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H I G H L I G H T S

• Proposed a physics-informed probabilistic deep learning framework.
• Introduced a physics-informed regularization strategy.
• Established An uncertainty-aware multi-sensor anomaly fusion framework.
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A B S T R A C T

Wind turbines are prone to failures in critical subsystems such as the drivetrain and generator, making reliable 
early anomaly detection essential for safe and stable operation. With the increasing availability of monitored 
time-series data, data driven methods have emerged as an effective basis for anomaly detection and have 
demonstrated considerable potential for improving the reliability and safety of wind turbines. Nevertheless, 
conventional data driven approaches often struggle to adequately characterize the temporal dependencies in 
wind turbine operational data, the correlations among monitored variables in the feature space, and the physical 
constraints governing system operation, resulting in limited detection accuracy and robustness under varying 
operating conditions. To address these limitations, this paper proposes a physics-informed deep learning 
framework based on multi-sensor data, which integrates spatiotemporal feature modeling with physical con
sistency to improve the reliability of early anomaly detection and support prognostic functionality for wind 
turbines. The proposed framework is validated using a real SCADA dataset collected from two wind farms. 
Experimental results demonstrate that the proposed PITG achieves the best predictive performance across four 
datasets, with an average RMSE of 0.1397 and an average R2 of 97.21%. Meanwhile, the physics-informed 
embedding module effectively reduces prediction uncertainty, decreasing the maximum prediction variance 
by approximately 27.25% compared with the baseline model. Combined with the inverse-variance multi-sensor 
fusion strategy, the proposed framework achieves an F1-score of 0.566 for system-level anomaly detection, 
validating its effectiveness and robustness under complex operating conditions.

1. Introduction

The scale of wind turbines continues to expand, and their deploy
ment is progressively moving from nearshore areas to deep sea regions 

[1]. Compared to onshore or nearshore wind turbines, offshore wind 
turbines require more advanced health monitoring and assessment 
methods to ensure stable operation, as they are subjected to harsh ma
rine environments characterized by high salinity and humidity during 
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their service life, making them more prone to failures. Environmental 
operating conditions significantly affect the reliability of their key 
subsystems (e.g., the drive train system), leading to increased mainte
nance costs [2,3]. The effectiveness of health monitoring and assessment 
methods directly determines whether reliable operation and mainte
nance strategies can be developed for wind turbine drive trains. 
Therefore, there is an urgent need to advance research on health 
monitoring and assessment, particularly in Prognostics and Health 
Management (PHM) technologies.

As a general diagnostic method, anomaly detection is regarded as a 
fundamental component of PHM [4]. It provides a binary judgment 
regarding the health status of equipment, indicating whether the system 
is operating normally [5]. This capability makes anomaly detection 
particularly suitable for complex engineering systems, where identifying 
detailed fault mechanisms can be challenging [6,7]. Anomaly detection 
methods also align naturally with Supervisory Control and Data 
Acquisition (SCADA) based wind turbine monitoring [8,9]. Although the 
low sampling frequency of SCADA data limits its ability to capture fine- 
grained fault features, the time series still contain coarse-grained health 
information that can be used to assess system level anomalies [10].

Anomaly detection for mechanical systems has evolved a variety of 
methods, which can generally be categorized into three main types [11]: 
1. Model-based methods: These rely on mathematical [12] or physical 
representations [13] of system dynamics, identifying anomalies by 
comparing the deviation between model-predicted responses and actual 
measured responses. Such methods offer strong interpretability but 
often require high-precision models and prior knowledge of system pa
rameters. 2. Signal-based methods: These identify anomalies directly 
from measured signals such as vibration [14], acoustic [15], or current 
signals [16], employing common techniques including statistical anal
ysis [17], spectral decomposition [18], and time-frequency feature 
extraction [19]. These methods are relatively simple to implement but 
are sensitive to noise and environmental changes, leading to limited 
robustness. In recent years, 3. Data driven methods (such as deep 
learning [20] and probabilistic models [21]) have gained increasing 
attention. These approaches leverage large-scale monitoring data to 
automatically learn underlying patterns of normal and faulty behavior, 
offering better adaptability to complex nonlinear systems. Conse
quently, they are particularly suitable for anomaly detection in wind 
turbine drive trains operating under variable and uncertain conditions.

Under abnormal operating conditions, onshore wind turbines tend to 
exhibit more distinct patterns in monitoring data, making anomalies 
easier to identify [22], In contrast, offshore wind turbines are subject to 
significant environmental uncertainties, leading to frequent and highly 
non-stationary changes in operational states, making it difficult to 
distinguish abnormal conditions from normal operating variations. To 
reduce reliance on prior knowledge of operating conditions and fault 
mechanisms, it is necessary to construct data-driven models capable of 
characterizing equipment health status [23]. Therefore, data-driven 
approaches based on the Normal Behavior Model (NBM) have been 
widely adopted for wind turbine anomaly detection [19].

For data-driven anomaly detection in wind turbines, detection per
formance is closely related to the temporal evolution of monitored 
variables. Consequently, existing studies typically focus on modeling the 
temporal dependencies inherent in monitoring data. Autoencoder-based 
reconstruction frameworks [24] and time-series prediction frameworks 
[22] are widely employed for temporal feature modeling in anomaly 
detection. Compared with reconstruction-based approaches, prediction 
frameworks establish temporal relationships between current and future 
states, making them more suitable for characterizing the dynamic evo
lution of monitored variables over time. However, because prediction 
tasks require learning the evolving dependencies among variables over 
time, achieving good generalization remains challenging.

To model the temporal dynamics of monitored variables, deep 
learning methods based on MLP [25,26], CNN [27,28], and RNN 
[29,30] have been applied to capture nonlinear dependencies. Among 

these, MLP is primarily used for modeling nonlinear relationships be
tween features but lacks the capacity for temporal dependency 
modeling. Although CNN can extract local temporal patterns, its ability 
to represent long-range dependencies remains limited. RNNs rely on 
step-by-step recursive computation, which limits parallel processing 
efficiency and may lead to insufficient information propagation as 
sequence length increases, thereby restricting their application in long- 
sequence SCADA data modelling [31].

Attention-based methods address these limitations by assigning 
adaptive weights to sequence elements, reducing redundant information 
and enabling the modelling of long-range temporal dependencies 
[32–34]. These methods have also been integrated with other deep 
learning approaches for anomaly detection [27]. However, existing 
attention mechanisms are typically employed as auxiliary modules for 
feature weighting, with the spatiotemporal feature extraction process 
still largely dependent on the underlying network architecture. Conse
quently, attention-centered structured representation learning frame
works remain insufficiently explored, which may limit the ability of 
existing methods to capture complex temporal dependency patterns.

In the anomaly detection of wind turbine drivetrain systems, the 
appropriate selection of monitoring features is of significant importance 
for enhancing the accuracy and reliability of anomaly identification 
[52]. Drivetrain faults are typically accompanied by component per
formance degradation, increased energy losses, and variations in oper
ational states, with different monitoring variables exhibiting distinct 
response characteristics to the fault evolution process [53]. For critical 
transmission components such as bearings, wear, lubricant degradation, 
and localized damage lead to increased mechanical friction losses, 
converting more mechanical energy into thermal energy, which conse
quently results in elevated bearing temperatures or deviations from 
normal temperature variation patterns. Existing studies have demon
strated that temperature signals can comprehensively reflect the thermal 
effects induced by mechanical friction, lubrication conditions, and load 
variations, and are therefore widely employed in wind turbine drive
train health monitoring. Tutivén et al. established an anomaly detection 
model based on SCADA main bearing temperature data, demonstrating 
that bearing temperature can effectively reflect the health status of the 
main bearing [54]. Liu et al. utilized temperature-related features from 
wind turbine SCADA data to construct a deep autoencoder-based 
anomaly detection model, which achieved the identification of 
abnormal wind turbine states by learning the inter-variable correlations 
among monitoring variables such as temperature under normal oper
ating conditions [55]. Bearing temperature not only serves as a direct 
response to the thermal state of the equipment but also embeds infor
mation regarding the internal friction characteristics and energy con
version processes within the transmission system [56].

Existing studies have adopted various physical information embed
ding strategies. Schröder et al. employed a transfer learning approach, 
using simulation data as physical priors during the pre-training phase, 
which were then transferred to build a NBM for wind turbines based on 
SCADA data, thereby enhancing anomaly detection performance [57]. 
Lee et al. selected SCADA monitoring variables associated with wind 
turbine faults and extracted fault-related features based on the re
lationships among these variables. These features were then integrated 
with an optimized XGBoost model to achieve anomaly and fault detec
tion in wind energy systems [58]. Gao et al. incorporated the response 
relationships among different wind turbine monitoring variables as 
physical information into the development of a NBM. A heteroscedastic 
residual model was then established based on the characteristics of error 
fluctuations under varying operating conditions, enabling anomaly 
identification through the detection of deviations between the actual 
state and the expected state derived from physical relationships [59]. 
However, the aforementioned approaches mainly utilize physical prior 
data, variable correlations, or operational rules to assist model devel
opment, without incorporating physical information as explicit con
straints during model training. As a result, their ability to guide feature 
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learning with physical knowledge remains limited.
Furthermore, online anomaly detection for data streams also faces 

stability issues. As data continuously arrives, uncertainty can accumu
late and affect the decision boundary, causing fluctuations in detection 
results [35,36]. Therefore, it is necessary to assess uncertainty during 
the detection process. Typically, statistics such as mean and variance are 
used to characterize it indirectly [37]. Davide et al. conducted anomaly 
detection experiments using various deep autoencoders, jointly 
employing statistics like reconstruction error, prediction mean, and 
prediction variance. They treated prediction variance as the model's 
uncertainty for that specific sample to improve anomaly discrimination 
[38]. However, relying solely on output statistics makes it difficult to 
explain the source of uncertainty. This interpretability can be enhanced 
by explicitly modelling model uncertainty. Bang et al. obtained the 
posterior predictive distribution through Bayesian inference and used 
variational inference to represent network weights as probability dis
tributions, explicitly modelling uncertainty to achieve probabilistic 
remaining useful life prediction [39]. Yarin et al. demonstrated that 
using dropout in neural networks can be interpreted as a Bayesian 
approximation of a probabilistic model, directly providing uncertainty 
in predictions. This approach addresses the problem of representing 
model uncertainty without sacrificing computational complexity or test 
accuracy [40]. However, these methods do not consider incorporating 
the uncertainty information contained in prediction results into the 
fusion process of multi-sensor detection outcomes, thereby limiting the 
stability and reliability of multi-sensor anomaly assessment.

Overall, existing studies still present three major limitations: 1. The 
dynamic dependencies among multiple monitoring variables remain 
insufficiently modeled, limiting the generalization capability of 
prediction-based frameworks. 2. Existing methods mainly incorporate 
physical information through prior data, variable correlations, or 
operational rules, while explicit physical constraints are rarely inte
grated into the model training process, restricting the ability of physical 
knowledge to guide feature representation learning. 3. The uncertainty 
information associated with prediction results is generally neglected in 
the fusion of multi-sensor anomaly detection outcomes, which reduces 
the stability of multi-sensor anomaly assessment.

In response to the aforementioned issues, this study proposes an 
intelligent anomaly detection model based on a Physics-Informed 
Transformer-GRU Neural Network (PITG) and an uncertainty-aware 
multi-sensor fusion strategy, aiming to achieve reliable intelligent 
anomaly detection for wind turbine drivetrain systems. The proposed 
method develops a spatiotemporal feature modelling model, namely the 
Transformer-GRU neural network (TG), which utilizes the self-attention 
mechanism and gated recurrent units to capture feature correlations 
among monitoring variables and temporal evolution patterns, respec
tively, thereby achieving effective representation of multivariate time- 
series information. Furthermore, physical constraints are incorporated 
into the model training process by constructing a physics-informed loss 
function to constrain the physical consistency and dynamic variation 
characteristics of monitoring variables in the prediction results, thereby 
enhancing the capability of the model to characterize wind turbine 
operating states. Meanwhile, a sensor reliability evaluation indicator is 
established based on the uncertainty information of prediction errors, 
and an inverse-variance weighting strategy is employed to fuse multi- 
sensor anomaly results, improving the stability of anomaly assessment.

The main contributions of this study are summarized as follows:
1. A Transformer-GRU Neural Network (TG) based anomaly detec

tion framework is proposed for wind turbine drivetrain systems. The 
proposed framework can model spatiotemporal dependencies in multi
variate SCADA data by capturing correlations among variables in high- 
dimensional feature space and temporal evolution patterns across time, 
thereby improving the representation capability of complex operating 
characteristics.

2. A physics-informed learning strategy is developed by incorpo
rating a thermal balance function into the model training process. This 

strategy constrains the predicted temperature responses according to the 
thermal equilibrium relationship among monitoring variables, enabling 
the model to learn representations that are more consistent with the 
thermal behavior of wind turbine drivetrain systems.

3. An uncertainty-aware multi-sensor fusion strategy is proposed to 
improve the reliability of anomaly assessment. The variance of predic
tion errors, which reflects both sensor measurement uncertainty and the 
capability of the normal behavior model to characterize sensor response 
patterns, is used to quantify sensor reliability. An inverse-variance 
weighting strategy is then adopted to fuse multi-sensor anomaly 
scores, reducing the contribution of sensors with higher uncertainty and 
improving the stability of anomaly detection.

The remainder of this paper is organized as follows. Section 2 de
scribes the basic framework of anomaly detection and formulates the 
problem. Section 3 presents the details of the proposed methods. Section 
4 describes the dataset, parameter settings throughout the detection 
process, and the supporting hardware. Section 5 provides case studies, 
including performance evaluation of the NBM, uncertainty analysis, and 
anomaly detection results. Section 6 concludes the paper.

2. Problem formulation

2.1. Task definition

Given a multivariate SCADA time series: 

X =

⎡

⎢
⎢
⎣

XT
1

⋮
XT

T

⎤

⎥
⎥
⎦,Xt =

[
xt,1, xt,2,⋯, xt,N

]T (1) 

where xt,1 is the scalar measurement of the i-th sensor at time t.
A sliding window of length L is used to construct the input samples, 

and the target variable at the future h-th step is taken as the prediction 
target. 

Xt,L =

⎡

⎢
⎢
⎣

XT
t− L+1

⋮
XT

t

⎤

⎥
⎥
⎦,Yt+h,L =

⎡

⎢
⎢
⎣

XT
t− L+h+1

⋮
XT

t+h

⎤

⎥
⎥
⎦ (2) 

Thus, the training sample set under normal operating conditions can 
be obtained as D =

{(
X1,L,Y1+h,L

)
,⋯,

(
XT,L,YT+h,L

)}
.

For the output of the NBM Ŷt+h,L, anomaly score is defined based on 
the prediction error as: 

St,L = ℓ
(
Yt+h,L, Ŷt+h,L

)
(3) 

where ℓ(⋅) can be defined as the absolute error, squared error, or RMSE. 
By introducing a threshold τ, the detection task can be converted into a 
binary decision problem: 
{ τ = Q0.95

(
St,L
)

Ât,L = I
(
St,L > τ

) (4) 

where I( • ) denotes the indicator function, which outputs 1 if the con
dition within the parentheses is true, and 0 otherwise. Ât,L denotes the 
monitoring results within a time window of length L from t − L + 1 to t.

2.2. Predictive NBM for anomaly detection

To realize anomaly detection for the wind turbine drivetrain system, 
the key lies in constructing a NBM capable of characterizing the statis
tical patterns and dynamic evolution of the system under normal oper
ating conditions. Assume that the time-series signal xt is drawn from two 
latent distributions: the normal state distribution pN(x) and the 
abnormal state distribution pAN(x). In practice, the available training 
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data D are usually dominated by samples collected under normal 
operating conditions. A deep neural network is then employed to learn 
the distribution characteristics of the normal time-series data. In this 
context, a predictive autoencoder, consisting of an encoder and a 
decoder, is introduced as follows: 

ut,L = fφ
(
Xt,L

)
, Ŷt+h,L = gψ

(
ut,L
)

(5) 

where fφ : X →U denotes the encoding mapping, gψ : U →X denotes 
the decoding mapping, and φ,ψ represents the network parameters. Let 
the overall parameter set be θ = {φ,ψ}.

However, the predictive autoencoder directly maps the current 
latent representation ut to the future output, which may neglect the 
temporal evolution characteristics contained in sequential signals. To 
capture the dynamic transition of the system state, an additional tem
poral encoder is introduced to predict the future latent representation 
ut+h = Φω(ut).Then, eq. (5) can be rewritten as: 

Ŷt+h,L = gψ
(
Φω
(
fφ
(
Xt,L

) ) )
= Gθ

(
Xt,L

)
, θ = {φ,ω,ψ} (6) 

where Φω∘fφ denotes the spatiotemporal feature encoding module, and 
gψ denotes the decoding module.

Fig. 1. The proposed anomaly detection framework.

H. Duan et al.                                                                                                                                                                                                                                   Applied Energy 426 (2026) 128639 

4 



The autoencoder is trained by minimizing the prediction loss on 
normal data: 

θ* = argmin
θ

1
|D|

∑

(Xt,L ,Yt+h,L)∈D

L
(
Yt+h,L,Gθ

(
Xt,L

) )
(7) 

where L (⋅) denotes the loss function. After training, the anomaly score 
is defined based on the prediction error as: 

St,L = ℓ
(
Yt+h,L,Gθ*

(
Xt,L

) )
(8) 

3. Methodology

Fig. 1 illustrates the overall methodological framework proposed in 
this study for anomaly detection in wind turbine drivetrain systems. To 
address the issues identified in Section 2, a unified anomaly detection 
framework is developed, consisting of a spatiotemporal predictive 
backbone network, physics-informed regularization module, uncer
tainty analysis, and multi-sensor anomaly fusion framework.

3.1. Spatiotemporal predictive NBM

Fig. 2 illustrates the overall architecture of the proposed deep neural 
network model. To characterize the operational patterns of wind tur
bines under normal operating conditions, a spatiotemporal joint 
modeling network, TG is proposed. Based on a parameterized NBM Gθ(⋅ 
) = gψ (Φω(fφ(⋅) ) ) to capture the nonlinear mapping from historical 
multivariate monitoring sequences to future target states.

In this network, the self-attention module is responsible for model
ling the global relationships among different features, while the GRU 
module is used to capture the dynamic temporal dependencies along the 

time axis. The future target state is then generated by the encoder 
output.

3.1.1. Spatial feature extraction via self-attention
In wind turbine SCADA data, different sensor variables often exhibit 

significant correlations, while each individual variable may also un
dergo complex variations. Relying solely on local statistical features or 
modelling each variable independently is insufficient to fully charac
terize the coordinated variation patterns among variables under com
plex operating conditions. To address this issue, a multi-head self- 
attention mechanism is introduced to model the global dependencies 
among different features within the input window.

For the input representation Xt,L ∈ ℝL×N, the query ℚh ∈ ℝL×m, key 
Kh ∈ ℝL×m, and value Vh ∈ ℝL×m matrices are defined as: 

ℚh = WQXt,L,Kh = WKXt,L,Vh = WVXt,L (9) 

where m denotes the dimensionality of the high-dimensional features. 
WQ,WK,WV are learnable parameter matrices. Single-head attention 
captures the importance of different features in high-dimensional sensor 
representations through dot-product attention, and adaptively 
reweights these features based on the obtained attention scores. It can be 
expressed as: 

ℍh = softmax

(
ℚhKT

h̅̅̅̅̅
dK

√

)

⋅Vh (10) 

where dK ∈ ℝL is the dimension of the key vector. Furthermore, the 
multi-head attention mechanism projects the input into multiple 
different subspaces to learn various correlation patterns in parallel, 
which patterns in parallel, which can be expressed as: 

Fig. 2. The framework of the TG.
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ℍ̃ = Concat(ℍ1,…,ℍH)⋅WO (11) 

where H is the attention heads, and WO is the output projection matrix. 
ℍ̃ ∈ ℝL×m is the output of the Multi-head attention.

Through this mechanism, the model is able to learn the global de
pendencies among multivariate monitoring signals in different repre
sentation subspaces, thereby obtaining more discriminative spatial 
feature representations and further enhancing the separability between 
normal and abnormal behaviors.

The output of the spatial feature extraction module ut,L ∈ ℝL×m is 
obtained by passing through feedforward networks and layer normali
zation. 

ut,L = LN(ℍ̃ + FFN(ℍ̃) ) (12) 

3.1.2. Temporal feature extraction via GRU
On the basis of extracting the global correlations among variables, it 

is still necessary to further characterize the dynamic evolution of state 
variables over time. To this end, a GRU is employed to recursively model 
the temporal dynamics of the sequence representations generated by the 
self-attention module. By using the update gate and reset gate to regu
late the fusion ratio between historical information and current input, 
the GRU can effectively capture long-sequence dependencies with 
relatively low computational complexity.

For the input representation ut,L = [ut− L+1,⋯,ut ] at the future h-th 
step, the GRU computation can be expressed as: 
[

qt+h
rt+h

]

=

[
σ
σ

]([
Wq
Wr

Uq
Ur

][
ut,L
ht

]

+

[
bq
br

])

(13) 

h̃t+h = tanh(Whut+h +Uh(rt+h⨀ht)+ bh ) (14) 

ht+h = (1 − qt+h)⨀ht +qt+h⨀h̃t+h

)

(15) 

where ht and ht+h denote the hidden states at the previous and current 
time steps, respectively, qt+h is the update gate, rt+h is the reset gate, ̃ht+h 
is the candidate hidden state, σ(⋅) denotes the Sigmoid activation func
tion, and ⨀ represents the Hadamard product.

The current hidden state is transformed through a linear projection 
layer followed by layer normalization to obtain the predicted repre
sentation ut+h,L. 

ut+h,L = LN(Weht+h + be) (16) 

Through the recursive update of GRU, the model captures the tem
poral evolution patterns of monitoring variables and generates a tem
poral feature representation for future state prediction. Subsequently, 
the high-dimensional feature representations are transformed back into 
sensor-level features through a linear transformation. 

Ŷt+h,L = gψ
(
ut+h,L

)
(17) 

gψ
(
ut+h,L

)
= Wgut+h,L + bg 

where Wg and bg represent the weight matrix and bias vector of the 
decoder, respectively, and the prediction output of the backbone 
network is obtained through this linear transformation.

3.2. Proposed physics-informed regularization module

Although the spatiotemporal predictive model is capable of learning 
complex mapping relationships from data, the latent representations 
obtained purely through a data driven manner often possess a high de
gree of freedom, lack an understanding of the underlying physical im
plications of temperature changes, and thus are insufficient to elucidate 
the intrinsic linkages between temperature anomalies and specific 

mechanical degradation processes. To address this issue, a physics- 
informed regularization module is introduced on top of the spatiotem
poral predictive backbone network. By constraining the relationships 
among the predicted output features through a simplified heat balance 
equation, the module enhances the thermodynamic consistency and 
stability of the model predictions.

The output of the backbone network is denoted as Ŷt+h,L =

[T̂bear(l) , T̂NT(l) , ω̂(l) , P̂(l) , T̂ET(l) ]T ∈ ℝL×5 where the five predicted 
variables correspond to the bearing temperature, nacelle temperature, 
rotor speed, active power, and ambient temperature.

To constrain the relationships among these variables while preser
ving their local dynamic characteristics, the predicted sequence is first 
decomposed using a moving-average operator: 

Ŷt+h,L = Ŷ
sea
t+h,L + Ŷ

tr
t+h,L (17) 

where, Ŷ
tr
t+h,L = Mk

(
Ŷt+h,L

)
, Ŷ

sea
t+h,L = Ŷt+h,L − Ŷ

tr
t+h,L, Mk( • ) denotes a 

moving-average operator with kernel size k.
Inspired by the Deep Hidden Physics Model proposed by Raissi et al. 

[41], a DeepHPM module is introduced as a physics-trend learner that 
restores Ŷ

sea
t+h,L to Ŷt+h,L by means of the predefined physics-informed 

formulation without resorting to purely data-driven reconstruction. 

Ỹt+h,L = DeepHPM
(

Ŷ
sea
t+h,L; θphysics

)
(18) 

where, θphsics denotes the trainable parameters. The DeepHPM module 
adopts an autoencoder-inspired bottleneck structure that compresses the 
five dimensional input into a low-dimensional thermal state represen
tation and subsequently maps it back to the original feature space: 

Ỹt+h,L = W2tanh
(

W1 Ŷ
sea
t+h,L + b1

)
+b2 (19) 

The bottleneck structure suppresses redundant fluctuations and 
measurement noise, thereby extracting the dominant coupled patterns 
among the bearing temperature, nacelle temperature, rotor speed, active 
power, and ambient temperature. The Tanh activation further captures 
nonlinear relationships and improves training stability.

A simplified discrete heat balance residual is constructed as [42]: 

f = T̃bear(l)+ β1T̃bear(l − 1)+ β2T̃NT(l)+ β3ω̃2
(l)+ β4P̃(l) (20) 

lossphysics =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
N
∑N

i=1
f2

√
√
√
√ (21) 

where f quantifies the deviation of the predicted variables from the 
prescribed heat balance relationship. The discrepancy between the 
model output produced by data driven parameter updates and the pre
defined target labels is quantified using RMSE. By minimizing this 
metric, the model learns the optimal parameters θphsics. 

lossdata =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
L
∑L

l=1

⃦
⃦Yt+h,L − Gθ

(
Xt,L

) ⃦
⃦2

√
√
√
√ (22) 

where Gθ
(
Xt,L

)
represents the output from the data driven branch. 

Finally, the model is optimized end-to-end by minimizing a joint loss 
function: 

loss = λlossdata +(1 − λ)lossphysics (23) 

where λ is a balancing coefficient used to regulate the relative contri
butions of different loss terms and to prevent the physical term from 
dominating the optimization process.
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3.3. Multi-sensor anomaly fusion

In practical applications, SCADA data are susceptible to environ
mental disturbances, measurement noise, and the prediction stability 
varies across sensors. Sensors with larger prediction error variance are 
generally more strongly affected by disturbances, whereas those with 
smaller variance provide more stable condition information. Therefore, 
the inverse-variance weights are first calculated from the prediction 
errors within a predefined normal operating interval and are then fixed 
and applied to the entire test sequence for multi-sensor prediction error 
fusion.

The prediction output of the NBM can be expressed as: 

Yt+h,L = Gθ*
(
Xt,L

)
+e (24) 

where: 
(
Xt,L,Yt+h,L

)
∈ Dnormal (25) 

ei ∼ N
(
0, σ2

i
)

(26) 

where ei denotes the prediction error e of the i-th sensor, and σ2
i rep

resents the variance of prediction errors, including measurement noise 
and data uncertainty. Due to differences in physical characteristics and 
monitoring environments among sensors, the uncertainty associated 
with each sensor varies: 

σ2
i ∕= σ2

j , i ∕= j (27) 

A larger σ2
i indicates greater prediction uncertainty under normal 

operating conditions, reflecting lower reliability of the corresponding 
sensor prediction. Therefore, this study utilizes prediction error variance 
within the normal operating interval to quantify sensor reliability and 
performs multi-sensor prediction error fusion.

For the i-th sensor, the prediction error is defined as: 

ei =

⎛

⎝

⎡

⎣
xt,i
⋮

xt+h,i

⎤

⎦

⎡

⎣
x̂t,i
⋮

x̂t+h,i

⎤

⎦

⎞

⎠

2

(28) 

Within the predefined normal operating interval Dnormal, the predic
tion error variance and normalized inverse-variance weight are calcu
lated as: 

σ2
i = Vart∈Dnormal (ei),wi =

(
σ2

i + ε
)− 1

∑t+h

j=t

(
σ2

j + ε
)− 1

(29) 

where ε is a small positive constant introduced to avoid division by zero. 
The prediction error variance σ2

i characterizes the stability of sensor i 
under normal conditions. A sensor with a smaller prediction-error 
variance in the normal interval is assigned a larger fusion weight.

Once determined, the weights remain fixed and are used to fuse the 
prediction errors over the entire test sequence: 

Efused
t =

∑N

i=1
wiet,i, t = 1,2,…,T (30) 

where Efused
t represents the fused prediction error at time step t, which 

integrates the prediction deviations from all sensors according to their 
reliability weights.

4. Experimental setup

To validate the predictive capability, anomaly identification per
formance, and system level detection stability of the proposed PITG 
framework under complex operating conditions, this Section describes 
the experimental setup from three aspects: data description, data 

preprocessing and evaluation metrics, and comparative models with 
parameter settings.

Existing anomaly detection frameworks typically output binarized 
decision results, making it difficult to quantify the uncertainty associ
ated with model predictions and thereby limiting their engineering 
reliability in practical applications. Fig. 3 illustrates the proposed PITG 
anomaly detection framework. The detailed implementation procedure 
is described as follows.

Step 1: Construction of the NBM
First, the raw SCADA data are preprocessed by removing outliers and 

missing values, followed by sample construction and feature extraction 
using a sliding-window strategy. To address gradient oscillation and 
reduced convergence efficiency caused by inconsistencies in variable 
scales under normal operating conditions, global normalization is 
applied to reduce the influence of scale differences and anomalous dis
turbances, while mini-batch processing is adopted to alleviate the 
computational burden. Finally, a predictive normal behavior model is 
constructed to learn low-dimensional representations of normal 
behavior data, thereby extracting key features and latent physical 
information.

Step 2: Physics-informed regularization
A physics-trend learning module is constructed based on the heat 

balance relationship among the predicted output variables, and the 
corresponding physical residual is used to characterize the coupling 
between bearing temperature and the related environmental and oper
ational variables under normal operating conditions. The physical re
sidual is then incorporated into the training objective as a soft constraint 
to improve the physical consistency and stability of the predictions, 
thereby enhancing the model's predictive and anomaly representation 
capabilities.

Step 3: Model training
Using the available normal dataset, the likelihood of the sensor 

observation data distribution is maximized to optimize the parameters 
of the NBM, thereby improving prediction accuracy.

Step 4: Prognostics
First, a normal behavior model is jointly constructed using multi- 

sensor data, and the prediction error between each sensor output and 
its corresponding observation is calculated to characterize the sensor 
specific operating condition. The inverse-variance weights are then 
estimated from the prediction-error variance within a predefined 
normal operating interval and are kept fixed for the entire test sequence. 
The weighted prediction errors from multiple sensors are fused to 
construct a system-level anomaly indicator. Finally, the 95th percentile 
of the fused errors in the normal interval is used as the detection 
threshold for system anomaly identification.

4.1. Data description and characterization

As shown in Table 1, two real world SCADA datasets collected from 
different wind farms were used in this study. Dataset 1 was obtained 
from a wind farm in East China and was primarily used to evaluate the 
performance of the normal behavior model. Dataset 2 [43] was collected 
from an onshore wind farm in Portugal and contains five operational 
subsets from different turbines, covering normal operation, a hydraulic 
system fault, and generator bearing failures. The sampling periods, 
event types, event intervals, and specific purposes of each subset are 
summarized in Table 1.

As shown in Table 2, five monitoring variables closely related to 
bearing thermal behavior were selected from each dataset. For Dataset 
1, the main-shaft front-bearing temperature was taken as the target 
variable, while the main-shaft rear-bearing temperature, ambient tem
perature, nacelle temperature, and hub temperature were used as 
associated variables. For Dataset 2, the generator bearing temperature 
was selected as the target variable, together with nacelle temperature, 
rotor rotational speed, grid power, and ambient temperature.

Based on these variables, a corresponding heat balance relationship 

H. Duan et al.                                                                                                                                                                                                                                   Applied Energy 426 (2026) 128639 

7 



was established for each dataset. The heat balance equation for Dataset 1 
is formulated as follows: 

T̂MSFBT(l) = β1TMSFBT(l − 1)+ β2TNT(l)+ α1ω2(l)+ α2P(l) (31) 

T̂MSRBT(l) = β3TMSRBT(l − 1)+ β4TNT(l)+ α3ω2(l)+ α4P(l) (32) 

Since the temperature difference between the front and rear main- 
shaft bearings is relatively small, and their primary distinction arises 
from their different positions within the nacelle, the temperature vari
ations induced by heat generation are assumed to be approximately 
identical. Therefore, α1 = α3 and α2 = α4, (yielding) 

T̂MSFBT(l) − T̂MSRBT(l) ≈ β1TMSFBT(l − 1)+ β3TMSRBT(l − 1)+ (β2 − β4)TNT(l)
(33) 

ET and HT are introduced as indirect heat transfer correction terms, 
and the model is reformulated in a parametric form. 

f = T̂MSFBT(l) − T̂MSRBT(l)+ [γ1TMSFBT(l − 1)+ γ2TMSRBT(l − 1)+ γ3TET(l)
+ γ4TNT(l)+ γ5THT(l) ]

(34) 

Fig. 4 presents the time-domain variations of the five selected 
monitoring variables in three datasets.

As shown in Fig. 4(a), the temperature variables in Dataset 1 remain 
generally stable, although several stage-dependent fluctuations can be 
observed. In Fig. 4(b) and Fig. 4(c), the rotor rotational speed and grid 
power in Dataset 2-a24 and Dataset 2-a40 exhibit more pronounced 

Fig. 3. Uncertainty-aware multi-sensor anomaly fusion framework for multi-sensor anomaly detection.

Table 1 
Dataset overview. Dataset 2_a24 denotes Event 24 of Wind Farm A from Dataset 2; the same applies to the others.

Dataset Turbine 
ID

Time span Sampling 
interval

Number of valid 
samples

Operating 
condition

Event period Main purpose

Dataset 1 1 2019.02–2020.03 1 min 470,000 Normal – NBM Evaluation
Dataset 

2_a24
0 2022.04–2023.05 10 min 55,003 normal – NBM Evaluation, uncertainty analysis

Dataset 
2_a71

0 2022.01–2023.01 10 min 54,744 normal – NBM Evaluation, uncertainty analysis

Dataset 
2_a73 0 2022.06–2023.06 10 min 54,042 Hydraulic group 2023.06.10–2023.06.17 NBM Evaluation, uncertainty analysis

Dataset 
2_a0 0 2022.08–2023.08 10 min 54,986

Generator bearing 
failure 2023.08.06–2023.08.20

Ablation study, uncertainty analysis, 
Anomaly Detection

Dataset 
2_a40

10 2022.01–2023.01 10 min 56,158 Generator bearing 
failure

2022.12.26–2023.01.26 Uncertainty analysis, Anomaly 
Detection

Table 2 
Monitoring variables selected for the experiments. Datasets 1 and 2 provide 
limited features; thus, different feature sets were used across experiments.

Dataset Variable symbols Variable name

Dataset 1

MSFBT Main-shaft front-bearing temperature
MSRBT Main-shaft rear-bearing temperature
ET Ambient temperature
NT Nacelle temperature
HT Hub temperature

Dataset 2

GBT Generator bearing temperature
NT Nacelle temperature
RRS Rotor rotational speed
AP Active power
ET Ambient temperature
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Fig. 4. Time-domain variations of the selected monitoring variables in different datasets.
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variations, while the generator bearing temperature, nacelle tempera
ture, and ambient temperature also change with the operating condi
tions. Overall, the monitoring variables show clear dynamic 
correlations, providing a data basis for multivariate modelling and the 
construction of heat balance relationships.

Fig. 5 further illustrates the correlations among the monitoring 
variables in the three datasets.

As shown in Fig. 5(a), the correlation coefficients of MSFBT with 
MSRBT and HT are 0.88 and 0.87, respectively, indicating strong re
lationships between the main-shaft bearing temperature and the other 
temperature related variables. In Fig. 5(b), the correlation coefficient 
between GBT and GP is 0.83, while that between NT and ET is 0.81. In 
Fig. 5(c), the correlation coefficients of GBT with GP and RRPM are 0.83 
and 0.82, respectively. Although ET shows a relatively weak direct 
correlation with GBT, it is strongly correlated with NT, which is an 
important heat transfer variable in the heat balance relationship. 
Therefore, ET is retained as a correction term in the model. Overall, the 
temperature, rotational-speed, and power variables in the three datasets 
exhibit clear correlations, providing a basis for subsequent multivariate 
modelling and the construction of physics-based constraints.

4.2. Data preprocessing and evaluation indicators

Since SCADA monitoring variables differ significantly in physical 
dimensions and numerical scales, directly feeding them into the model 
may lead to imbalanced gradient updates, thereby affecting convergence 
stability and the reliability of threshold determination. Therefore, the 
data are first standardized before sample construction. 

X =
{
xi,j|i = 1, 2,…, n, j = 1,2,…, d

}
(35) 

where i denotes the sequence length and j denotes the number of fea
tures.

Since each feature lies on a different numerical scale, the inter- 
feature differences can effectively reflect the characteristics of the 
data under normal operating conditions. To preserve these differences, 
normalization is performed along the temporal dimension. 
⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

μj =
1
n
∑n

i=1
xi,j

σj =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1

(
xi,j − μj

)2
√

x̂i,j =
xi,j − μj

σj

(36) 

where μj and σj denote the mean and variance of the xi,j − th feature 
dimension, respectively.

To evaluate the model's ability to fit the state evolution patterns 
under normal operating conditions, the root mean square error (RMSE) 

and the coefficient of determination (R2) are adopted as predictive 
performance metrics. For a given target sensor, they are defined as 
follows: 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
m
∑m

i=1
(yi − ŷi)

2

√

(37) 

R2 = 1 −

∑m

i=1
(yi − ŷi)

2

∑m

i=1
(yi − yi)

2
(38) 

where yi and ŷi denote the true value and the predicted value at the i −
th time point, respectively, and m is the length of the prediction 
sequence. A smaller RMSE indicates a lower prediction error, whereas a 
value closer to 1 implies a stronger fitting capability of the model for the 
target variable. Here, the data have been normalized, and the reported 
accuracy is calculated as the average over different batches in each 
training epoch.

For each time step i, the ground-truth anomaly label and the pre
dicted label are denoted by yi ∈ {0,1}, ŷi ∈ {0,1}, respectively. Here, 
yi = 1 indicates that the i-th time step is anomalous, whereas, yi = 0 
indicates a normal state. The predicted label ̂yi is obtained by comparing 
the anomaly score with the detection threshold. Precision, Recall, and 
F1-score are defined as: 
⎧
⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

Precision =
TP

TP + FP

Recall =
TP

TP + FN

F1 =
2⋅Precision⋅Recall
Precision + Recall

(39) 

where TP, FP, and FN denote the numbers of true positives, false posi
tives, and false negatives, respectively.

4.3. Compare models and parameter settings

To validate the effectiveness of the proposed model in normal- 
condition modelling, five representative time-series forecasting models 
were selected as benchmark methods: ModernTCN [44], which extracts 
multi-scale temporal features based on convolutional structures and can 
effectively characterize local dynamic variations; NHiTS [45], which 
employs a hierarchical architecture to capture variations at different 
temporal scales, thereby accounting for both global trends and local 
fluctuations; and TiDE [46], which utilizes a lightweight enco
der–decoder structure to learn global temporal mapping features with 
high modelling efficiency. LSTM-AE [47], which employs an LSTM- 
based encoder–decoder architecture to reconstruct normal multivar
iate time-series patterns and detects anomalies based on reconstruction 

Fig. 5. Results of feature correlation calculation.
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errors; VAE [48], which learns probabilistic latent representations 
through variational inference and identifies anomalies according to 
reconstruction deviations; DAGMM [49], which jointly learns low- 
dimensional representations and estimates sample density using a 
Gaussian mixture model for unsupervised anomaly detection; USAD 
[50], which adopts adversarially trained dual autoencoders to enhance 
the distinction between normal and abnormal multivariate time-series 
patterns; and OmniAnomaly [51], which combines stochastic recur
rent modeling with probabilistic latent representations to capture tem
poral dependencies and detects anomalies based on reconstruction 
probabilities.

To ensure a fair comparison, all models use the same input window 
length and sliding step size, together with a unified data preprocessing 
procedure and identical training–testing partition strategies. Details are 
in Appendix A, Table 6. TG and PITG share the same spatiotemporal 
backbone network architecture, and the only difference is that PITG 
additionally introduces a physics-informed regularization term. There
fore, the performance gap between the two models can directly reflect 
the contribution of the physics-informed regularization module to model 
reliability.

5. Results and discussion

This chapter provides a systematic validation of the proposed PITG 
framework from four aspects: predictive performance, ablation analysis, 
uncertainty characterization, and anomaly detection performance.

5.1. Performance evaluation of the NBM

5.1.1. Accuracy analysis
To evaluate the performance of the PITG and TG model in con

structing a NBM, three mainstream time-series forecasting models, 
namely ModernTCN, N-HiTS, and TiDE, together with five representa
tive unsupervised anomaly detection models, namely LSTM-AE, VAE, 
DAGMM, USAD, and OmniAnomaly were selected as benchmark 
methods. Table 3 presents the RMSE and R2 results of the different 
models.

As shown in Table 3, after introducing the physics-informed module, 
ModernTCN, N-HiTS, TiDE, LSTM-AE, VAE, DAGMM, USAD, and 
OmniAnomaly all achieved lower average RMSE values across the four 
datasets, with average reductions ranging from 13.90% to 21.87%. In 
particular, the average RMSE reductions of ModernTCN, N-HiTS, and 
OmniAnomaly exceeded 20%. These results indicate that the physics- 

informed module provides an effective regularization effect for both 
forecasting-based and reconstruction-based models, thereby improving 
normal behavior modelling accuracy under most operating conditions. 
However, slight decreases in R2were observed for several model–dataset 
combinations, suggesting that the effectiveness of the physical 
constraint is influenced by both model architecture and operating 
condition.

In terms of overall performance, ModernTCN maintained relatively 
high prediction accuracy across the four datasets, while DAGMM 
exhibited comparatively stable results and can therefore be regarded as 
a representative baseline for forecasting-based and anomaly-detection 
models, respectively. By comparison, PITG achieved the lowest 
average RMSE of 0.1397 and the highest average R2 of 97.21%, 
demonstrating the best overall predictive performance. Specifically, 
PITG obtained the lowest RMSE on Dataset 1 and Dataset 2-a24, and the 
highest R2 on Dataset 1, Dataset 2-a24, and Dataset 2-a71. Although 
ModernTCN+PI achieved lower RMSE values than PITG on Dataset 2- 
a71 and Dataset 2-a73, PITG showed more balanced performance 
across the different datasets. These results suggest that the performance 
advantage of PITG arises not only from the physics-informed module, 
but also from the joint modelling of multivariate dependencies and 
temporal dynamics through the attention mechanism and GRU archi
tecture, which further improves prediction accuracy and stability under 
varying operating conditions.

5.1.2. Ablation study
To verify the contribution of each component in PITG, an ablation 

study was conducted on the same test set by removing different modules 
from the model.

As shown in Table 4, the ablation study investigates the contribu
tions of temporal feature extraction modules and the heat balance 
informed embedding module to normal behavior modelling. Trans
former and GRU performances vary across different datasets, indicating 
that global feature correlation modelling and temporal dependency 
extraction capture different characteristics of wind turbine operational 
dynamics. Transformer + GRU achieves lower prediction errors on all 
datasets, with an average RMSE of 0.1727, which is reduced by 
approximately 38.53% and 39.94% compared with Transformer and 
GRU, respectively. This demonstrates the complementary capability of 
global dependency modelling and sequential dynamic representation.

After incorporating the heat balance informed embedding module, 
PITG achieves the best performance across all datasets. The average 
RMSE is further reduced from 0.1727 to 0.1397, corresponding to an 

Table 3 
Prediction Performance of the NBMs.

Model Dataset

Dataset 1 Dataset 2_a24 Dataset 2_a71 Dataset 2_a73

RMSE R2 (%) RMSE R2 (%) RMSE R2 (%) RMSE R2 (%)

ModernTCN 0.1788 96.64 0.1839 96.48 0.1797 96.55 0.2070 95.42
ModernTCN + PI 0.1547 96.89 0.1662 96.51 0.1282 96.46 0.1364 97.56
NHiTS 0.2031 95.42 0.3726 85.74 0.3248 88.91 0.3686 85.29
NHiTS + PI 0.1855 94.33 0.2621 85.80 0.2274 89.23 0.3334 85.39
TiDE 0.3479 86.58 0.4047 82.95 0.3726 85.36 0.3571 86.41
TiDE + PI 0.2497 89.97 0.3171 83.84 0.3429 85.15 0.3452 84.19
LSTM-AE 0.2949 91.00 0.5785 65.61 0.5138 72.57 0.5650 65.91
LSTM-AE + PI 0.2331 93.11 0.4761 63.38 0.4068 73.41 0.5039 66.33
VAE 0.3565 86.97 0.4777 76.56 0.4823 75.59 0.4434 78.83
VAE + PI 0.2967 88.71 0.3792 77.08 0.3507 80.17 0.3996 79.05
DAGMM 0.2349 94.29 0.3192 89.49 0.2926 91.12 0.3118 89.66
DAGMM + PI 0.2065 94.60 0.2552 89.65 0.2678 90.75 0.2488 89.58
USAD 0.2382 94.08 0.3506 87.33 0.3539 86.76 0.3374 87.80
USAD + PI 0.2073 94.55 0.2804 87.45 0.3038 88.20 0.3107 87.16
OmniAnomaly 0.2328 94.28 0.3420 87.80 0.3069 90.09 0.3460 87.13
OmniAnomaly + PI 0.2064 94.59 0.2580 89.23 0.2403 92.74 0.2690 90.62
TG 0.1774 96.74 0.1779 96.77 0.1640 97.24 0.1716 96.82
PITG 0.1206 97.04 0.1483 97.22 0.1421 97.41 0.1476 97.15
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improvement of approximately 19.15% over Transformer + GRU, while 
the average R2increases from 96.89% to 97.21%. Moreover, introducing 
the physics-informed module into Transformer and GRU reduces their 
average RMSE by approximately 18.67% and 16.12%, respectively, 
demonstrating that the heat balance relationship provides additional 
physical constraints beyond purely data driven temporal 
representations.

Overall, the results indicate that Transformer-based global de
pendency modelling, GRU-based temporal evolution modelling, and 
heat balance informed physical constraints are complementary compo
nents. Their joint integration improves the accuracy of normal behavior 
representation and enhances the prediction stability under different 
operating conditions.

5.2. Uncertainty analysis

To evaluate the impact of physics-informed regularization on model 
reliability, this study takes TG as the baseline model and analyzes the 
improvements achieved by PITG from three perspectives: Epistemic 
uncertainty, Aleatoric uncertainty, and Model uncertainty.

Fig. 6 presents the distributions of the prediction losses for normal 
samples after aggregation across the feature dimension. The PITG losses 
are mainly concentrated in the low-RMSE region, with a higher 
probability-density peak, a narrower distribution, and a more rapidly 
increasing cumulative distribution function. By contrast, the TG losses 
exhibit a more pronounced right-skewed tail, indicating larger predic
tion errors. These results suggest that the physics-informed module 
constrains the model output at the feature level, reduces the dispersion 
of prediction errors, and improves the stability of normal behavior 
prediction.

Fig. 7 further compares the prediction loss distributions under 
healthy and faulty conditions. For PITG, the healthy condition losses are 
concentrated in the low error region, whereas the faulty condition losses 
shift toward higher values, resulting in clearer separation between the 
two operating states. In comparison, the healthy and faulty distributions 
of TG exhibit greater overlap, indicating weaker discriminability in the 

anomaly score space. Therefore, PITG not only reduces prediction 
fluctuations under healthy conditions but also enlarges the loss differ
ence between healthy and faulty states, thereby reducing ambiguous 
samples near the detection threshold and improving anomaly 
discrimination.

Fig. 8 shows the prediction variances of different sensor outputs 
under Dropout rates ranging from 20% to 50%, based on 30 Monte Carlo 
forward passes. For both PITG and TG, the prediction variance increases 
as the Dropout rate increases, indicating that stronger stochastic per
turbations lead to greater model output uncertainty. Nevertheless, PITG 
consistently exhibits lower prediction variance than TG at all Dropout 
rates. Taking the maximum sensor-wise variance as an example, the 
corresponding values for PITG at Dropout rates of 20%, 30%, 40%, and 
50% are 0.02424, 0.04256, 0.06704, and 0.09667, respectively, 
compared with 0.03356, 0.05836, 0.09145, and 0.13326 for TG. These 
correspond to reductions of approximately 27.77%, 27.07%, 26.69%, 
and 27.45%, respectively. This indicates that the physics-informed 
module effectively suppresses stochastic prediction fluctuations and 
improves the consistency of Monte Carlo inference.

Overall, Figs. 6–8 demonstrates that PITG improves prediction sta
bility under healthy conditions, enhances the separation between 
healthy and faulty states, and reduces prediction uncertainty under 
stochastic perturbations. These findings indicate that the physical 
constraint not only improves predictive accuracy but also regularizes 
model outputs, providing a more stable basis for subsequent anomaly 
detection and multi-sensor fusion.

As shown in Table 5, PITG and TG exhibit different prediction losses 
and fluctuation levels under different operating condition transfer sce
narios. For State 02 (same turbine and same season), the mean loss of 
PITG increases from 0.4569 to 0.4673, while the standard deviation 
increases from 0.2807 to 0.3007. This indicates that when the training 
and testing distributions are highly consistent, the physics-informed 
embedding does not provide further improvement in prediction accu
racy. This may be attributed to the high similarity of the data distribu
tion, where the baseline model has already achieved relatively stable 
performance and the potential improvement introduced by additional 

Table 4 
Ablation results of PITG variants for normal behavior modeling.

Model Dataset

Dataset 1 Dataset 2_a24 Dataset 2_a71 Dataset 2_a73

RMSE R2 (%) RMSE R2 (%) RMSE R2 (%) RMSE R2 (%)

Transformer 0.1977 95.95 0.3195 89.53 0.2900 91.08 0.3168 89.30
Transformer + PI 0.1329 96.34 0.2695 90.89 0.2417 92.54 0.2700 90.46
GRU 0.2230 94.74 0.3138 89.93 0.2956 91.02 0.3179 89.16
GRU + PI 0.1619 94.40 0.2711 90.65 0.2548 91.81 0.2771 90.02
Transformer + GRU 0.1774 96.74 0.1779 96.77 0.1640 97.24 0.1716 96.82
Transformer + GRU + PI 0.1206 97.04 0.1483 97.22 0.1421 97.41 0.1476 97.15

Fig. 6. Aleatoric uncertainty.
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physical constraints is limited.
For State 01 (same turbine and different seasons), PITG reduces the 

mean loss from 0.6146 to 0.5952 and the standard deviation from 
0.3760 to 0.3607, corresponding to reductions of approximately 3.16% 
and 4.07%, respectively. This demonstrates that the physical constraint 
can partially alleviate the distribution shift caused by seasonal varia
tions and improve prediction stability.

For State 40 (different turbines and different seasons), PITG also 
achieves lower prediction loss and fluctuation. The mean loss decreases 
from 0.5113 to 0.5054, while the standard deviation decreases from 
0.4176 to 0.4013. Although the improvement is relatively limited, PITG 
maintains better stability under the more challenging transfer condition 
involving both turbine differences and seasonal variations.

Overall, PITG effectively reduces prediction error fluctuations under 
cross-season and cross-turbine conditions, indicating that the physics- 
informed embedding can utilize the thermal evolution relationships 
among temperature-related variables to improve the model's adapt
ability to distribution changes. However, under the same turbine and 
same season condition, where the data distribution difference is rela
tively small, the additional benefit of the physical constraint is less 
significant. This suggests that the proposed physical embedding is more 
effective in complex operating condition transfer scenarios.

5.3. Anomaly detection

As shown in the Fig. 9, different sensors exhibit distinct sensitivities 
to abnormal conditions. For both TG and PITG, the NT achieves rela
tively better overall detection performance, with F1-scores of 0.617 and 
0.607, respectively. Although RRS achieves high Precision, reaching 
0.897 under PITG, its Recall is only 0.196, indicating that the detection 
results are relatively conservative and may miss some abnormal sam
ples. The GBT and AP exhibit a more balanced trade-off between 

Precision and Recall, whereas ET shows relatively limited anomaly 
detection capability. Overall, the single-sensor results indicate that 
different variables emphasize either detection accuracy or sensitivity, 
and relying on only one sensor is insufficient to robustly characterize the 
overall system condition.

From the perspective of model comparison, ModernTCN, as a 
representative high-performing time-series forecasting baseline, ach
ieves relatively high Precision and F1-scores under most single-sensor 
and fusion scenarios, and generally outperforms DAGMM. As a repre
sentative anomaly detection model, DAGMM demonstrates certain 
anomaly recognition capability for some variables; however, its overall 
Recall is relatively low, resulting in limited F1 performance. In com
parison, TG and PITG achieve better overall detection performance in 
most cases. Specifically, PITG improves the F1-score of generator 
bearing temperature from 0.480 for TG to 0.510, and achieves the 
highest Recall (0.438) and F1-score (0.566) among all methods using 
inverse-variance fusion. These results indicate that the physics-informed 
embedding contributes to improving anomaly identification capability 
and achieving a better balance between detection sensitivity and 
reliability.

Among the three fusion strategies, inverse-variance fusion achieves 
the highest Recall and F1-score for all four models. For example, the F1- 
score of PITG increases from 0.510 with equal-weight fusion and 0.524 
with Dempster–Shafer (D–S) fusion to 0.566 with inverse-variance 
fusion. Similarly, the F1-score of ModernTCN improves from 0.369 
and 0.465 to 0.506, respectively. This demonstrates that assigning 
sensor weights according to prediction reliability can reduce the inter
ference of less reliable sensors and improve the overall anomaly detec
tion performance. It should be noted that the fusion results do not 
always exceed the best-performing single sensor; however, they reduce 
the dependence on individual sensors and are more suitable for system- 
level condition assessment. Overall, the combination of PITG and 

Fig. 7. Epistemic uncertainty.
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inverse-variance fusion achieves a better balance between Precision and 
Recall, providing a more stable solution for multi-sensor anomaly 
detection.

As shown in Fig. 10, under the same turbine but different seasonal 
conditions, both PITG and TG generate relatively continuous above- 
threshold responses within the fault interval. In particular, clear 
abnormal points can be observed near the fault initiation stage, the 
fluctuation stage during fault evolution, and the fault termination 
period. Due to the distribution shift in operating and environmental 
conditions caused by seasonal variations, several scattered false alarms 
still appear before and after the fault interval, indicating that seasonal 
differences have a certain impact on the stability of anomaly scores. 
Compared with TG, PITG produces a more concentrated anomaly 
response within the fault period; however, its lower detection threshold 
also results in several above-threshold points after fault recovery.

As shown in Fig. 11, under the same turbine and same seasonal 
conditions, the training and testing data exhibit higher distribution 
consistency. Both models maintain relatively low prediction losses 
before the fault and generate clear anomaly clusters after fault occur
rence. PITG shows more continuous responses around the fault initiation 
and throughout the fault development process, enabling a clearer 
characterization of fault evolution. Compared with the other two oper
ating conditions, the separation between normal and faulty periods is 
more evident in this scenario, indicating that similar data distributions 
contribute to improved detection stability.

As shown in Fig. 12, under different turbine and different seasonal 
conditions, the distribution discrepancy further increases. A larger 
number of above-threshold points appear before the fault occurrence, 
indicating that cross-turbine and cross-season transfer increases the risk 
of interpreting normal fluctuations as anomalies. Nevertheless, both 
PITG and TG are still able to detect multiple significant responses within 
the fault interval, forming abnormal point clusters around fault initia
tion, fault progression, and fault termination. Compared with the other 
two conditions, the overlap between normal and faulty loss distributions 
becomes more apparent, demonstrating that cross-turbine distribution 
shifts have a greater impact on detection reliability.

Overall, PITG and TG are both capable of identifying the major 
abnormal variations within the maintenance-recorded fault intervals 
under all three operating conditions. The detection results are most 
stable under the same turbine same season condition, while seasonal 

Fig. 8. Model uncertainty.

Table 5 
Prediction uncertainty of PITG under different operating conditions.

State Model Mean loss Standard deviation of loss

01
TG 0.6146 0.3760
PITG 0.5952 0.3607

02 TG 0.4569 0.2807
PITG 0.4673 0.3007

40 TG 0.5113 0.4176
PITG 0.5054 0.4013
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variations introduce additional fluctuations. When both turbine and 
seasonal conditions change, false alarms before fault occurrence become 
more pronounced. These results demonstrate that the proposed method 
has certain cross-condition anomaly response capability.

6. Conclusion

This study proposes an intelligent anomaly detection framework 
integrating a Physics-Informed Transformer-GRU deep model, a physics- 
informed embedding strategy, and an uncertainty-aware multi-sensor 
fusion approach for reliable anomaly detection of wind turbine drive
train systems. The proposed framework aims to improve the represen
tation capability of NBMs for the dynamic evolution of monitoring 
variables, enhance the physical consistency of model predictions, and 
reduce the influence of uncertainty information during multi-sensor 
anomaly assessment. Furthermore, a modular anomaly detection pipe
line is established, covering spatiotemporal feature modelling, physics- 
informed constraint learning, and uncertainty-aware fusion. The main 
conclusions of this study are summarized as follows: 

1. A spatiotemporal normal behavior modelling framework was 
developed for multivariate SCADA data. By combining high- 

dimensional feature dependency modelling with temporal evolu
tion learning, TG captures both inter-variable correlations and dy
namic operating patterns. The experimental results demonstrate that 
TG improves prediction performance by effectively modelling 
spatiotemporal dependencies among monitoring variables.

2. A physics-informed embedding module was introduced by estab
lishing physical relationships among predicted sensor features and 
constructing a thermal balance equation. The derived physical con
straints were incorporated into the training process as regularization 
terms, thereby enhancing the physical consistency of model outputs. 
Experimental results demonstrate that this module improves the 
performance of different prediction models, confirming the effec
tiveness of physical constraints in enhancing state representation 
capability and prediction reliability.

3. An uncertainty-aware multi-sensor fusion strategy was introduced by 
estimating sensor-level data uncertainty through prediction errors 
and constructing inverse-variance weights to reduce the contribution 
of highly uncertain sensors in anomaly assessment. Experimental 
results demonstrate that the proposed inverse-variance fusion strat
egy effectively suppresses the influence of uncertainty in multi- 
sensor detection, reducing false alarms and missed detections 
while improving the stability and reliability of anomaly assessment.

Fig. 9. Performance comparison of different models and sensor fusion strategies for anomaly detection.
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Overall, the proposed framework provides a structured solution for 
wind turbine drivetrain anomaly detection by jointly considering 
spatiotemporal feature evolution, physical consistency of prediction 
outputs, and uncertainty-aware multi-sensor fusion. The results 
demonstrate that the framework provides an effective approach toward 
more reliable and robust anomaly detection for complex wind turbine 
operating conditions.
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Appendix A. Model hyperparameter settings and training–testing configuration

Table 6 
Parameter settings of the proposed model.

Category Parameter Value

Data preprocessing Sliding window length 64 samples
Prediction horizon 10 min/12 min
Batch size 32
Normalization dimension Temporal dimension
Random seed 29

Modeling

Number of input features 5
Hidden dimension {64,100,128}
Number of attention heads {3,4,8}
Feed-forward dimension {32, 64, 256}
Number of GRU layers {1,2}
Activation function Relu
Dropout rate {0.2, 0.3, 0.4, 0.5}

Physics-informed module

Number of input features 5
Kernel size 25
Hidden-layer dimension {1, 2}
Activation function Tanh
Physical coefficients, [γ1, γ2, γ3, γ4, γ5] [− 0.9983, 0.9986, − 0.0003, − 0.0005, − 0.0006]
Physical coefficients, [β1,β2,β3,β4] [0.9982, 0.0006, 0.0007, 0.0021]

​ λ {0.9, 0.8, 0.75, 0.6}

Optimization

Optimizer Adam
Number of training epochs 80
Learning rate 0.01
Weight decay 0.00005

Uncertainty quantification Number of MC samples 30

The principal hyperparameters used for data preprocessing, backbone-network construction, physics-informed embedding, model optimization, 
and uncertainty quantification are summarized in Table 6. The normalization parameters were calculated exclusively from the training set and 

Fig. 12. Different turbine, different seasonal.
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subsequently applied to the test data to prevent information leakage and ensure consistency between the training and testing stages.
Among the evaluated fitting methods, least squares and Lasso were selected as the optimal fitting schemes for Dataset 1 and Dataset 2, respectively. 

Dataset 1 achieved an MSE of 3.8× 10− 5, an RMSE of 0.006179, an MAE of 0.004605, and an R2 of 0.997494, while Dataset 2 achieved an MSE of 3.3×

10− 5, an RMSE of 0.005706, an MAE of 0.004135, and an R2of 0.999776.
All experiments were conducted under the same hardware configuration, and all models were implemented within a unified training framework. 

The computational environment consisted of a 12th-generation Intel i5-12600KF processor and an NVIDIA RTX 4060 GPU. All AI-driven models and 
training frameworks were developed using PyTorch version 2.5.1.

Appendix B. Description of multiple operating conditions

Table 7 
Dataset division under different operating conditions.

Label Operating condition Time period Description

01 Same turbine, different season 2023.03.02–2023.05.10 Normal data; used for model training
02 Same turbine, same season 2022.08.04–2022.10.14 Normal data; used for model training
40 Different turbine, different season 2022.01.01–2022.03.11 Normal data; used for model training
0 Fault test dataset 2023.07.20–2023.8.24 Generator bearing failure; used for model validation

Models were trained separately using the normal datasets labeled 01, 02, and 40, which represent different asset and seasonal conditions. The 
trained models were then evaluated on Dataset 0 for anomaly detection. Dataset 0 contains the generator-bearing fault interval and was used 
exclusively for testing and validation.

Appendix C. Description of multiple operating conditions

Table 8 
Dataset division under different operating conditions.

Stage Total time (s) Average cost per window (ms) Throughput (windows/s)

Training 38.3168 5.5132 181.382
Inference 10.4663 44.7279 22.357

Table 8 summarizes the computational cost of the proposed method. The complete training process requires an average of 38.32 s, corresponding 
to 5.51 ms per window per epoch and a training throughput of approximately 181.38 windows/s. The complete testing pipeline requires 10.47 s, with 
an end-to-end inference cost of 44.73 ms per window and a throughput of approximately 22.36 windows/s. It should be noted that the reported testing 
time includes data loading, normalization, window construction, model loading, forward inference, prediction error calculation, and result export; 
therefore, it represents the end-to-end computational cost of the anomaly detection pipeline.

For SCADA data sampled at 1 min intervals, the inference time of 44.73 ms per window is substantially shorter than the data update interval. For 
data sampled at 10 min intervals, the computational cost is even more negligible relative to the sampling period. Therefore, the proposed method can 
support online anomaly detection for both 1 min and 10 min SCADA data, where online detection refers to timely inference after the arrival of each 
new data window rather than millisecond-level real-time control.

Data availability

Data will be made available on request.
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