individual prediction windows independently, may provide a
more practically meaningful basis for maintenance decisions.

Overall, the results demonstrate that sequential development of the prediction-to-
decision pipeline provides a transparent and reproducible framework for healthy-only
bearing fault detection, while also identifying threshold calibration and healthy-domain
shift as key directions for further development.
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Appendix A. Ablation Studies
The framework configuration was established sequentially using only the devel-

opment data described in Section 3.2. Candidate configurations were compared while
previously selected components were kept fixed, allowing the influence of each design
choice to be assessed separately. The final evaluation bearings were excluded from all
configuration-selection experiments.

The ablation studies considered four components of the framework: input sequence
length, forecasting horizon, LSTM architecture, and residual-based anomaly scoring
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method. The following subsections summarize the preliminary candidate comparisons
used to identify the configurations retained for subsequent confirmation and framework-
development stages.

Appendix A.1. Input Sequence Length

Three candidate input sequence lengths were evaluated under an identical UniLSTM
one-step forecasting configuration as a preliminary configuration screening. The screening
results are summarized in Table A1.

Table A1. Preliminary screening of candidate input sequence lengths.

Input Length Validation RMSE Outcome

128 1.0930 Retained
256 1.1360 Retained
512 1.1408 Not retained

The 128- and 256-sample configurations were retained for repeated evaluation. Their
three-run comparison and the final input-length selection are reported in Section 4.1.

Appendix A.2. Forecasting Horizon

Following the input-length analysis, three forecasting horizons were compared: one-
step forecasting (H = 1) and direct multi-step forecasting with horizons of (H = 8) and
(H = 16). All configurations used an input sequence length of L = 256 and otherwise
identical model and training settings. The preliminary screening results are summarized in
Table A2.

Table A2. Preliminary screening of candidate forecasting horizons.

Forecasting Horizon Validation RMSE Outcome

H = 1 1.1360 Not retained
H = 8 1.1174 Retained

H = 16 1.0940 Retained

The two direct multi-step configurations, H = 8 and H = 16, were retained for
further evaluation. Their final comparison and forecasting-horizon selection are reported
in Section 4.2.

Appendix A.3. Candidate LSTM Architectures

Following selection of the temporal configuration, six LSTM-family architectures were
compared using the selected input length (L = 256) and forecasting horizon (H = 16),
with the remaining training and evaluation settings kept unchanged. The preliminary
comparison is summarized in Table A3.

Table A3. Preliminary comparison of candidate LSTM architectures.

Architecture RMSE MAE Outcome

StackedLSTM 1.0916 0.5728 Retained
BiLSTM 1.0926 0.5747 Retained
UniLSTM 1.0940 0.5775 Not retained
CNN-LSTM 1.0978 0.5838 Not retained
Encoder–Decoder LSTM 1.1007 0.5899 Not retained
Residual LSTM 1.1124 0.6052 Not retained
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StackedLSTM and BiLSTM achieved the lowest prediction errors and were therefore
retained for further evaluation. Their final comparison and prediction-model selection are
reported in Section 4.3.

Appendix A.4. Residual-Based Anomaly Scoring Methods

Following selection of the StackedLSTM predictor, six residual-based anomaly scoring
methods were compared: Mean Absolute Error (MAE), Root Mean Squared Error (RMSE),
Mean Squared Error (MSE), Residual Energy, Mahalanobis Distance, and Maximum Abso-
lute Residual (MaxAbs). The comparison is summarized in Table A4.

Table A4. Comparison of the evaluated residual-based anomaly scoring methods. Bold indicates the
best performing scoring method

Method PR–AUC ROC–AUC F1 Recall Precision

MAE 0.6167 0.5873 0.5305 0.4933 0.5737
RMSE 0.5700 0.5457 0.5009 0.4739 0.5313
MSE 0.5700 0.5457 0.5009 0.4739 0.5313
Residual Energy 0.5700 0.5457 0.5009 0.4739 0.5313
Mahalanobis 0.5141 0.4943 0.4415 0.4076 0.4817
Maximum Absolute Residual 0.5210 0.4979 0.4208 0.3777 0.4750

MAE achieved the highest PR–AUC, ROC–AUC, F1-score, recall, and precision among
the evaluated scoring methods and was therefore selected as the residual-based anomaly
score for the subsequent threshold analysis. The corresponding final selection is discussed
in Section 4.4.
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