% applied sciences

Article

ARC-Informer: Axial-Radial Coupling-Aware Informer for Wind
Turbine Main Bearing Health Monitoring

Zijing Xie %, Xiaocong Xiao

W) Check for updates

Academic Editor: Alessandro Lo

Schiavo

Received: 26 April 2026

Revised: 23 May 2026

Accepted: 26 May 2026

Published: 3 June 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

123+ and Ziyue Zhang 1>

Hunan Provincial Key Laboratory for Services Computing and Novel Software Technology, Hunan University
of Science and Technology, Xiangtan 411201, China; zijing233@gmail.com (Z.X.);
ziyuezhangzhang@gmail.com (Z2.Z.)

School of Computer Science and Engineering, Hunan University of Science and Technology,

Xiangtan 411201, China

School of Big Data and Information Engineering, Xinjiang University of Technology, Hotan 848000, China

*  Correspondence: xiaocongxiaol102@gmail.com

Abstract

Wind turbine main bearings are critical drivetrain components whose operating status
directly affects the stability and safety of the entire unit. However, traditional unsupervised
health monitoring methods suffer from difficulty in capturing early weak faults, low
anomaly detection sensitivity, and inability to fully exploit axial-radial vibration coupling
characteristics. To address these issues, this paper proposes an Axial-Radial Coupling-
aware Informer (ARC-Informer) for unsupervised main bearing health monitoring. First,
20 time-frequency domain features are extracted from each of the axial and radial vibration
signals and concatenated into a 40-dimensional coupled health feature vector. A cross-
attention-based coupling enhancement module with residual fusion explicitly models the
dynamic interaction between the two directions. Second, a self-attention channel-gating
mechanism adaptively reweights the feature channels, and an Informer backbone captures
long-range temporal dependencies for multistep prediction of the coupled features. At
last, a health index (HI) is constructed from the prediction residuals, with a 99.7% quantile
threshold and a six-step consecutive exceedance criterion for anomaly alarm triggering.
Experimental results on real wind turbine data show that the proposed ARC-Informer
achieves MSE of 0.180-0.257 across prediction horizons 1-16, with its advantage over TPE-
optimized baselines (GRU, LSTM, RNN, TCN) growing from negligible at short horizons to
8.1% MSE reduction at H = 16, validating the effectiveness of the coupling enhancement for
long-range forecasting. A cross-turbine case study on 10 healthy segments from five wind
turbines confirms zero false alarms, and a simulated fault experiment successfully triggers
an early warning, demonstrating practical unsupervised health monitoring capability.

Keywords: ARC-informer; condition monitoring; main bearings; wind turbine; coupled
features; unsupervised learning

1. Introduction

The wind turbine (WT) main bearing is a critical drivetrain component that transfers
aerodynamic loads and rotor torque to the downstream transmission chain. Field failure
data indicate that up to 30% of three-point-mounted main bearings may require replacement
within a 20-year design life, highlighting a substantial gap between rated and achieved
service life [1]. Once a main bearing develops defects, the resulting vibration abnormality,
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frictional heating, and load redistribution can accelerate the degradation of adjacent com-

ponents and eventually lead to costly downtime and increased levelized cost of energy [2].

Comprehensive reviews have consolidated the state of the art in SCADA-based condition

monitoring (CM) for wind turbines, covering normal behavior modeling (NBM) frame-

works, Al-driven fault detection, and digital twin integration [3,4]. Therefore, a reliable

CM and early-warning framework for WT main bearings is of great practical significance.
Existing SCADA-based CM methods span a broad spectrum of techniques. Early work

established the feasibility of using temperature, power, and vibration signals together with

statistical indicators and shallow models [5,6]. Statistical process control combined with
machine-learning classifiers was demonstrated for turbine-level fault diagnosis [7]. Princi-
pal component analysis (PCA) and one-class support vector machines have been applied

to main bearing anomaly detection, enabling fault prognosis months before failure [8-10].

Deep-learning approaches, including gated recurrent units (GRUs) and convolutional au-

toencoders, have further improved detection sensitivity by learning nonlinear degradation

patterns from healthy SCADA data [11-14]. Energy-informed parametric models and
hybrid SCADA-vibration frameworks have also been explored to capture physical degra-
dation mechanisms and fuse heterogeneous sensor sources [15,16]. Change-point detection

methods help maintain model robustness under non-stationary operating conditions [17],

while multi-variable correlation extraction has been employed for fault identification [18].

More recently, control-chart-integrated anomaly detectors and machine-learning vibration

monitoring systems have been proposed for incipient fault detection under field and lab-

oratory conditions [19,20]. In parallel, Transformer-based architectures—particularly the

Informer with its ProbSparse self-attention—have shown promise for bearing fault diagno-

sis by efficiently modeling long vibration sequences [21]. In addition, autoencoder- and

attention-mechanism-based methods have also been introduced into equipment condition

monitoring [22,23].

Despite these advances, three key limitations remain in the context of main bearing CM.
First, existing studies treat axial and radial vibration signals independently, neglecting the
coupled degradation behavior caused by load—path interactions and structural dynamics.
Second, although time-frequency features are widely used for vibration analysis, their
relative importance varies across degradation stages, and fixed manual weighting is often
suboptimal. Third, prediction residuals are usually analyzed at the scalar-variable level,
whereas main bearing fault diagnosis is inherently a multivariate reconstruction problem
requiring joint consideration of all feature fields.

To solve these issues, this paper proposes an Axial-Radial Coupling-aware Informer
(ARC-Informer) for unsupervised main bearing health monitoring. The method first ex-
tracts 20 time-frequency features from each vibration direction and concatenates them
into a 40-dimensional coupled feature vector. A cross-attention-based coupling enhance-
ment module explicitly models the dynamic interaction between axial and radial features.
A self-attention channel-gating mechanism then adaptively reweights the feature channels
according to inter-channel dependencies. The enhanced and gated feature sequence is
subsequently modeled by an Informer backbone, which captures long-range temporal
dependencies through ProbSparse self-attention and generative decoding. Finally, the pre-
diction residual is transformed into a health index (HI) with a 99.7% quantile threshold and
a six-step consecutive exceedance criterion for fault detection.

The main contributions of this paper are summarized as follows:

* A coupled axial-radial vibration representation is constructed for WT main bearing
monitoring. Unlike single-direction schemes, the proposed framework explicitly
models the interaction between the two vibration directions and thereby better reflects
the actual operating condition of the bearing.

https:/ /doi.org/10.3390/app16115578


https://doi.org/10.3390/app16115578

Appl. Sci. 2026, 16, 5578

30f25

¢ A self-attention-based channel-gating mechanism is introduced on the internally
normalized coupled feature sequence. This design enables adaptive channel-
wise reweighting before Informer forecasting and strengthens the contribution of
degradation-sensitive descriptors.

¢ A complete condition monitoring and early-warning framework is established on a real
SCADA dataset, leveraging the Informer backbone with ProbSparse self-attention and
generative decoding for accurate multistep coupled-feature forecasting. Comparative
experiments, ablation studies, and a case study are conducted to comprehensively
evaluate reconstruction accuracy, stability, and fault-warning performance, with the
corresponding numerical results presented to demonstrate the effectiveness of the
proposed approach.

The remainder of this paper is organized as follows. Section 2 defines the problem
and presents the ARC-Informer framework. Section 3 describes the real wind turbine
SCADA dataset, data cleansing and time-frequency feature extraction, experimental design,
evaluation metrics, and results. Section 4 validates the HI-based early warning capability
through healthy-state and simulated fault case studies. Section 5 concludes this paper.

2. Problem Definition and Proposed Model
2.1. Problem Definition

Under normal operating conditions, the axial and radial vibration signals of the wind
turbine (WT) main bearing maintain a dynamic and stable internal equilibrium relationship,
with their time-frequency characteristics fluctuating within a normal range and exhibiting
consistent coupling constraints. When incipient degradation or failure occurs in the main
bearing, this dynamic equilibrium is disrupted, leading to deviations in vibration character-
istics and breakdown of the axial-radial coupling relationship. The condition monitoring
problem for the WT main bearing can be defined based on a nonlinear prediction model
and prediction residual, which is described as follows.

Let f! € R? and ff € R? denote the 20-dimensional time-frequency feature vectors
extracted from the axial and radial vibration signals within the i-th sliding window, re-
spectively. By concatenating the two feature sets, a unified 40-dimensional coupled health
feature vector at time step i is obtained:

X = [f{-“; fﬂ € RY, 1)

where [-; -] denotes the vector concatenation operation.

Given a historical input sequence Xenc(t) = {X;—r11,...,X:} of length L, the long-
sequence prediction objective is to accurately estimate the future coupled feature sequence
over a prediction horizon H:

Y(t) = {Xt+1,...,xt+H}. (2)

The ARC-Informer is trained in an unsupervised manner using only healthy data,
to learn the normal temporal evolution patterns and stable axial-radial coupling charac-
teristics of the main bearing. The nonlinear mapping relationship between historical and
future feature sequences can be expressed as:

Y(t) = F(XeHC(t))r 3)

where F(-) represents the nonlinear prediction function implemented by the ARC-Informer,
and Y(t) = {%41,..., %11} is the predicted feature sequence.
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Based on the prediction residual between the actual and predicted feature vectors,
a health index (HI) is constructed to quantify the degree of deviation from the normal
equilibrium state. The HI at time step t + / is defined as:

HI(t + h) = [|&e1n — Xe gl @

where || - |2 denotes the L, Euclidean norm. Under normal conditions, the HI fluctuates
within a stable normal range. When degradation occurs, the actual feature sequence devi-
ates from the learned normal pattern, resulting in a continuous increase in HI. The essence
of main bearing condition monitoring is to detect such deviations in advance, trigger an
alarm when the HI exceeds a predefined threshold, and achieve early warning of incipient
anomalies before obvious failures occur.

2.2. Framework for the Proposed Model

The overall framework consists of five sequential modules: an input module, an axial-
radial coupling enhancement module, a feature-gating module, an Informer module, and a
reconstruction module, as illustrated in Figure 1. The coupling enhancement stage uses
bidirectional cross-attention to explicitly model the dynamic interaction between axial and
radial features, producing an augmented 40-dimensional representation. The channel-
gating mechanism adaptively reweights the feature channels based on their inter-channel
dependencies. The Informer backbone then captures the long-range temporal evolution
of the gated features and outputs the predicted future feature sequence Y (t). Finally,
the reconstruction module transforms the prediction residuals into a health index for
anomaly detection. The following subsections detail each module.

Cross-Attention Coupling & Fusion

Giate Fusion for X"
" vt ™ X 46 T~ X
Feature Cross-Attention Post- Output
Embedding A AR Processing A Projection A
Linear, 20—H QAK.VR (LN.FFN.LN) H—1

Concatenate
Xy
dim 40

Concatenate
[0 ¢)
dim 40

st

Feature Cross-Attention Post- Output
> Embedding A R—A Processing A Projection A
Linear, 20—~H QRK.V:A (LN,FFN,LN) H—=1

Inputs: Xeo

Feature Gating Module Informer Module Reconstruction Module

Figure 1. Overall framework of the proposed ARC-Informer model.

2.2.1. Input Module

The input module starts from second-level SCADA export files containing the raw axial
vibration, radial vibration, power, and time-stamp records of the wind turbine. To construct
a continuous operating sequence suitable for modeling, the raw files are first scanned
to identify the longest valid operating segment. During this process, short zero-power
sections are allowed to be merged into the valid segment and then imputed, while long
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shutdown periods are excluded. The resulting continuous segment remains at the original
1 s temporal resolution and preserves the raw axial and radial vibration signals.

Based on the extracted continuous segment, window-level feature samples are gen-
erated by a sliding-window procedure with a window size of 60 s and a step size of 15 s.
In this stage, resampling and feature extraction are performed simultaneously: each 60 s
vibration window is directly converted into one coupled feature vector, and the output
time stamp is defined as the window starting time. Consequently, the original second-level
vibration sequence is transformed into a multivariate feature sequence with a temporal
resolution of 15 s.

2.2.2. Axial-Radial Coupling Module

For each sliding window, 20 time-frequency features are extracted from each vibration
direction and concatenated to form x = [f4; fR] € R%0. A cross-attention-based coupling
enhancement module models the dynamic interaction between the two directions through
four steps:

Feature embedding. Each scalar feature is embedded to dj, = 32 via separate linear
projections, producing token sequences T4, TR € R20%32,

Bidirectional cross-attention. Two parallel multi-head cross-attention layers model
mutual dependency: axial-to-radial (A — R, axial tokens as queries attending over ra-
dial tokens) and radial-to-axial (R — A, the reverse). Both paths use FFN and layer
normalization in residual blocks.

Gated residual fusion. The attention-refined features f*, fX are projected back to the
original space. A learnable gate controls the injection ratio:

g = o (W[ £5] + by ) € (0,1)%, 5)

with bias initialized to 0.5 (¢(0.5) ~ 0.62 default activity). The enhanced features are
obtained by a gated residual update:

fA:fAJrg@(fA—fA), ER:fRJrg@(ER—fR), 6)

adaptively amplifying coupling-sensitive channels while preserving the original structure.
Training objective. The coupling module is trained unsupervised on healthy data
with a combined loss:

120

Ecoupling = Arecon * LHuber (f/ f) + )\gate 20 Z (gj - Tg)zz 7)
j=1

where Arecon = 0.3, Agate = 0.1, T, = 0.7, and Lygyper uses 6 = 1.0. The gate regulariza-
tion encourages high coupling injection while the reconstruction term prevents excessive
distortion, after which the enhanced 40-dimensional vector [f4; fX] feeds into the subse-
quent stages.

2.2.3. Feature Gating Module

Before temporal forecasting, the coupled feature sequence is processed by an internal
normalization and channel-gating mechanism. Specifically, for each sample independently,
the mean and standard deviation of each feature channel are calculated from the encoder
input portion (the L historical time steps), and both the encoder and decoder inputs of that
sample are normalized using this per-sample channel-wise factor.

On top of the normalized representation, a dynamic channel gate is applied. Different
from a static feature-weighting vector, the adopted gate treats each feature channel as a
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channel token and models cross-channel dependency through self-attention in the channel
dimension. Specifically, the normalized sequence Z € R*C (where L is the encoder length
and C = 40) is transposed so that each channel is represented by its L-dimensional temporal
trajectory: Z = Z' € RC*L. Three linear projections map each channel token to a hidden
dimension d;, = 32:

Q=7ZW?, K=2zZWK v=2Zw', (8)

where WQ, WK WV € RLX@r and Q, K, V € RE*9h, Multi-head self-attention with N, =4
heads and per-head dimension dy = dj,/ Nj, = 8 is then applied across the C = 40 channels:

QK Cxd
A = Concat | softmax NGn Vi, |lh=1,...,N, | e R~ 9)

followed by a linear projection and sigmoid activation to produce channel-wise gate coefficients:
g = o(AWS +b%) € (0,1), (10)

where W8 € R%. The gate coefficients are then applied multiplicatively to the normalized
encoder and decoder inputs across the temporal dimension:

Zgated =Z0g, (11)

where © denotes element-wise broadcasting over the time axis. This mechanism enables
the model to adaptively emphasize degradation-sensitive channels while suppressing
irrelevant ones before entering the Informer backbone.

2.2.4. Informer Module

The gated multivariate feature sequence is then fed into the Informer backbone for
multi-step forecasting. Informer is an encoder-decoder architecture designed for long se-
quence time-series forecasting [24]. Compared with the standard Transformer, it introduces
ProbSparse self-attention to reduce the computational cost of modeling long-range tempo-
ral dependency, applies self-attention distilling in the encoder to compress intermediate
sequence representations and retain salient temporal information, and adopts a generative
decoder to predict the whole target horizon in one forward pass rather than step-by-step
autoregressive decoding.

In the present work, Informer serves as the adopted temporal forecasting backbone
operating on the internally normalized and channel-gated coupled feature sequence rather
than on raw vibration signals. The encoder receives the historical coupled feature sequence
with length L = 144, while the decoder takes a label segment whose length L is jointly
optimized with other hyperparameters via the TPE search and depends on the prediction
horizon. The decoder uses this known recent context together with future placeholders
to generate the prediction of future coupled feature vectors under horizons of 1, 4, 8, and
16 steps in one forward pass. Therefore, the role of Informer in this framework is to model
the long-range temporal evolution of the coupled condition features, whereas the axial-
radial coupling enhancement, channel gating, and HI-based warning strategy constitute
the task-specific extensions of the proposed method.

2.2.5. Reconstruction Module

The Informer backbone outputs the predicted future feature vectors in the normalized
space. These predictions are then restored to the original feature scale using the per-
sample channel-wise factor calculated in Feature Gating Module. After denormalization,
the predicted coupled feature vectors are compared with the actual observed vectors to
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compute the Euclidean-distance HI. The reconstruction module therefore establishes the
connection between sequence forecasting and condition monitoring: it first produces the
future multivariate feature prediction and then transforms the prediction residual into an
interpretable health indicator for warning decision-making.

2.3. Training Strategy and Early Warning

The ARC-Informer is trained in an unsupervised manner using only healthy operation
data, without introducing any fault samples or anomaly labels during the training phase.
The training objective focuses on accurate multistep prediction of coupled health feature
sequences, so that the model can fully learn the normal temporal evolution laws and stable
axial-radial coupling characteristics of wind turbine main bearings.

During training, the model takes historical coupled feature sequences as input and out-
puts predictions over the horizon H. Before forecasting, each training sample is internally
z-score normalized using its per-channel mean and standard deviation computed from
the encoder input portion (i.e., the L time steps of the current sample only). The network
parameters are optimized by minimizing the mean squared error between the predicted
and ground-truth feature vectors in this normalized space, averaged over all N training
samples, all H prediction steps, and all C = 40 feature channels:

ghorm _ norm

Xitth — Xittn (12)

1 N H
Lirain = NHC lzzl h;l %
where N denotes the number of training samples, H is the prediction horizon, C = 40

norm
it+h

time step ¢ + & of the i-th sample, and X}l is the corresponding normalized prediction.

After training, the predictions are restored to the original feature scale via denormalization

is the coupled feature dimension, x is the normalized ground-truth feature vector at

for health index computation. The HI is not involved in network training or loss calculation,
and only serves as an evaluation indicator in the inference stage.

After the model converges, online early warning is performed based on the prediction
residuals. For each newly acquired sample, the ARC-Informer outputs the predicted
feature vector, and the Hl is calculated to measure the deviation degree from the normal
state. If the HI continuously exceeds the predefined threshold for 6 consecutive time steps
(corresponding to 6 min at the 1-min HI sampling interval), it indicates that the main
bearing has deviated from the normal dynamic equilibrium and an early anomaly alarm is
triggered. Through the separation of model training and anomaly evaluation, the proposed
method achieves reliable and robust unsupervised health monitoring and early warning
for wind turbine main bearings.

2.4. Health Index Construction and Threshold Setting

The health index (HI) is defined as the L, Euclidean norm of the prediction residual
vector, as introduced in Equation (4) of Section 2.1: HI(t + h) = ||X;1p — Xpapll2. Un-
der healthy conditions, the HI fluctuates within a stable narrow range; when degradation
occurs, the coupled equilibrium is disrupted and the HI increases continuously. In practice,
the HI is recomputed every 4 feature time steps, yielding a 1-min (60 s) HI sampling interval
that balances temporal responsiveness against computational overhead.

The choice of the L, norm is motivated by three considerations. First, multivariate sen-
sitivity: the L, norm aggregates prediction errors across all 40 feature channels into a single
scalar, naturally capturing joint deviation of the entire coupled feature vector. Degradation
typically affects multiple channels simultaneously, and the squared aggregation amplifies
this multivariate effect. Second, smoothness: the L, norm is continuous and smooth (except
at zero), producing a well-behaved HI trajectory without abrupt jumps, which benefits the
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consecutive-exceedance alarm logic by reducing spurious threshold crossings from single-
channel outliers. Third, statistical interpretation: under the assumption that per-channel
prediction errors are approximately independent and identically distributed after internal
normalization, the squared L, norm follows a scaled chi-squared distribution, providing
a theoretical basis for the quantile-based threshold selection. Alternative formulations
such as channel-importance-weighted L, norm, Mahalanobis distance, or reconstruction-
probability-based indices could potentially offer improved sensitivity by accounting for
heterogeneous feature variances; a systematic comparison is left to future investigation.

To realize automatic and reliable early warning, the threshold 7 is set as the 99.7%
quantile of the HI values obtained from the healthy test set:

n= Qo.997({HI(T) S Qhealthy})r (13)

where Opealthy denotes the set of healthy time steps and Qo.997(-) represents the 99.7%
quantile operation. To suppress transient noise and avoid false alarms, an anomaly alarm
is triggered only when the HI exceeds # for 6 consecutive HI time steps (6 min at the 1 min
HI sampling interval). This strategy ensures that warnings are raised only under sustained
degradation, improving the reliability and practicality of the monitoring system.

2.5. Training Algorithm for the Proposed Model

The training process consists of two phases, as detailed in Algorithm 1. Phase 1
pre-trains the cross-attention coupling module on the 40-dimensional coupled features.
Phase 2 builds sliding-window samples from the enhanced features, performs TPE-based
hyperparameter optimization with 100 trials using Optuna, and retrains the complete
ARC-Informer with the best configuration. The channel-gating mechanism and internal
normalization are integrated within the Informer model and trained end-to-end with the
forecasting objective.

Algorithm 1 ARC-Informer training

Require: Multivariate time series X with timestamps and prediction horizon H
Ensure: The final model (checkpoint.pth)
1: Chronologically split X into training, validation, and test parts (70%/10%/20%);

2: Construct 40-dim coupled feature vectors x; = [flA ; flR] from each sliding window;
3: {Phase 1: Pre-train cross-attention coupling enhancement module}
4: Initialize CrossAttentionCoupling with dj, = 32, fipeads = 4, Sbias = 0.5;
5: fore = 1to Ecoupling do
6:  for each training batch do
7: Split batch into axial f4 and radial fX; apply cross-attention and gated residual
fusion to obtain enhanced features fA, £R;
8: Compute Leoupling = Mecon LHuber (£, ) + Agate 35 (g — )%
9: Update parameters with Adam;
10:  end for
11: end for
12: Apply trained CrossAttentionCoupling to all samples, generating enhanced se-
quence X;

13: {Phase 2: TPE-optimized Informer training on enhanced features}

14: For each candidate (L, Ly, H), build sliding-window samples from X with encoder
input, decoder context, multivariate future target, and time markers;

15: Use raw input values; normalization is handled inside the model from encoder statistics;

16: Create an Optuna study with a TPE sampler and a median pruner;
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Algorithm 1 Cont.

17: for each trial do

18:  Sample a legal configuration (L, Ly, dmodel, 'heads- Clayerss @layers, i, factor, p,Ir) with
Ly < L and dyodel MmOd Mpeags = 0;

19:  Initialize ARC-Informer with internal normalization and self-attention channel gating;

20. fore =1to E,;y, do

21: for each training batch do

22: Build decoder input from the first L; target steps and H zero placeholders;

23: Compute encoder-wise mean and standard deviation, normalize encoder and
decoder-history inputs, and apply self-attention channel gating;

24: Predict in normalized space and recover raw outputs by denormalization;

25: Compute MSE in normalized space or raw space according to loss_on_norm;

26 Update parameters with Adam; use AMP when enabled;

27: end for

28: Evaluate validation loss and report it to Optuna;

29: Save the checkpoint when validation loss improves;

30: Apply early stopping and adjust the learning rate;

31: if the pruner triggers then stop the current trial; end if

32:  end for

33: end for

34: Save the best completed trial;

35: Export best_params. json;

36: Load the best optimized hyperparams and rebuild the ARC-Informer with the same
coupling module;

37: fore =1 to Euy do

38:  Train with the same procedure as Phase 2;

39:  Keep the checkpoint with the lowest validation loss;

40:  Stop when validation loss does not improve for n, epochs;

41: end for

42: return The final model (checkpoint.pth)

3. Experiment Setup and Result Analysis
3.1. Data Cleansing

The raw SCADA data contain downtime periods, missing values, and transient out-
liers caused by communication interruptions and temporary operational fluctuations.
Accordingly, this section performs data cleaning and preprocessing.

The data cleaning and preprocessing procedures include power-based segmentation
and outlier removal, which are formally described as:

delete v;, if power P; = 0 for more than dseg consecutive points
Vjy1 Or Uj_1, if v; is temporarily missing
1 _ .
i = %(Ul;l +0i41), ifv; >2v; qand v; > 20,4 (14)

Vi_ Ui
orv; < -t andv; < 44

% Z;;L N Ojr if v; = 0 and the preceding zero span < N
where v; denotes the vibration data value at second-level resolution, P; is the corresponding
power value, dseg is the maximum allowed length of a zero-power segment to be merged
(rather than treated as a shutdown boundary), and N is the length of the historical averaging
window (N = 300 in this study). After cleaning, the signal is resampled by averaging over
non-overlapping windows to obtain 7, as described in Algorithm 2.
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Algorithm 2 Pseudo-code for Data Cleaning and Preprocessing

Require: Raw SCADA files F containing axial vibration Vj, radial vibration Vg, power P,
timestamps T; maximum allowed zero-power segment Jseq
Ensure: Preprocessed coupled feature sequence X € RN>40
1: Read raw SCADA data and extract V4, Vg, P, T;
2: {Phase 1: Power-based segmentation with short zero-power segment tolerance}
3: Initialize segment set S = @, current segment S,y = @;
4: Set scanning index i = 0;
5. while i < length of data do

6:  if P[i] > O then
7: Append current data point i to Seypr; i < i+ 1;
8: else
9: {Encounter zero-power point: measure consecutive zero-length}
10: j—i
11: while j < length of data and P[j] = 0 do
12: j = j +1; {Scan forward until non-zero power found}
13: end while
14: Lzero < j — i; {Length of continuous zero-power segment}
15: if Lzero < Jseq then
16: {Short zero-power segment: merge into current segment with historical imputation}
17: fork=itoj—1do
18: Impute P[k| using sliding historical average of previous N points;
19: Append interpolated point k to Scr;
20: end for
21: i + j; {Continue scanning}
22: else
23: {Long shutdown: terminate current segment, start new one}
24: if Scyrr # @ then
25: S+ SU{Scur};
26 end if
27 Scurr < ©; {Reset for new segment}
28: i < j; {Start new segment from next non-zero power position}
29: end if
30:  end if

31: end while

32: Add final 5S¢+ to S if not empty;

33: Select the longest valid segment S,y = arg maxses |S|;

34: {Phase 2: Sliding window feature extraction on longest segment}
35: Initialize feature sequence X = &;

36: for each sliding window w; in S,y with window length 60 s and step 15 s do
37:  Extract 20 time-frequency features f{* from V4 (w;);

38:  Extract 20 time-frequency features f;* from Vg (w;);

39:  Construct coupled vector x; = [f{}; fR] € R40;

40: X+ XU {xt};

41: end for

42: Return coupled feature sequence X;

3.2. Time-Frequency Feature Extraction

As introduced in Section 2, for each sliding window, 10 time-domain and 10 frequency-
domain features are extracted from the axial vibration signal and the same set from the
radial vibration signal. The 20 features per direction comprehensively characterize vibration
intensity, fluctuation, impact characteristics, and spectral energy distribution under normal
operating conditions. Table 1 lists the detailed definitions, computational formulas and
physical meanings.
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Table 1. Time-frequency domain features for single-direction vibration signals.

No. Feature Name Formula Physical Meaning
1 N
1 Mean L=y Y. x(n) Vibration intensity level
n=1

2 Standard deviation

3  Peak
4  Peak-to-peak

5 RMS

1 N
= \/N X (x(m) )
Xpeak = my?x(|x(n)|)

Xp—p = Xmax — Xmin

1 N
Xrms = N Y x2(n>

Fluctuation dispersion

Maximum impact amplitude

Overall vibration range

Vibration energy intensity

1 N 4
N L (x(n) —u)
6  Kurtosis K=—"=" o Impact impulsiveness
1 XN 3
N r (x(n) —p)
7  Skewness §= = 5 Asymmetry of distribution
8  Shape factor Sf= 1 ;rms Waveform smoothness
— Y |x(n
5 L x(n)]
x
9  Crest factor Cr= peak Peak-to-energy ratio
Xrms
x
10 Impulse factor Iy = Npeak Impact sharpness
— Y |x(n
3 L x(n)]
L fis(k)
11  Spectral centroid F =" :Ii Main frequency position
X s(k)
k=1
. (fe — Fo)?s(k)
12 Spectral spread F.= [ < Frequency bandwidth
Y s(k)
k=1
K
13 Spectral entropy =—-) @ log@ Spectrum complexity
k=1
14  Dominant frequency ratio Riom mix(s(k)) Main energy concentration
X s(k)
k=1

15  Dominant frequency

16  Band magnitude (0-0.1 Hz)

17 Band magnitude (0.1-0.2 Hz)
18  Band magnitude (0.2-0.3 Hz)
19  Band magnitude (0.3-0.4 Hz)

20  Band magnitude (0.4-0.5 Hz)

fdom = arg H}?X<S<k))

Mo= Y s(k)
ka[0,0.l]
M1 = s(k

g

fc€0.1,0.2]

M, = k

!

(

s(

£€02,03]
(

(

M3 = k

g

S
£c€[0.3,0.4]

)
)
)
)

My = k

]

S
f€]0.4,0.5]

Main frequency component

Low-frequency magnitude
Medium-low-frequency magnitude
Medium-frequency magnitude
Medium-high-frequency magnitude

High-frequency magnitude

Note: x(n): raw vibration signal; N: signal length; y: mean; o: standard deviation; s(k): signal spectrum;

fi: frequency value; K: number of spectral lines; S = YX_, s(k): total spectral energy.
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3.3. Temporal Sample Generation and Dataset Construction

The sliding-window sample construction and dataset division follow the procedure
described in Section 2. The raw data consist of synchronous axial and radial vibration
signals sampled at 1 Hz acquired under stable healthy operating conditions. Under the
unsupervised learning paradigm, only healthy data are used for model training, validation,
and testing, as the present study focuses on verifying that the model maintains stable
predictions and does not trigger false alarms under normal operating conditions.

The dataset used in this study contains 411,658 s of raw vibration data. After seg-
ment extraction, sliding-window feature construction (illustrated in Figure 2), and sample
screening, 27,454 valid feature samples are obtained for subsequent forecasting and health
monitoring experiments.

Axial Vibration Signal

Window Size:60

to~ty ts~to | vty §o oo tas~tyo | tso~tss | tss~tso th—s~tn

| H
| tios tio tis ti2o ti2s tizo
| ~tioo ~tia ~tie ~ti24 ~tig ~ti34

Al window overlapping segment A2 window
_________________________________________________ d
_________________________________________________ |

Radial Vibration Signal |
|
|
|
|
|

N Y |
_______L_____._I Window Size:60 |
\ | I

t t t ti2 tios t
to~ty ts~to | tio~tis ‘ tys~tao | tso~tsy | tss~tso | == 104 1o s 120 122 130 th—s5~ty I
} | ~ti09 ~tia ~ti19 ~t24 ~l129 ~li34 |

I

- - 1 - |
L R1 window overlapping segment 1 R2 window I
|

Figure 2. Sliding window procedure for dataset construction.

3.4. Experimental Design

All experiments were conducted on a workstation equipped with an NVIDIA GeForce
RTX 4090D GPU (24 GB VRAM), 16 vCPUs of Intel Xeon Platinum 8481C, and 80 GB of sys-
tem memory. The implementation was built with Python 3.14, PyTorch 2.9.1 (CUDA 12.8),
and Optuna 4.8.0 for hyperparameter optimization.

The model architecture and training hyperparameters are optimized via Tree-
structured Parzen Estimator (TPE) for each prediction horizon independently, with 100 trials
per study. The search space is defined as follows: encoder input length L = 144 (fixed); de-
coder label length L; € {48,72,96,120,144}; number of encoder layers N, € {1,2,3}; num-
ber of decoder layers N; € {1,2,3}; model dimension d o401 € {256,320,384,512}; feed-
forward dimension dg € {512,1024,2048}; number of attention heads N;, € {4,5,6,8,10}
subject to dpyoqe; mod Ny, = 0; ProbSparse sampling factor f € {3,...,10}; dropout rate
J§ € [0.05,0.30]; and learning rate « € [5 x 107°,5 x 10~*] sampled on a logarithmic scale.
The Adam optimizer is used with the standard Informer learning-rate scheduler. Training
is performed with a batch size of 384 for up to 60 epochs with early stopping (patience 8).
The loss function is computed as the mean squared error between the predicted and
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ground-truth feature vectors in the internally normalized space (as defined in Section 2.3).
ProbSparse self-attention and GELU activation are adopted throughout all experiments.
The channel-gating module uses a self-attention gate with 32 hidden units, a gate bias of
0.5, and 4 attention heads.

Computational cost and training time. For the TPE-optimized ARC-Informer con-
figuration at H = 4 (encoder length L = 144, label length L; = 72, model dimension
Amodel = 384, 8 attention heads, 1 encoder layer, 1 decoder layer, feed-forward dimension
dg = 2048), a single full training run (60 epochs with batch size 384) takes approximately
126 s on the RTX 4090D GPU. The complete TPE hyperparameter search (100 trials with
early stopping) requires approximately 3-4 GPU-hours, but this is a one-time offline cost.
At inference, the model processes a batch of 384 samples in approximately 80-120 ms
(3200-4800 samples per second), which is several orders of magnitude faster than the 15 s
data acquisition interval, confirming real-time applicability. Peak GPU memory usage
during training is 20 GB, well within the capacity of mid-range GPUs.

3.5. Evaluation Metrics

To comprehensively evaluate the prediction performance and anomaly detection
effectiveness of the ARC-Informer, two categories of evaluation metrics are adopted in this
paper: multi-step prediction accuracy metrics and anomaly detection performance metrics.
All metrics are calculated on the test set under four different prediction horizons, ie., 1,4, 8,
and 16 steps.

3.5.1. Prediction Accuracy Metrics

Three widely used regression metrics are employed to quantify multi-step feature
prediction accuracy, including Mean Squared Error (MSE), Mean Absolute Error (MAE),
and Root Mean Squared Error (RMSE). They are defined as follows:

MSE =

MAE = (15)

RMSE =

where x; and #; denote individual ground-truth and predicted feature values (scalars),
and M is the total number of scalar predictions computed over all test samples, all 40 feature
channels, and all H prediction steps. Lower values of all three metrics indicate higher
prediction accuracy.

3.5.2. Anomaly Detection Performance Metrics

Since the proposed framework is trained exclusively on healthy data under an unsu-
pervised paradigm, the anomaly detection evaluation focuses on verifying that the health
index (HI) remains stable and does not produce false alarms under normal operating
conditions. Two criteria are adopted for this purpose.

HI stability. Under healthy conditions, the HI should fluctuate within a stable range
close to the training-set baseline. The mean HI value HI and its standard deviation oy over
the test set are reported to quantify the central tendency and dispersion of the HI distri-
bution. Lower HI and o1y; values indicate that the model maintains consistent predictive
accuracy and that the residual error stays within a tight bound.
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Zero false-alarm verification. An alarm is triggered only when the HI exceeds the
predefined threshold # for six or more consecutive HI time steps (see Section 2.3). On the
healthy test set, the proposed framework is evaluated by counting the number of such
consecutive-threshold violation events. A reliable monitoring system on healthy data
should yield zero such events, confirming that the threshold and consecutive-count logic
together prevent transient fluctuations from being misclassified as anomalies. The number
of false alarms N, is therefore reported, with Nga = 0 being the expected ideal outcome
for a well-calibrated model.

3.6. Results and Analysis

Based on the evaluation metrics defined in Section 3.5 and presented in Table 2 for
different prediction steps (1, 4, 8, and 16), this section provides a systematic performance
evaluation of the proposed ARC-Informer against TPE-optimized baseline models includ-
ing GRU, LSTM, RNN, and TCN. All results are reported as mean =+ standard deviation
over multiple independent runs, with all models benefiting from identical TPE hyperpa-
rameter optimization (100 trials) and consistent per-sample internal normalization. Overall,
as the prediction step increases, the prediction errors of all models exhibit an upward trend,
reflecting the inherent difficulty of long-term time series forecasting.

Table 2. Comparison results of different models at different prediction steps.

Prediction Steps Model MSE MAE RMSE

TPE-GRU 0.17967 +£ 0.00062 0.10744 £ 0.00018 0.42387 £ 0.00073

TPE-LSTM 0.18180 = 0.00085 0.10892 -+ 0.00027 0.42637 £ 0.00100

1 TPE-RNN 0.17996 =+ 0.00090 0.10648 £ 0.00018 0.42421 £ 0.00106
TPE-TCN 0.18316 £ 0.00094 0.10878 £ 0.00025 0.42797 £ 0.00110

ARC-Informer (ours) 0.17993 + 0.00281 0.10317 £ 0.00105 0.42417 £ 0.00331

TPE-GRU 0.24002 £ 0.00041 0.14935 + 0.00028 0.48992 + 0.00042

TPE-LSTM 0.24219 £ 0.00068 0.15147 =+ 0.00069 0.49213 =+ 0.00069

4 TPE-RNN 0.23875 £ 0.00033 0.14845 =+ 0.00042 0.48862 £ 0.00034
TPE-TCN 0.24587 + 0.00115 0.14931 £ 0.00086 0.49585 £ 0.00116

ARC-Informer (ours) 0.23772 £ 0.00811 0.14128 + 0.00354 0.48750 £ 0.00827

TPE-GRU 0.26622 £ 0.00056 0.16829 + 0.00071 0.51596 =+ 0.00054

TPE-LSTM 0.27118 £ 0.00102 0.17238 £+ 0.00107 0.52075 £ 0.00097

8 TPE-RNN 0.26576 £ 0.00055 0.16890 =£ 0.00083 0.51552 £ 0.00053
TPE-TCN 0.27132 £ 0.00161 0.16835 £ 0.00084 0.52088 £ 0.00154

ARC-Informer (ours) 0.25502 + 0.00789 0.15573 £ 0.00439 0.50494 £ 0.00775

TPE-GRU 0.27986 £ 0.00122 0.17929 £ 0.00132 0.52901 £ 0.00115

TPE-LSTM 0.28786 £ 0.00124 0.18721 £ 0.00146 0.53652 £ 0.00116

16 TPE-RNN 0.28317 + 0.00084 0.18323 £ 0.00112 0.53213 £ 0.00079
TPE-TCN 0.28264 + 0.00215 0.17870 £ 0.00196 0.53163 £ 0.00202

ARC-Informer (ours) 0.25732 £ 0.00400 0.15860 £ 0.00237 0.50726 £ 0.00393

At the single-step horizon (step = 1), all models achieve comparable prediction ac-
curacy with MSE values in the range of 0.180-0.183. TPE-GRU achieves the lowest MSE
(0.17967 £ 0.00062) and RMSE (0.42387 £ 0.00073), marginally outperforming ARC-Informer
(MSE 0.17993 4+ 0.00281, RMSE 0.42417 4+ 0.00331) in these two metrics, while ARC-Informer
achieves the lowest MAE (0.10317 4+ 0.00105 vs. TPE-RNN 0.10648 + 0.00018, a 3.1% re-
duction). At this short horizon, the temporal dependency is limited (only one future step),
so the coupling enhancement and channel-gating mechanisms have insufficient temporal
context to demonstrate their full benefits; the recurrent baselines perform competitively be-
cause the per-sample normalization preconditioning effectively stabilizes their short-range
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gradient flow. This suggests that the proposed model’s primary advantage lies not in single-
step accuracy but in maintaining stable performance as the prediction horizon grows, which
is critical for practical health monitoring scenarios requiring multi-step forecasts. The ARC-
Informer’s marginally higher MSE and RMSE variance at H = 1 (£0.00281 vs. +0.00062 for
TPE-GRU) reflects the inherent stochasticity of its attention-based architecture in a data-
limited short-sequence context, and this variance reduces substantially at longer horizons
where the model’s structural strengths are better leveraged.

When the prediction horizon extends to 4 steps, ARC-Informer begins to show a
quantitative advantage: its MSE (0.23772 4 0.00811) is 0.4% lower than the best baseline
TPE-RNN (0.23875 + 0.00033), and its MAE (0.14128 £ 0.00354) is 4.8% lower than TPE-
RNN (0.14845 4 0.00042). The advantage, though modest at this horizon, indicates that
ARC-Informer’s architectural components start to contribute as the prediction task becomes
more challenging.

At step = 8, ARC-Informer’s advantage becomes more pronounced: MSE (0.25502 +
0.00789) is 4.0% lower than TPE-RNN (0.26576 + 0.00055), and MAE (0.15573 + 0.00439) is
7.5% lower than TPE-TCN (0.16835 = 0.00084). Among the baselines, TPE-RNN consistently
achieves the best MSE and RMSE, confirming that recurrent architectures with gating
mechanisms handle medium-term dependencies effectively.

At the longest horizon (step = 16), ARC-Informer achieves its largest relative advantage:
MSE (0.25732 % 0.00400) is 8.1% lower than the best baseline TPE-GRU (0.27986 + 0.00122),
and MAE (0.15860 £ 0.00237) is 11.2% lower than TPE-TCN (0.17870 =+ 0.00196). The grow-
ing performance gap as the horizon increases confirms that the cross-attention coupling
enhancement and channel-gating mechanism are specifically beneficial for long-range
temporal dependencies, while simpler recurrent and convolutional architectures exhibit
faster error accumulation.

ARC-Informer’s advantage over the best baseline is marginal at H = 1 and grows
steadily to 4.0% at H = 8 and 8.1% at H = 16. This trend aligns with the design motivation:
the cross-attention coupling module and self-attention channel gating are specifically
designed to exploit long-range temporal interactions in the 40-dimensional coupled feature
space, and their contribution becomes increasingly significant as the prediction horizon
lengthens. The practical value of ARC-Informer lies not solely in raw forecasting accuracy
but in its integrated health monitoring framework—coupling enhanced features, adaptive
channel weighting, and the Informer backbone together provide a principled pipeline
that supports reliable unsupervised health index construction and anomaly detection,
as validated by the subsequent case study and fault injection experiments.

3.7. Ablation Study

To evaluate the individual contribution of each proposed component, a systematic
ablation study is conducted on the test set under four prediction horizons. The results are
summarized in Table 3, from which the following observations can be drawn.

Effect of the cross-attention coupling enhancement. Comparing the TPE-Attention-
Informer with the ARC-Informer, the introduction of the cross-attention coupling module
yields accuracy gains, particularly for long-range forecasting. At short horizons (steps 1-4),
the improvement is marginal, with MSE decreasing from 0.18089 to 0.17993 at step = 1
and from 0.24032 to 0.23772 at step = 4. At step = 8 and step = 16, however, more sub-
stantial improvements emerge: MSE drops from 0.27033 to 0.25502 at step = 8 (a 5.7%
reduction), and from 0.28310 to 0.25732 at step = 16 (a 9.1% reduction), demonstrating that
the enhanced axial-radial coupling representation is particularly beneficial for long-range
forecasting, where the temporal dependency is more complex and the coupling relationship
is more critical.

https:/ /doi.org/10.3390/app16115578


https://doi.org/10.3390/app16115578

Appl. Sci. 2026, 16, 5578 16 of 25

Table 3. Ablation experiment results at different prediction steps.

Prediction Steps Model MSE MAE RMSE

Informer 0.21286 0.13235 0.46137

Attention-Informer 0.20535 0.12965 0.45315

1 TPE-Attention-Informer (Axial vibration) 0.19834 0.11976 0.44536

TPE-Attention-Informer 0.18089 0.11379 0.42531

ARC-Informer (ours) 0.17993 0.10317 0.42417

Informer 0.25770 0.16367 0.50764

Attention-Informer 0.25645 0.16081 0.50641

4 TPE-Attention-Informer (Axial vibration) 0.25378 0.15682 0.50376

TPE-Attention-Informer 0.24032 0.15010 0.49023

ARC-Informer (ours) 0.23772 0.14128 0.48750

Informer 0.27178 0.17432 0.52132

Attention-Informer 0.27361 0.17325 0.52308

8 TPE-Attention-Informer (Axial vibration) 0.28585 0.17383 0.53465

TPE-Attention-Informer 0.27033 0.17138 0.51994

ARC-Informer (ours) 0.25502 0.15573 0.50494

Informer 0.28301 0.18009 0.53198

Attention-Informer 0.28293 0.18146 0.53191

16 TPE-Attention-Informer (Axial vibration) 0.28455 0.17367 0.53343

TPE-Attention-Informer 0.28310 0.18099 0.53207

ARC-Informer (ours) 0.25732 0.15860 0.50726

Effect of the channel-gating mechanism (Attention). By comparing the vanilla In-
former with the Attention-Informer, the self-attention-based channel-gating mechanism
yields a modest accuracy gain at the shortest horizon (MSE decreases from 0.21286 to
0.20535 at step = 1, a 3.5% reduction), while its standalone effect becomes marginal at
longer horizons (MSE values are nearly identical at steps 4-16). This indicates that adap-
tive channel reweighting alone primarily benefits short-term prediction by suppressing
instantaneous channel noise. Its contribution to long-range forecasting emerges synergis-
tically when combined with TPE optimization and the cross-attention coupling module,
as reflected by the growing performance gap between the full ARC-Informer and the
TPE-Attention-Informer baseline.

Effect of TPE hyperparameter optimization. The comparison between Attention-
Informer and TPE-Attention-Informer shows that the TPE-based hyperparameter search
further improves the forecasting accuracy. For instance, at step = 4, the MSE decreases from
0.25645 to 0.24032, indicating that the automated optimization of encoder length, decoder
length, and model capacity effectively matches the model complexity to the underlying
temporal patterns in the coupled feature sequence.

Effect of dual-direction coupling. The TPE-Attention-Informer using only axial vibra-
tion (single-direction) underperforms the full dual-direction model at almost all horizons.
For example, at step = 8, the single-direction variant yields an MSE of 0.28585, whereas the
dual-direction TPE-Attention-Informer achieves 0.27033, corresponding to a 5.4% reduction.
This demonstrates that incorporating both the axial and radial feature channels provides
complementary prognostic information, and the cross-attention coupling enhancement in
the full model effectively exploits this complementarity. The full 40-dimensional coupled
representation is therefore essential for reliable health monitoring.

In summary, the complete ARC-Informer achieves the best or near-best results across
all prediction horizons. The ablation results indicate that the channel-gating mechanism
provides a moderate short-range benefit, while the TPE optimization and cross-attention
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coupling enhancement deliver progressively larger accuracy gains as the prediction horizon
increases, validating the synergistic design of the proposed framework.

3.8. Attention and Interpretability Analysis

To investigate how the channel-gating mechanism prioritizes different features under
different prediction horizons, the mean attention weights assigned to each of the 20 axial
and 20 radial channels are visualized in Figures 3 and 4. The attention scores are extracted
from the test set and averaged over all samples, with each horizon’s weights normalized to
sum to unity for interpretability.

Variable Attention Scores across Prediction Horizons (Axial Direction)
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Figure 3. Normalized channel attention weights for the 20 axial features under prediction horizons of
1,4, 8, and 16.

From Figures 3 and 4, we can observe that the attention distribution evolves markedly
as the prediction horizon increases. At the single-step horizon (H = 1), the network assigns
the highest weights to impact-related descriptors: impulse_factor (7.60% axial, 6.32% radial),
spectral_entropy (6.35%, 6.32%), and crest_factor (4.75%, 4.48%). This indicates that when
predicting only one step ahead, the model relies primarily on transient shock signatures
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that capture the most instantaneous deviation from normal vibration. Kurtosis also receives
elevated attention (3.83%, 3.48%), further confirming the importance of impulsive features
for short-range forecasting.

Variable Attention Scores across Prediction Horizons (Radial Direction)
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Figure 4. Normalized channel attention weights for the 20 radial features under prediction horizons
of 1,4, 8, and 16.

As the horizon extends to H = 4 and H = §, the attention shifts from transient-impact
features toward more persistent statistical descriptors. The weights of impulse_factor and
spectral_entropy drop substantially (impulse_factor declines from 7.60% to 3.14% in the
axial direction), while the mean vibration level gains prominence (mean_x rises from 1.19%
at H=1to 6.57% at H = 8). This pattern suggests that for medium- to long-range prediction,
the model must capture the low-frequency trend and baseline shift of the vibration signals
rather than high-frequency impact events.

At the longest horizon (H = 16), the attention becomes more evenly distributed across
all 20 channels, with most features falling in the 1.9-4.5% range. This flattening reflects
the increased uncertainty inherent in long-horizon forecasting: the model cannot rely on
a small set of dominant features and must integrate information from a broader set of
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health descriptors to maintain prediction accuracy. Notably, kurtosis exhibits a U-shaped
trend—high at H = 1 (3.83%), dipping at H = 4 (2.78%), and rising again at H = 16 (4.47%)—
suggesting that impulsive characteristics regain relevance when the prediction spans a
sufficiently long window that encompasses potential transient events.

Critically, the attention patterns of the axial and radial channels are highly similar
across all horizons, both in the relative ranking of features and in the numerical weight val-
ues. This symmetry validates the design of the coupling enhancement module: the model
learns to treat the two directions as an interdependent system rather than independent
signal sources. Features in corresponding positions (e.g., mean_x vs. mean_y, kurtosis_x vs.
kurtosis_y) receive virtually identical attention, confirming that the axial-radial coupling
mechanism successfully enforces a shared representation of the degradation state across
both vibration directions.

4. Case Study
4.1. Healthy State Validation

To validate the reliability of the proposed ARC-Informer framework on healthy op-
erating data, a case study is conducted on vibration data collected from five operational
wind turbines (denoted WT01-WTO05). The model is trained exclusively on a healthy ref-
erence dataset and then applied offline to 10 selected data segments (two per turbine) to
construct health indicator (HI) trajectories. The prediction horizon is fixed at four steps for
all segments. A fixed threshold 1 = 6.2835 is applied; this value is determined as the 99.7%
quantile of the HI distribution over the test segment of the healthy reference dataset (as
described in Section 2.4). Following the same alarm logic, an anomaly alarm is triggered
only when the HI exceeds this threshold for six consecutive HI time steps (6 min at the
1 min HI sampling interval). Since all segments correspond to normal operating conditions,
the expected behavior is that no alarm is raised.

Figure 5 presents the HI evolution over the first 800 test time steps for each segment.
Two observations confirm the effectiveness of the proposed framework on healthy data.
First, 7 out of 10 segments (WT01 Segment 1, WT01 Segment 2, WT02 Segment 1, WT02
Segment 2, WT03 Segment 1, WT03 Segment 2, and WT05 Segment 1) maintain HI values
consistently below the threshold throughout the entire observation window, with zero
exceedances, correctly reflecting their normal operating state. Second, the remaining three
segments (WT04 Segment 1 with 4 total and 1 maximum consecutive exceedances, WT04
Segment 2 with 3 total and 1 maximum consecutive exceedances, and WT05 Segment 2
with 1 total and 1 maximum consecutive exceedance) exhibit occasional isolated threshold
crossings; however, these transient fluctuations never reach the six-consecutive requirement
and are therefore correctly suppressed, avoiding any false alarms. Across all 10 segments,
the framework consistently reports no fault alarms, which matches the ground-truth
healthy condition.

These results demonstrate that the proposed framework reliably identifies all
10 healthy segments as normal, producing zero false positives under real-world multi-
turbine conditions. The HI maintains stable low values across diverse turbine characteris-
tics, confirming that the model generalizes well without requiring per-turbine retraining.
Even in the segments where occasional threshold crossings occur, the consecutive-count
logic effectively suppresses transient noise, keeping the system robust against sporadic
fluctuations while remaining sensitive to sustained deviations.

https:/ /doi.org/10.3390/app16115578


https://doi.org/10.3390/app16115578

Appl. Sci. 2026, 16, 5578 20 of 25
Health Indicator for 10 Selected Segments (Fixed Threshold=6.2835)
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Figure 5. Health indicator trajectories for 10 healthy data segments from 5 wind turbines (prediction
horizon H = 4). The red dashed line marks the fixed threshold # = 6.2835; orange dots indicate
individual time steps exceeding the threshold. Alarm trigger requires six consecutive exceedances.

4.2. Simulated Fault Validation

To further evaluate the capability of the proposed framework in detecting incipient
bearing faults, a simulated fault experiment is conducted on a completely unseen healthy
data segment (WT03, Segment 5). This segment comprises 65,645 s of raw vibration data,
which is transformed into 4374 coupled feature samples via sliding-window processing
(60 s window, 15 s step).

The classical bearing fault signal model formulates the vibration generated by a lo-
calised defect as a series of impulses convolved with the structural impulse response,
thereby requiring sampling rates in the multi-kHz range to capture the high-frequency
structural resonance responses (typically 2-10 kHz) [25]. However, the SCADA system
in this study samples vibration signals at only 1 Hz, corresponding to a Nyquist fre-
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quency of merely 0.5 Hz, which is orders of magnitude below the frequency range required
by conventional bearing fault models [26]. Under such low-sampling-rate conditions,
the high-frequency impact and resonance information undergoes severe aliasing and be-
comes fundamentally unobservable. Consequently, a Low-Frequency Periodic Disturbance
Model is employed to simulate outer-race fault characteristics under the 1 Hz sampling
constraint. Motivated by the well-established observation that rolling element bearing
faults manifest as periodic amplitude modulations of the vibration signal at the fault char-
acteristic frequencies, the fault is modeled as a multiplicative modulation of the healthy
vibration signal:

Xault (1) = xhealthy(t) - M(t), (16)

where the modulation function M(t) = 14 d(t) - A - [sin(27tfgpro t) + 0.5 - P(t)] + n(t)
consists of a degradation trend d(t) simulating progressive deterioration, a fault strength
coefficient A = 3.0, a periodic sinusoidal disturbance at the outer-race fault character-
istic frequency fgpro, an impulse enhancement term P(t) producing narrow-pulse per-
turbations at the BPFO frequency, and random noise n(t) ~ N(0,0.03%) capturing the
stochastic non-stationary nature of real faults. The fault is injected starting at 30% of
the data duration, with d(t) linearly increasing from 0.2 to 1.0 to simulate progressively
worsening degradation.

The outer-race fault characteristic frequency fgpro is determined by the bearing geom-
etry. For a rolling element bearing, the standard relationship is given by

furvo = 2o+ (1= Bcosg) = k- £, )

where Nj, is the number of rolling elements, B; and P; are the ball and pitch diameters
respectively, ¢ is the contact angle, f, = 8.7/60 ~ 0.145 Hz is the shaft rotation frequency
derived from the actual average rotational speed of 8.7 rpm measured during this data
segment, and k is a proportionality factor determined exclusively by the bearing geometric
parameters. For large-diameter rolling element bearings employed in wind turbine main
bearings, the rolling element count Nj, is typically in the range of 8 to 15 and the diameter
ratio B;/P; is approximately 0.1 to 0.2 for cylindrical roller configurations, yielding a
factor k in the range of approximately 3 to 5. In this study, k = 4 is adopted, resulting
in fgpro ~ 0.58 Hz, which corresponds to one characteristic perturbation approximately
every 1.72 s.

Both the original (healthy) and fault-injected versions of the segment are processed
through the identical feature extraction pipeline and evaluated using the same pre-trained
ARC-Informer model. Figure 6 compares the resulting HI trajectories.

Health Indicator for WT03 Segment 5 (Fixed Threshold=6.2835, step=1)

WTO03 Segment 5 (Healthy) WTO03 Segment 5 (Fault starts at 30%)
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Figure 6. Comparison of health indicator trajectories for healthy (left) and fault-injected (right) WT03
Segment 5. The red dashed line marks the fixed threshold # = 6.2835; orange dots indicate exceedances.

As shown in the left subplot of Figure 6, the healthy data segment produces stable
HI values throughout the observation window, with a maximum of only two consecutive
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threshold exceedances—far below the six-step alarm criterion—resulting in zero false
alarms. This confirms that the model maintains reliable performance on unseen healthy
data from a different turbine and time period, consistent with the findings of the multi-
turbine case study.

In contrast, the right subplot demonstrates a clear degradation response after fault
injection. The HI begins to rise noticeably following the fault injection point (30% duration),
and the maximum consecutive threshold exceedances reach seven, exceeding the six-step
alarm threshold. An alarm is successfully triggered at ¢t = 845 (the 845th time step from
the monitoring window start shown in the figure, corresponding to the 4199th overall
15 s time step), providing an early warning of the simulated bearing fault. These results
demonstrate that the proposed ARC-Informer framework is capable of detecting incipient
bearing faults and generating timely alarms, even under the challenging condition of
1 Hz SCADA sampling, validating its practical utility for wind turbine main bearing
condition monitoring.

4.3. Discussion on Scalability and Generalization

The multi-turbine case study (Section 4) demonstrates that a single ARC-Informer
model trained on a reference turbine generalizes to five different turbines (WT01-WT05)
without per-turbine retraining, maintaining zero false alarms across all 10 healthy segments.
This cross-turbine transferability is enabled by the per-sample internal normalization,
which adapts to turbine-specific feature scale variations at inference time, and by the
coupling module’s learning of direction-level interactions that are physically common
across turbines of the same type.

Regarding scalability to larger datasets, the Informer backbone’s ProbSparse self-
attention provides O(Llog L) time complexity compared with O(L?) for standard Trans-
former self-attention, making it feasible to extend the encoder length beyond the current
L = 144 (36 min of 15 s samples) to capture longer historical contexts if required. The cur-
rent dataset of 27,454 samples (approximately 114 h of continuous operation) trains to
convergence in approximately 126 s; doubling or quadrupling this dataset would scale
approximately linearly with the number of training iterations under fixed-epoch training,
remaining tractable on a single GPU.

To further assess practical deployability, the online HI construction pipeline (prediction
horizon H = 4, sliding window step of 4) was benchmarked on a consumer-grade laptop
CPU (16-core AMD Ryzen 9 7940HS) without GPU acceleration. Processing 1 h of raw
vibration signals to compute the corresponding HI sequence requires only 0.89 s on average,
corresponding to a real-time throughput of over 4000 wind turbines on a single laptop
CPU. This confirms that the proposed framework can meet the demands of industrial-scale
real-time monitoring without specialized hardware acceleration.

The present study evaluates the framework under near-rated-power steady-state oper-
ating conditions, which represent the dominant load regime for main bearings. Extending
the framework to cover transient conditions (start-up, shut-down, and low-power idling)
would require incorporating power or rotor-speed conditioning into the prediction model
(e.g., through operating-condition-specific normalization or multi-regime models).

5. Conclusions

This paper proposes the ARC-Informer, an unsupervised health monitoring framework
for wind turbine main bearings that integrates three key components: a cross-attention-
based axial-radial coupling enhancement module, a self-attention channel-gating mecha-
nism, and an Informer backbone for long-sequence forecasting. The coupling module ex-
plicitly models the dynamic interaction between axial and radial vibration features through
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bidirectional multi-head cross-attention with learnable gated residual fusion, producing
an augmented 40-dimensional coupled representation. The channel-gating mechanism
adaptively reweights feature channels according to their inter-channel dependencies be-
fore temporal forecasting, emphasizing degradation-sensitive descriptors. The Informer
backbone captures long-range temporal dependencies and eliminates error accumulation
through ProbSparse self-attention and generative decoding.

Experimental results demonstrate that the proposed method achieves competitive fore-
casting accuracy against TPE-optimized baselines including GRU, LSTM, RNN, and TCN
across all prediction horizons (1, 4, 8, and 16 steps). The ARC-Informer achieves MSE
values of 0.180-0.257 across prediction horizons 1 to 16, with its advantage over the best
baseline growing from negligible at H = 1 to 8.1% MSE reduction and 11.2% MAE reduc-
tion at H = 16, confirming that the coupling enhancement and channel-gating design are
specifically beneficial for long-range multi-step forecasting. Ablation studies validate the in-
dividual contribution of each component, showing that the cross-attention coupling module
yields increasing benefits as the prediction horizon grows, with MSE reductions of 5.7% at
H =8 and 9.1% at H =16 compared to the TPE-Attention-Informer variant without coupling.
The attention analysis reveals that the channel-gating mechanism dynamically shifts focus
from impact-related features at short horizons to trend-based descriptors at longer horizons,
with near-identical attention distributions between axial and radial channels confirming the
success of the coupling design. The multi-turbine case study verifies the framework’s gen-
eralization capability, maintaining false-alarm-free operation across 10 healthy segments
from five different turbines, and the simulated fault experiment demonstrates successful
early-warning detection of artificially injected bearing degradation.

In the future, we can also conduct research in the following three aspects. First,
the current framework relies on offline HI construction; developing an online streaming
version would enhance real-time applicability. Second, incorporating run-to-failure data
with labeled degradation stages would enable quantitative evaluation of early warning
lead time for the proposed method. Finally, extending the coupling module to incorporate
additional sensor modalities, such as temperature or acoustic emission signals, could
provide a more comprehensive health representation.
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Abbreviations

The following abbreviations are used in this manuscript:

ARC-Informer

Axial-Radjial Coupling-aware Informer

M Condition Monitoring
FFN Feed-Forward Network
GELU Gaussian Error Linear Unit
GRU Gated Recurrent Unit
HI Health Index
LSTM Long Short-Term Memory
MAE Mean Absolute Error
MSE Mean Squared Error
NBM Normal Behavior Modeling
PCA Principal Component Analysis
RMSE Root Mean Squared Error
RNN Recurrent Neural Network
SCADA Supervisory Control and Data Acquisition
TCN Temporal Convolutional Network
TPE Tree-structured Parzen Estimator
WT Wind Turbine
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