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A B S T R A C T

Current research on wind energy monitoring predominantly focuses on power prediction while often overlooking 
the advanced warning of sudden operational anomalies. To this end, we propose a wind power monitoring model 
based on a spectral dynamic aggregation transformer integrated with a fitted swing gate algorithm. First, the 
integration of spectral and dynamic aggregation blocks within the Transformer framework yields an accurate 
wind power prediction model that effectively alleviates the impact of data fluctuations. On this basis, the MI 
method is utilized to quantify the nonlinear relationships between multi-source meteorological variables and 
wind power output. By integrating STL for residual analysis to extract salient features, the proposed approach not 
only enhances the input quality of the prediction model but also provides a physically interpretable foundation 
for the early warning module. This facilitates seamless integration of prediction and early warning at the feature 
level. Furthermore, the prediction results and key features jointly drive a two-tier early warning framework: a 
wind power early warning system is constructed based on the random forest algorithm and the swing door al
gorithm, followed by joint calibration with the predictive model. By leveraging multi-source data, the model is 
capable of detecting anomalous power changes and ramp events, thereby ensuring efficient anomaly identifi
cation and advanced warning. Through the case study, it is demonstrated that the proposed model can achieve 
wind power prediction and advanced warning functions, thereby providing robust support for flexible grid 
scheduling and efficient wind power integration.

1. Introduction

Excessive exploitation and utilization of traditional fossil fuels have 
exacerbated environmental degradation and intensified global warming 
trends. As a clean and renewable alternative, wind energy has gained 
widespread attention. As witnessed, the expansion of the wind power 
market has been accompanied by a significant increase in installed ca
pacity [1].Offshore wind power installations in particular have excee
ded 35 GW, with an expected annual growth rate surpassing 30 % by 
2025 [2]. However, Wind power generation exhibits notable random
ness and intermittency, posing significant challenges to the control and 
prediction of active power [3]. Furthermore, the integration of such 
intermittent energy sources into the power grid increases the complexity 
of system reliability analysis [4]. The unpredictability of wind gener
ates, as in fluctuating power output, leading to a significant increase in 

the operational risk of large-scale grid integration and raising mainte
nance costs for wind turbines [5].In recent years, indeed, the connection 
of large offshore wind farms to inland power grids has had a consider
able impact on grid stability [6].Thus, enhancing the ability to provide 
high-quality wind energy and ensuring timely monitoring of wind power 
performance are strategic for the development of the wind power 
industry.

To achieve accurate monitoring of wind power performance, various 
approaches have been developed.These approaches primarily focused 
on wind power forecasting can be broadly categorized into three tradi
tional methods: physical models, statistical fitting and artificial intelli
gence models [7].In physical models, numerical weather prediction 
(NWP) data [8] and relevant geographical information of wind farms are 
used to formulate wind speed prediction equations. One application is 
wind power forecasting based on physical mathematical functions, 
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particularly for monitoring newly constructed wind farms for which 
field data are not yet available. However, the approach suffers from low 
prediction accuracy and weak robustness [9]. Statistical models, on the 
other hand, rely on historical data and are primarily used for 
time-series-based forecasting of wind power. Classical short-term 
monitoring methods include autoregressive (AR) models [10], expo
nential smoothing methods (ESM) [11], autoregressive moving average 
(ARMA) [12], and Kalman filters (KF) [13]. For instance, Liu et al. [14] 
utilized a seasonal ARIMA model for short-term offshore wind speed 
prediction, Naik et al. [15] applied robust multi-kernel ridge regression 
for forecasting wind speed and wind power. However, as the autocor
relation of wind power sequences significantly decreases with longer 
prediction intervals, these simple statistical approaches are typically 
effective only for short-term wind power monitoring tasks.

With the rapid advancement of artificial intelligence (AI), AI models 
are increasingly demonstrating their potential in wind power moni
toring [16].Examples of AI methods applied to wind power forecasting 
include Support Vector Machines (SVM) [17], Support Vector Regres
sion (SVR) [18], Decision Trees [19], Artificial Neural Networks [20] 
and Wavelet Neural Networks (WNN) [21].These methods allow prop
erly handling the nonlinear characteristics of wind power, but may 
suffer from overfitting the data and may result inefficiency when dealing 
with large numbers of features and large volumes of observations.

Relatively recently, Deep learning (DL) has brought a breakthrough 
in artificial intelligence for monitoring applications, offering the 

capability of extracting complex nonlinear relationships from large 
datasets [22]. Models like GRU, DNN [23] and LSTM [24] introduce 
unique gating mechanisms that allow early-sequence information to 
propagate to later steps [25], overcoming issues of gradient explosion or 
vanishing, inherent in traditional Recurrent Neural Networks (RNNs). 
With the development of backpropagation, Neshat et al. [26] applied an 
evolutionary decomposition approach offshore wind speed data from 
offshore wind farms in the Baltic Sea to develop a Bi-Directional Long 
Short-Term Memory (Bi-LSTM) model for wind speed forecasting.

Zhao et al. [27] introduced a bi-directional mechanism model for 
short-term wind speed prediction, based on Extreme Learning Machine 
(ELM) to accelerate network training [28]. For long-term monitoring 
needs, Transformer-based models have become dominant in 
sequence-based deep learning [29]. Transformers do not rely on recur
rence or convolution, making them well-suited for learning long-term 
dependencies. Li et al. [30] explored a Transformer-based architecture 
that proposed using convolutional layers for local processing and sparse 
attention mechanisms to expand the receptive field during processing. 
Subsequent researchers focused on reducing the complexity of 
self-attention for long-term time-series tasks. Informer [31] extended 
self-attention using a KL-divergence criterion to select dominant queries, 
while Reformer [32] introduced the Locality-Sensitive Hashing (LSH) 
mechanism to estimate attention via similar query assignments. These 
models not only reduce model complexity but also enhance its efficiency 
and accuracy for time-series monitoring.

Autoformer [33] incorporated decomposition blocks into a canonical 
structure and designed self-correlations to capture series connections. 
Pyraformer [34] introduced the Pyramid Attention Module (PAM) to 
capture time dependencies at various hierarchical levels. These ad
vancements continue to push the boundaries of performance in 
long-term wind power monitoring.

However, for complex problems involving multivariate and spatio
temporal features, the accuracy of a single deep learning (DL) model 
may be limited, whereas hybrid models demonstrate superior perfor
mance [35].Since the original feature space of wind power comprises a 
superposition of different frequency components, effectively identifying 
and extracting these components is crucial to reducing interference from 
multicollinearity and enhancing monitoring adaptability [36]. Attention 
mechanisms address sequence correlation modeling challenges by 
guiding the model to focus on the most critical features [37].Compared 
to traditional models, hybrid models incorporating attention mecha
nisms or improved attention methods can achieve better scalability [38] 
and robustness [39].To enhance the accuracy of short-term wind power 

Fig. 1. Schematic of the Transformer-based model.

Fig. 2. Working principle of the Swing-Door Algorithm.
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forecasting (WPF), integrating attention mechanisms has proven both 
reliable and effective. For instance, Zhen et al. [40] combined Singular 
Spectrum Analysis (SSA) with a Temporal Convolutional Attention 
Network (TCA) to differentiate and identify the trend, periodic and noise 
components of raw wind power sequences, enabling more precise wind 
power monitoring.

The aforementioned studies primarily focus on monitoring wind 
power performance through forecasting methods. However, the sudden 
changes in wind power pose significant threats to the stability and safety 
of power systems, an issue that cannot be overlooked. There remains a 
considerable gap in existing research regarding early warning mecha
nisms for wind power fluctuations. Some studies have addressed 
extreme events, such as Chen et al. [41] proposed a novel hybrid model 

integrating TCN, DANet, and a sparse Transformer architecture for 
offshore wind power forecasting, specifically designed to capture and 
integrate spatiotemporal coupling characteristics across multiple wind 
farms. Dong et al. [42]developed the Wind-Mambaformer model to 
enhance ultra-short-term wind power prediction at the turbine level by 
leveraging long-range dependency modeling and computational effi
ciency. Wang et al. [43]introduced a dual-path prediction framework 
that combines the Transformer architecture with a BiGRU equipped with 
an attention mechanism, enabling separate modeling of high-frequency 
and low-frequency components in wind power time series. Zhang et al. 
[44]constructed a short-term multi-step forecasting model based on the 
Pt-Transformer neural network, which incorporates a sparse attention 
mechanism to improve predictive accuracy while reducing 

Fig. 3. Flowchart of the proposed method.
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computational complexity. Li et al. [45] proposed a hybrid prediction 
approach for ultra-short-term wind power generation to address the 
challenges posed by extreme weather events, with the aim of supporting 
early warning systems under atypical meteorological conditions. Yu 
et al. [46]developed a segmented forecasting strategy tailored to 
extreme weather scenarios, designed to improve the responsiveness and 
adaptability of wind power predictions to abrupt meteorological 
fluctuations.

The present study focuses on developing early warning strategies for 
wind power fluctuations to further enhance the stability and safety of 
power systems in response to wind power variability. To improve the 

performance of wind power monitoring, this study aims at developing 
high-performance wind power monitoring models and corresponding 
early warning mechanisms. Six foundational models for wind power 
forecasting have been systematically compared, leading to the selection 
of a Transformer-based architecture to improve the accuracy of wind 
power forecasting. To further improve model performance, an inte
grated method incorporating spectral blocks and dynamic aggregation 
blocks is introduced. The integration of the two modules significantly 
improves the model’s ability to predict wind power fluctuations. Addi
tionally, a multi-source data early warning model is developed, inte
grating regression fitting techniques and the adaptive dynamic 

Fig. 4. Trends in turbine 1 start data.
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algorithm (SDA) to effectively issue warnings for extreme weather 
conditions or system failures. Compared to other wind power fore
casting models, the proposed hybrid dual-warning model—featuring an 
attention-enhanced Transformer with integrated spectral and dynamic 
aggregation blocks—exhibits superior generalization and robustness. 
This advancement promises strong support for reliable wind power 
monitoring.

2. Methodology

2.1. Spectral dynamic aggregation transformer

This paper proposes a time-series forecasting framework for wind 
power. The framework is based on an enhanced Transformer architec
ture that integrates spectral blocks and dynamic aggregation blocks, 
which are designed to capture multi-level features of power data from 
both the frequency and temporal domains, thereby improving the ac
curacy of wind power predictions. The novel multimodal spatiotemporal 
model based on Transformer is illustrated in Fig. 1.

The self-attention mechanism serves as the core of the Transformer 
model [47] with its main steps outlined as follows.

Each position in the input sequence is mapped to three vectors: 
query(Q), key(K) and value(V). The generation of queries, keys and 
values is achieved through linear transformations: 

Q=XWQ K = XWK V = XWV (1) 

where X is the input sequence, and WQ, WK, WV are learnable weight 
matrices.

For each pair of query(Q) and key(K), similarity is computed using a 
dot product to measure the correlation between different positions in the 
input sequence. This similarity is,then, scaled to prevent excessively 
large dot product values, as given by the following formula: 

Attention(Q,K,V)= softmax
(

QKT
̅̅̅̅̅
dk

√

)

V (2) 

where dk represents the dimensionality of the key vectors, ensuring 
numerical stability in the similarity values.

In the Transformer model, self-attention is extended to multi-head 
attention by splitting the input sequence into h subspaces, where each 
subspace corresponds to a head, each head independently performs self- 
attention computations. The outputs from all heads are,then, concate
nated and passed through a linear transformation to generate the final 
multi-head attention output: 

MultiHead(Q,K,V)=Concat(head1,…,headh)WO (3) 

where WO represents the linear transformation matrix. Although the 
multi-head attention mechanism involves h heads, the number of pa
rameters and computational complexity do not exceed that of single- 
head self-attention.

Fig. 4. (continued).
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2.1.1. Spectrum blocks
To address the variability inherent in the data, the Transformer 

model incorporates spectral blocks into its structure. These spectral 
blocks convert input data from the time domain to the frequency 
domain, enabling the extraction of critical frequency-domain features 
such as periodicity and trends. In our model, spectral blocks are posi
tioned immediately after the original time-series data input layer, 
allowing each subsequent encoder layer to extract and optimize these 
frequency-domain features. The main working principle is as follows.

The basis function for one-dimensional Discrete Cosine Transform 
(DCT) is used. 

Bi
l = cos

(

−
πl
Ls

(

i+
1
2

))

(4) 

where Bi
l represents the value of the l-th basis function at the i-th sample 

point, l being the index of the basis function, indicating the specific basis 
function being used, and i denoting the index of the sample point in the 
input signal. Ls represents the length of the input signal, i.e., the total 
number of samples in the signal.

In the Discrete Cosine Transform, the range of the basis function 
index is 0⩽k⩽L − 1, where L denotes the length of the input signal S. This 
implies that for an input time series of length L, the application of the 
DCT yields a frequency-domain sequence S of the same length L, 
comprising L frequency components ranging from S0 (the DC compo
nent) to S{L − 1} (the highest frequency component).

The standard formula for the DCT-II transform is as follows: 

Sk = α(k)
∑L− 1

i=0
si cos

(π
L

k(i+0.5)
)

(5) 

The normalization constant α(k) is defined as follows: 

α(k)=
{ ̅̅̅̅̅̅̅̅

1/L
√

if k = 0̅̅̅̅̅̅̅̅
2/L

√
if k > 0

(6) 

The one-dimensional DCT can be expressed as: 

f l
1 =

∑Ls − 1

i=0
x1d

i Bi
l (7) 

where l ∈ {0,1,…,Ls − 1}; f l
1 ∈ RL represents the one-dimensional DCT 

frequency spectrum, x1d ∈ RL is the input signal, L is the length of the 
signal x1d.

The fundamental concept of the DCT is to compute the weighted 
summation of the time-domain signal with respect to orthogonal basis 
functions, thereby yielding its frequency-domain representation. 
Accordingly, the formula can be explicitly expressed as: 

f1
l =

∑L− 1

i=0
xi cos

⎛

⎜
⎝

− πl
(

i + 1
2

)

L

⎞

⎟
⎠ (8) 

The basis functions of the inverse one-dimensional DCT are identical 
to those in the forward transformation, thereby preserving the symmetry 
between the time-domain and frequency-domain representations. 
Accordingly, the inverse one-dimensional DCT can be written as: 

x1dx1d
i =

∑Ls − 1

l=0
f l
1Bi

l (9) 

where x1d
i represents the value of the i-th sample point recovered 

through inverse DCT, with range of values falling within i ∈ {0,1,…,Ls −

1}, f l
1 ∈ RL.

Through the weighted summation using the same basis functions, the 
frequency-domain signal is reconstructed into the time-domain signal. 
The specific formula is presented as follows: 

x1d
i =

∑L− 1

l=0
f1
l cos

⎛

⎜
⎝

− πl
(

i + 1
2

)

L

⎞

⎟
⎠ (10) 

Note that in Equations (5) and (7), certain constant normalization 
factors have been omitted for the sake of simplicity in expression and 
will not impact the outcomes of the study.

When the processed frequency-domain information is fed into the 
Transformer encoder, it enables the model to generate more represen
tative high-dimensional representations. This enhances the model’s 
ability to understand and predict fluctuations in wind power, improving 
its effectiveness in capturing complex dynamic variations.

2.1.2. Dynamic aggregation blocks
The dynamic aggregation block is an innovative attention mecha

nism designed to effectively capture and utilize spatiotemporal re
lationships in data. It combines the strengths of self-attention and cross- 
attention mechanisms by introducing proxy tokens, extending the 
traditional attention mechanism to a quadruplet form (Q,A,K,V). This 
approach enhances the model’s representation capability while signifi
cantly reducing computational overhead.

Based on both Softmax attention and linear attention, Agent Tokens 
are introduced to facilitate the aggregation and dissemination of infor
mation. Below, these two approaches will be elaborated.

The fundamental formula of the Softmax attention mechanism is 
presented as follows: 

Table 1 
Performance metrics of the prediction models for F1.

Dataset Model MAE RMSE MAPE R2

F1_1 ELM 5.260 6.669 2.505 0.701
​ SVR 4.139 5.460 1.852 0.799
​ RBF 5.043 6.515 2.221 0.714
​ BP 4.573 5.957 1.821 0.763
​ LSTM 4.130 5.336 2.056 0.808
​ Bi-LSTM 4.178 5.464 1.985 0.800
​ GRU 4.653 5.919 2.499 0.764
​ Transformer 2.581 3.249 1.763 0.891
F1_2 ELM 5.454 7.204 6.894 0.542
​ SVR 4.354 6.239 4.226 0.656
​ RBF 5.085 6.815 6.160 0.590
​ BP 4.900 6.561 6.178 0.620
​ LSTM 4.881 6.361 0.714 0.643
​ Bi-LSTM 4.258 5.956 4.425 0.687
​ GRU 4.621 6.365 4.905 0.642
​ Transformer 3.358 4.730 1.614 0.844
F1_3 ELM 4.840 6.402 6.679 0.632
​ SVR 3.263 4.709 3.337 0.801
​ RBF 4.019 5.511 5.036 0.727
​ BP 3.865 5.269 5.092 0.751
​ LSTM 3.277 4.733 2.598 0.799
​ Bi-LSTM 3.201 4.561 2.773 0.813
​ GRU 3.464 4.971 3.227 0.778
​ Transformer 4.555 6.706 6.734 0.629
F1_4 ELM 4.922 6.318 1.462 0.743
​ SVR 3.735 5.067 0.901 0.835
​ RBF 4.640 5.992 1.381 0.769
​ BP 4.378 5.668 1.390 0.793
​ LSTM 3.841 5.091 0.975 0.833
​ Bi-LSTM 3.732 5.041 1.069 0.836
​ GRU 3.997 5.287 1.265 0.820
​ Transformer 3.027 3.496 2.449 0.929
F1_5 ELM 5.409 6.986 5.526 0.644
​ SVR 4.180 5.790 3.345 0.755
​ RBF 5.125 6.706 5.224 0.672
​ BP 4.852 6.469 4.801 0.695
​ LSTM 4.329 5.783 4.338 0.756
​ Bi-LSTM 4.416 6.043 3.560 0.733
​ GRU 4.608 6.109 4.657 0.728
​ Transformer 1.493 1.943 8.139 0.870
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OS = Softmax
(

QKT
̅̅̅̅̅
dk

√

)

V (11) 

Linear attention modifies the order of query and key computations 
by applying the mapping function ϕ(⋅), thereby reducing computational 
complexity. The formula is as follows: 

Oϕ =ϕ(Q)
(
ϕ(K)TV

)
(12) 

Where, ϕ(Q) and ϕ(K) are the mapping functions for queries and keys, 

respectively.
During the process of information aggregation and integration, this 

module divides the attention mechanism into two steps: proxy aggre
gation and proxy broadcasting.

For proxy aggregation, the proxy token A first acts as the query, 
interacting with the key K and value V through a traditional soft 
attention operation: 

VA= Softmax
(
AKT)V (13) 

Fig. 5. F1 Forecasted actual values of wind power.
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where the proxy token A effectively aggregates information from the 
value token V. Each proxy token dynamically calculates attention 
weights, allowing it to emphasize important features effectively. This 
enhances the model’s sensitivity to the global context.

For proxy broadcasting, proxy token A serves as a key to perform a 
secondary soft attention operation with the original query token Q, 
distributing aggregated information to each query token. 

O= Softmax
(
QAT)VA (14) 

This mechanism avoids direct interaction between queries and the 
original keys, while leveraging a dynamically updated weight allocation 
to enhance the model’s adaptability to complex data structures. It 
significantly reduces computational complexity while ensuring efficient 
information propagation.

The final formula of the proxy attention mechanism combines the 
two steps of proxy token aggregation and broadcasting. In this process, 
the proxy token serves not only as an aggregator of information but also 
efficiently disseminates the aggregated information back to the query 
space via broadcasting, thereby enhancing the expressiveness of the 
model.

This step makes full use of the role of proxy tokens in different stages 
to achieve efficient flow and processing of information in the following 
form: 

OA = Softmax
(
QAT)Softmax

(
AKT)V (15) 

To further enhance the model’s representational capacity and 
computational efficiency, proxy bias and depth convolution steps are 
introduced within the dynamic aggregation block. These additions 

enrich feature diversity and improve positional sensitivity, often incor
porating bias terms in attention computation: 

O= Softmax
(
QAT +B2

)
Softmax

(
AKT +B1

)
V (16) 

where B1 and B2 provide rich positional encoding information, enabling 
the proxy tokens to focus on distinct feature regions, thereby further 
enhancing the model’s performance.

The proxy token is a learnable tensor with dimensionality (C, d). 
Here, C denotes the number of proxy tokens, a hyperparameter that is 
significantly smaller than the input sequence length L (i.e., C≪L). The 
variable d denotes the feature dimension, which is identical to those of 
the Query, Key and Value vectors in the model.

The proxy biases are introduced to enrich the model’s positional 
encoding capabilities by incorporating additional learnable positional 
information. In our implementation, these two biased terms are incor
porated as learnable parameter tensors within the model architecture. 
These parameters are typically set using standard random initialization 
schemes and subsequently optimized in an end-to-end manner via the 
backpropagation algorithm throughout the model training process.

The dynamic aggregation block leverages the proxy token aggrega
tion and broadcasting mechanism to enhance the processing and fusion 
of complex data features, enabling more flexible handling of high- 
dimensional data. Since the number of proxy tokens can be designed 
to be significantly smaller than that of query tokens, this module reduces 
the computational complexity of input sequences from O

(
N2) to O(N)

for a token count of N, This achieves efficient global context modeling, 
providing substantial support for wind power prediction models.

Fig. 5. (continued).
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2.2. Mutual information (MI) method

In information theory, mutual information (MI) is used to evaluate 
arbitrary dependencies between random variables [48]. For two discrete 
variables X and Y, their mutual information measures the amount of 

information about X provided by Y. If the two variables are independent, 
their mutual information equals zero. The MI between the two variables 
is defined as: 

I(X;Y)=H(X) − H(X|Y) = H(Y) − H(Y|X) = H(X) + H(Y) − H(X;Y)
(17) 

Fig. 6. Transformer Predicted vs Actual Wind Power.
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where H represents entropy, H(X|Y) and H(Y|X) denote conditional 
entropy, and H(X;Y) is the joint entropy of X and Y, defined as: 

H(X) = −

∫

x
pX(x)log pX(X)dx (18) 

H(Y)= −

∫

y
pY(y)log pY(y)dy (19) 

H(X;Y)= −

∫

x

∫

y
pX,Y(x, y)log pX,Y(x, y)dxdy (20) 

H(X|Y)= −

∫

y

∫

x
p(x, y)log

p(x, y)
p(y)

dxdy (21) 

where PXY(x, y) represents the joint probability density function, 
whereas PX(x) and PY(y) are the marginal functions of X and Y, 
respectively the marginal functions are: 

pX(x)=
∫

y
pX,Y(x, y)dy (22) 

pY(y)=
∫

x
pX,Y(x, y)dx (23) 

By substituting Eqs. (18)–(20) into Eq. (17), the MI equation 
becomes: 

I(X;Y)=
∫

x

∫

y
pX,Y(x, y)log

pX,Y(x, y)
pX(x)pY(y)

dxdy (24) 

In the discrete form, integration is replaced by summation over all 
possible values occurring in the data. Therefore, estimating PXY(x, y) is 
sufficient to compute the MI between X and Y.

To compute the mutual information between continuous variables, 
the data are first discretized using the Equal-Frequency Binning strategy. 
This method sorts the feature values and partitions them into k bins, 
each containing approximately the same number of samples, thereby 
providing robustness against uneven data distributions or the presence 
of outliers. Following discretization, the joint probability PXY(x, y) and 
marginal probabilities PX(x) and PY(y), which are required for mutual 
information computation, are estimated non-parametrically by counting 
the frequency of samples within each bin.

2.3. Seasonal trend residual decomposition (STL)

STL decomposition is a time series analysis method that breaks down 
time series data into three components: Trend, Seasonal and Residual 
[49]. The implementation is entirely based on numerical methods, 
making it suitable for processing large volumes of time series data [50]. 

The STL decomposition model is represented in an additive form as: 

Yt =Tt + St + Rt (25) 

where Yt represents the observed value, Tt denotes the trend component, 
St is the seasonal component, Rt is the residual component and the index 
t denotes time. This decomposition method utilizes Loess (locally 
weighted regression) to smooth and remove seasonal patterns at the 
periodic level, for extracting the trend curve [51]. Loess employs the 
bi-cubic formula shown in Eq.(26) as the weight function for the i-th 
observation. The Loess regression function is defined as follows: 

vi(t)=

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

[

1 −

(
|ti − t|
δγ(t)

)3
]3

for 0 ≤
|ti − t|
δγ(t)

≤ 1

0 for
|ti − t|
δγ(t)

≥ 1

(26) 

where vi(t) represents the weight of the i-th observation at time point t 
and δγ(t) denotes the distance from the farthest ti to the current t.

2.4. Swing-door algorithm (SDA)

The working principle of SDA is illustrated in Fig. 2. SDA selectively 
retains data points by moving a "gate" along the data sequence. This 
"gate" swings with the changes in the data, recording a data point only 
when it exceeds a predefined threshold. The process continues until non- 
overlapping upper and lower bounds for future data are reached, 
completing one iteration of the algorithm and achieving data compres
sion [40].

Let us assume the starting point of the SDA is S, with the measured 
data points and gate points connected by line segments. The line formed 
by the upper gate point U and the peak point B defines the upper bound, 
and the line connecting the lower gate point L to the measured data 
point D defines the lower bound. The segment connecting point D to the 
starting point S is identified as the compression segment, and point D 
becomes the starting point for the next compression iteration. The gate 
width ε is the only adjustable parameter, directly influencing the 
sensitivity to data fluctuations. The termination condition for the iter
ation is expressed as follows: 

kUB ≥ kLD (27) 

kUB =
PB − (PS + ε)

tB − tS
(28) 

kLD =
PD − (PS − ε)

tD − tS
(29) 

where kUB and kLD represent the slopes of the upper and lower bounds, 
respectively; PS is the wind power value at the starting point S and tS is 
the time at the starting point S. Similarly, PD and tD denote the power 
value and time of the connecting point D whereas PB and tB correspond 
to the power value and time of the peak point B.

2.5. Evaluation metrics

To evaluate the performance of the proposed wind power prediction 
model, various error metrics have been employed: Root Mean Square 
Error (RMSE), Mean Absolute Error (MAE), Coefficient of Determination 
(R2)and Mean Absolute Percentage Error (MAPE). 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(yi − xi)

2

√

(30) 

MAPE=
∑n

i=1

⃒
⃒
⃒
⃒
yi − xi

yi

⃒
⃒
⃒
⃒×

100
n

(31) 

Table 2 
Evaluation Metrics of the enhanced Transformer Model.

Dataset MAE RMSE MAPE R2

F1_1 2.044 2.930 0.727 0.912
F1_2 2.695 3.636 1.011 0.908
F1_3 1.531 6.975 3.100 0.964
F1_4 3.108 6.312 1.369 0.929
F1_5 1.069 7.863 2.889 0.917
F2_1 4.433 5.726 0.458 0.948
F2_2 2.479 3.353 1.613 0.932
F2_3 2.965 4.462 0.282 0.942
F2_4 4.679 5.535 0.158 0.904
F2_5 2.812 4.186 2.237 0.949
F3_1 1.666 2.224 1.980 0.965
F3_2 2.297 2.827 0.366 0.934
F3_3 2.108 2.457 0.956 0.965
F3_4 3.157 3.572 0.967 0.926
F3_5 1.604 2.273 0.821 0.951
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R2 =1 −

∑n

t=1
|yt − ŷt |

∑n

t=1
|yt − yt |

(32) 

MAE=
1
n
∑n

i=1
|yi − xi| (33) 

where yi represents the actual output of the i-th training sample, xi is the 
predicted value of the i-th sample, xi is the mean of the observed samples 
yi is the mean of the simulated samples, and n is the total number of 

samples.
For the evaluation of the early warning system, through the PI in

terval [52], the adopted metrics are Prediction Interval Coverage 
Probability (PICP) and Prediction Interval Nominal Confidence (PINC). 

PINC=1 − P(N(t)> γ|Y(t)) (34) 

where N(t) represents the noise component, γ is the predefined threshold 
and Y(t) denotes the observed signal. 

Fig. 7. Comparison of the Model Before and After Enhancement by the Spectrum and Dynamic blocks.
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PICP=
1
N

∑N

i=1
ai (35) 

where, N represents the number of test data samples, and ai is a binary 
value defined by the following formula: 

ai =

⎧
⎪⎨

⎪⎩

1, yi ∈
[
yi,l, yi,u

]

0, yi ∕∈
[
yi,l, yi,u

] (36) 

In Equation (36), yi is the value of the test sample i, while yi,l and yi,u 
represent the estimated upper and lower bounds, respectively.

2.6. Proposed monitoring model

The modeling process of the designed spectrum-based dynamic ag
gregation Transformer for prediction and fitting in the rotary gate 
monitoring model is illustrated in Fig. 3. The main steps are as follows: 

Step 1: Initialize the Transformer model parameters, spectrum block 
parameters, and the number of proxy tokens in the dynamic aggre
gation block.
Step 2: Preprocess the raw time series data, including normalization 
to scale the data to the range [0,1], and split it into training, vali
dation, and test sets in appropriate proportions.
Step 3: Apply Discrete Cosine Transform (DCT) to the data for feature 
extraction, converting time-domain data into frequency-domain data 
to extract frequency components.
Step 4: Input the extracted frequency features into the spectrum 
block for further processing. Utilize the attention mechanism within 
the spectrum block for compression and weight adjustment.
Step 5: Utilize the dynamic aggregation block, where proxy tokens 
act as queries (Q) to aggregate information from keys (K) and values 
(V) and broadcast it to the query tokens.
Step 6: Input the features extracted by the spectrum block and the 
dynamically weighted features from the dynamic aggregation block 
into the Transformer encoder. Use the multi-head attention mecha
nism for deep encoding of the input features, further extracting 
temporal dependencies.
Step 7: Pass the high-level features output by the Transformer 
encoder to the Transformer decoder, which generates the final pre
diction results.

Step 8: Use the MI method to quantify the nonlinear dependencies 
between input features and wind power output, identifying key 
variables.
Step 9: Apply STL decomposition to the selected key features to 
separate different frequency components.
Step 10: Use the relationship between the decomposed features and 
wind power to perform fitting with a random forest model, and set 
early warning thresholds based on the results.
Step 11: Identify ramp events using the SDA algorithm, detect and 
issue warning signals, achieving dual early warning functionality.

3. Case study

3.1. Data set partitioning and processing

The dataset encompasses data collected from three wind turbines, 
each with a capacity of 4.8 MW, located in the China Fujian region. 
Measurements were recorded at 15-min intervals, including wind power 
output, wind speed, wind direction, cloud coverage, temperature, hu
midity and atmospheric pressure. Given the turbine hub height consid
erations, wind speed and direction were measured at both 10m and 
100m elevations. The data collection period spans from January 3, 
2022, to April 30, 2023. Wind energy-related parameters exhibit pro
nounced seasonal characteristics, and the intensity of fluctuations varies 
significantly across different seasons. Ignoring these season-specific 
patterns of change may result in substantial prediction errors in the 
model during specific times of the year. Meanwhile, in the operation and 
maintenance of actual wind farms, seasonal modeling can more effec
tively align with the temporal planning of grid scheduling and turbine 
maintenance. By taking into account the modeling characteristics and 
generalization performance of models across different seasons, this 
paper partitions the entire dataset into five quarterly subsets in chro
nological order. Fig. 4 illustrates the fluctuation trends observed in the 
raw data from all three turbines.

Only the raw data trends from Turbine No. 1 are presented here, 
additional data are provided in the Appendix. The turbines are desig
nated as F1, F2 and F3, corresponding to Turbines No. 1, 2,and 3, 
respectively, to facilitate problem and results presentation. Although all 
three turbines are situated within the same geographic region, their 
parameter data exhibit marked variations among them. These variations 
serve as indication of the operational characteristics under diverse 
meteorological conditions in the wind farms where they are located and 
directly influence wind power generation. In this study, the model is 

Fig. 8. MI analysis results.
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globally constructed to avoid the introduction of noise arising from 
differences in turbine characteristics during sub-turbine modeling, 
thereby enhancing the overall generalization capability of the model. At 
the same time, the adoption of single-turbine modeling significantly 
enhances the efficiency and precision of grid scheduling operations, 

wind turbine maintenance, and advanced warning systems. Preliminary 
data preprocessing was needed to optimize the model’s predictive ca
pabilities. The dataset was partitioned into training, validation and 
testing sets with a ratio of 7:2:1. To eliminate dimensional in
consistencies that could impact model predictions, all data values were 

Fig. 9. STL decomposition models.
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normalized and scaled to the range of [0,1] as follows: 

xʹ=
x − xmin

xmax − xmin
(37) 

where x represents the original sequence, x́  denotes the normalized 
sequence, xmax and xmin represent the maximum and minimum values of 
the sequence, respectively.

To obtain the actual wind power sequence, the wind power data 
must be denormalized to produce the final wind power sequence. 

ŷ =(ymax − ymin)× ŷʹ
+ ymin (38) 

ŷʹ represents the normalized wind power prediction sequence in the test 
set; ŷ represents the wind power prediction sequence in the test set after 
denormalization; ymax and ymin represent the maximum and minimum 
values of the wind power sequence in the training set, respectively.

3.2. Offshore wind power prediction

3.2.1. Prediction based on the transformer base model
To validate the feasibility of the proposed methodology, several 

baseline models were selected for preliminary analysis. The comparative 
study was conducted by developing eight models: BP, LSTM, Bi-LSTM, 
ELM, SVR, RBF, GRU and Transformer. These models were indepen
dently applied to predict the wind power output of F1, F2 and F3. The 
datasets were partitioned according to the previously established ratio 

to ensure prediction accuracy. The performance of each model was 
systematically evaluated through multiple metrics, including MAE, 
RMSE, MAPE and R2, these metrics were employed to comprehensively 
assess the predictive capabilities of the respective models (See Table 1).

Based on the performance metrics for F1(The F2 and F3 datasets are 
shown in the Appendix), the Transformer model demonstrates superior 
performance in key indicators including MAE, RMSE, and R2. This is 
particularly evidenced in F1_1, F1_4 and F1_5 (where the notation F1_2 
denotes Turbine 1 in the second quarter), exhibiting minimal errors and 
optimal fitting capabilities. SVR and LSTM models are ranked second in 
performance, maintaining consistent reliability across quarters, with 
notably exceptional results in F1_3, where R2 values are improved by 
approximately 5–10 %. The Bi-LSTM model also exhibits commendable 
performance in RMSE and MAPE metrics. In contrast, ELM and RBF 
models are characterized by comparatively higher error rates and sub
optimal fitting performance, particularly evident in F1_2 and F1_3, 
where MAE and MAPE increase by over 20 %, accompanied by signifi
cant R2 degradation. Whereas the GRU model maintains relatively stable 
performance overall, a slight increase in error rates is observed in F1_2. 
In conclusion, the Transformer model consistently outperforms other 
models across all quarters, followed closely by SVR and LSTM.

To further illustrate the performance difference among models 
across different seasons, radar charts and box plots are shown in Ap
pendix for multidimensional analysis of key reference metrics, as well as 
the parameter settings for the base models.

Fig. 9. (continued).
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The analysis of its performance metrics across its baseline models 
reveals the Transformer’s superior performance across most datasets, 
particularly with respect to MAE, RMSE, and R2 metrics, demonstrating 
robust predictive capabilities in handling high-dimensional, complex 
wind power forecasting tasks. Notable limitations were observed in 
MAPE performance for specific datasets, particularly during F1_3 and 
F1_5 quarters, indicating seasonal vulnerability to extreme data pat
terns. SVR, LSTM and Bi-LSTM models have demonstrated commend
able stability, achieving low MAE, RMSE and high R2 values across 

Fig. 10. Decomposed wind speed trends and wind power.

Table 3 
Degree of overlap.

Dataset Overlap Dataset Overlap Dataset Overlap

F1_1 0.903 F2_1 0.891 F3_1 0.901
F1_2 0.869 F2_2 0.889 F3_2 0.830
F1_3 0.873 F2_3 0.865 F3_3 0.917
F1_4 0.925 F2_4 0.923 F3_4 0.914
F1_5 0.858 F2_5 0.903 F3_5 0.867
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Fig. 11. RF chart.
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multiple datasets. BP performed similarly to GRU, showing moderate 
overall performance with acceptable fitting in some instances but sub
stantial MAE and RMSE errors. ELM and RBF models consistently 
underperformed, exhibiting significant prediction errors and poor fitting 
capabilities, particularly evident in MAE and RMSE metrics.

Prediction curves comparing baseline models output predictions 
against actual values are presented in Fig. 5.

The comparative analysis of predicted versus actual wind power 
curves across a specific quarter (exclusively showing F1 turbine’s 
baseline models, with other turbine data available in the Appendix) 
reveals substantial deviations between all baseline models and the 
actual values (depicted by the red curve). These discrepancies become 
increasingly pronounced in the latter half of the timeline, highlighting 
particular challenges in long-term prediction capabilities. The magnified 
sections provide detailed focus on model predictions during specific 
time intervals, clearly demonstrating the baseline models’ inferior ac
curacy. These limitations are particularly evident during sudden fluc
tuations, where prediction deviations become notably pronounced due 
to model sensitivity issues. None of the aforementioned baseline models 
demonstrate substantially good in wind power prediction accuracy.

To highlight the good performance of Transformer as the base model 
for prediction, its visualization is presented in Fig. 6.

The Transformer model’s predictions slow proof overlap with the 
actual values across various time intervals demonstrating relatively ac
curate tracking of rapid fluctuations in both ascending and descending 
trends, whereas the other models are considered to exhibit notable lag or 
fail to capture peak values.

Indeed, although predictions closely approximate actual values 
across most time periods, some limitations are observed also for the 
Transformer model in handling sudden anomalies.

The superior performance of the Transformer model primarily stems 
from its self-attention mechanism, which simultaneously captures 
feature information across all time steps in the input sequence, enabling 
more flexible feature extraction. Furthermore, the model’s multi-head 
attention mechanism enables multi-perspective focus on key features 
within input data, enhancing long-term information retention capabil
ities. These characteristics enable the Transformer to effectively 
enhance prediction accuracy when processing complex time-series data 
for wind power forecasting, demonstrating robust adaptability and 
reliability. Consequently, the Transformer has been selected as the 
foundation for subsequent wind power prediction model development.

3.2.2. Prediction access after incorporating spectral and dynamic 
aggregation blocks into the transformer model

The Transformer model architecture is enhanced by incorporating 
spectral blocks and dynamic aggregation block attention mechanisms, 
for improving model reference stability.

DCT is applied to input data for frequency domain analysis of tem
poral features, enabling enhanced extraction of periodic patterns and 
long-term dependencies within time-series data. This transformation 
facilitates improved comprehension of frequency components, particu
larly crucial for wind power data interpretation.

The integration of attention mechanisms, specifically dynamic ag
gregation blocks, enables interactive feature processing through 
weighted attention to significant feature combinations. In multi-feature 
inputs, relationships between individual features potentially influence 

final output results. The dynamic aggregation blocks assign varied 
weights to these feature dependencies, facilitating optimal information 
integration across features.

The enhanced architecture is designed to address the base Trans
former’s limitations while maintaining its fundamental advantages in 
temporal sequence processing. The evaluation metrics for the 
Transformer-based model indeed seem to improve with the addition of a 
dual-attention mechanism as reported in Table 2.

The reference metrics demonstrate notably low prediction errors, 
with the consistently high R2 values reflecting the model’s robust fitting 
capabilities. For a clear comparison of the model’s improvement post- 
enhancement, the performance metrics of the base Transformer and 
the enhanced model with the additional spectrum and dynamic blocks 
are visually compared in Appendix.

In order to clearly demonstrate the superiority of the improved 
model predictions, the Informer and FEDformer models are introduced 
for comparison, with their corresponding parameter settings provided in 
the Appendix, as specifically illustrated in Fig. 7.

It is evident from the figure that, apart from the improved Trans
former model proposed in this study (blue curve), the other enhanced 
models exhibit substantial deviations when fitting the actual values (red 
curve), particularly in regions with rapid data fluctuations. In contrast, 
the model proposed in this study exhibits superior fitting capability in 
response to drastic changes and more precisely captures the oscillatory 
trend of actual values, thereby validating its predictive accuracy and 
stability in complex dynamic scenarios.

The integration of spectral blocks and dynamic aggregation blocks 
enables more refined feature interpretation, resulting in enhanced pre
diction accuracy. The spectral blocks facilitate feature extraction in the 
frequency domain, whereas the dynamic aggregation blocks identify the 
most representative components among all features, ensuring the 
model’s access to comprehensive temporal and frequency information. 
This dual mechanism significantly enhances the model’s predictive ca
pabilities. The enhanced model demonstrates, superior capability in 
capturing local details, improved processing of complex temporal vari
ations, enhanced performance in handling high volatility and uncer
tainty inherent in wind power generation.

3.3. Correlation between relevant features and wind power

3.3.1. Correlation analysis using MI method
To investigate the influence of different factors on wind power, MI 

analysis has been employed to evaluate feature correlation for turbines 
F1, F2 and F3. The mutual information method objectively quantifies 
arbitrary nonlinear correlations between variables, thereby avoiding 
subjective empirical biases. By providing precise inputs for subsequent 
warning systems, it effectively reduces computational complexity [53,
54] and significantly enhances the timeliness of responses. The results 
are illustrated in Fig. 8.

The Figures illustrate the MI between wind power features across all 
three turbines. Average wind speed measurements at 100 m height have 
consistently high MI values across all three turbines, highlighting its 
reference to wind power prediction. In contrast, other features such as 
relative humidity and precipitation have notably lower MI values, 
indicating their relatively minor contribution to wind power prediction.

Given the importance of 100 m wind speed measurements across all 

Table 4 
Interval coverage probability.

Dataset PICP1 PICP2 Dataset PICP1 PICP2 Dataset PICP1 PICP2

F1_1 93.32 % 92.79 % F2_1 94.19 % 94.48 % F3_1 94.49 % 94.81 %
F1_2 93.32 % 92.67 % F2_2 93.82 % 93.70 % F3_2 94.17 % 93.95 %
F1_3 93.07 % 93.75 % F2_3 93.51 % 93.68 % F3_3 93.41 % 93.58 %
F1_4 94.16 % 94.25 % F2_4 94.37 % 93.75 % F3_4 94.32 % 93.85 %
F1_5 94.39 % 94.14 % F2_5 93.96 % 94.41 % F3_5 93.41 % 93.44 %
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three turbines, this feature has been selected for subsequent detailed 
decomposition and analysis.

3.3.2. STL decomposition
With reference to the key feature of wind speed at 100 m height, 

Seasonal and Trend decomposition using Loess (STL)has been reformed 
to decompose data across different quarters for each turbine, the results 

are known in Fig. 9.
Four distinct curves illustrate the decomposition of wind speed data, 

original wind speed data, wind speed trend curve, seasonal trend curve, 
residual curve. The STL decomposition effectively handles non-linear 
relationships by extracting trends and seasonal components, process
ing diverse seasonal patterns and clearly separating distinct components 
of wind speed data. The trend component shows the long-term wind 

Fig. 12. RF advanced warning.
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speed variations, the seasonal component demonstrates cyclical pat
terns, the residual component reflects unexplained random fluctuations. 
This comprehensive decomposition establishes a robust foundation for 
subsequent analysis, enabling through understanding of wind speed 
behavior patterns and their temporal variations.

By comparing the decomposed wind speed trend curves with the 
variations in the original wind power data, the correlation between the 
changes is validated. The comparison results are shown in Fig. 10.

From a comprehensive perspective, the wind speed patterns (depic
ted by the orange curve) exhibit a strong correlation with wind power 
output (illustrated by the blue curve) across most temporal intervals. 

This correlation is particularly pronounced during peak and trough 
periods, where wind speed fluctuations accurately reflect corresponding 
changes in wind power generation. As wind velocities increase, there is a 
proportional rise in power output; conversely, declining wind speeds 
result in diminished power generation. This synchronicity demonstrates 
the fundamental physical relationship between wind velocity and power 
production, wherein greater wind speeds enable wind turbines to 
generate progressively higher power outputs.

To provide a more intuitive and accurate assessment of the overlap 
between wind speed variation curves and wind power output, the 
overlap statistics for wind speed decomposition curves and wind power 

Fig. 13. SDA advanced warning.
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across different seasons were compiled. The detailed results are pre
sented in Table 3.

From the tabulated results, it can be seen that there is a robust cor
relation between wind speed patterns and power output throughout 
most temporal intervals, with particularly pronounced synchronization 
during peak and trough periods.This synchronicity exemplifies the un
derlying physical relationship between wind velocity and power gen
eration, where ascending wind speeds consistently correspond with 
enhanced power output, whereas decreasing velocities result in pro
portional power reduction. The coherence coefficients across turbines, 
consistently exceeding 0.86 and predominantly approaching or sur
passing 0.90, further substantiate the strong interdependence between 
wind speed trends and power fluctuations.

3.4. Multi-source data advanced warning

The multi-source early warning system proposed integrates the 
strengths of Random Forest and SDA, facilitating synchronized anomaly 
detection through both wind velocity and power output dimensions. 
Random Forest algorithms model wind-power relationships to monitor 
long-term trend anomalies, effectively identifying power deviations 
caused by environmental fluctuations. Simultaneously, SDA conducts 
direct power output analysis, precisely capturing abrupt ramp events 
within short intervals, such as those triggered by extreme weather 
conditions or equipment malfunctions. At the same time, according to 
the prediction error performance of the spectrum dynamic aggregation 
Transformer model under different datasets, an organic linkage with the 
early warning mechanism is established. This dual-alert mechanism, 
combining external and internal factor analysis, comprehensively en
hances the accuracy and reliability of wind power anomaly detection.

3.4.1. RF advanced warning
The previous analysis reveals that variations in wind power are 

closely correlated with changes in 100 m wind speed. Thus, monitoring 
wind speed fluctuations can effectively assess the state of wind power 
variations.

The relationship between wind velocity and power output exhibits 
nonlinear characteristics, with complex interactions and inherent vari
ability. To effectively address these irregular patterns, Random Forest 
regression models generate power output predictions with 95 % confi
dence intervals establishing alert thresholds. The average prediction 
accuracy is computed based on the historical prediction accuracies of 
individual wind turbines and serves as a benchmark for dynamic 
threshold partitioning. When the prediction accuracy is high, the width 

of the confidence interval is moderately expanded to reduce false alarms 
arising from normal fluctuations. In contrast, when prediction accuracy 
is lower and data volatility is higher, the confidence interval is tightened 
to enhance warning sensitivity and to avoid underreporting of poten
tially anomalous events. The calibration process results in a new alarm 
threshold, which is determined using the following formula: 

AlarmZone=Base Alarm Zone× α ×
( (

R2 − ΔR2)+ 1
)

(39) 

where α is the adjustment factor, and ΔR2 represents the average pre
diction accuracy across all turbines.

Deviations beyond these intervals trigger anomaly alerts. The 
resultant step-wise power curves effectively capture localized variation 
trends while minimizing discrepancies. The fitted curves for individual 
turbines across quarterly intervals demonstrate the seasonal adapt
ability of this modeling approach, as illustrated in Fig. 11.

Fig. 11 demonstrates the Random Forest power output modeling 
efficacy, with actual power values predominantly contained within the 
confidence intervals (depicted by shaded regions). The Random Forest 
fitting curve (red line) illustrates segmented modeling across wind speed 
intervals, exhibiting incremental power increases with rising wind ve
locities rather than continuous smooth progression.

As depicted in the figure, the light red region (95 % confidence in
terval) represents the default range of predictive uncertainty generated 
by the model, without accounting for variations in predictive accuracy. 
The light blue region (calibrated warning intervals) has been dynami
cally adjusted by modifying the warning thresholds based on prediction 
accuracy, thereby enhancing the flexibility of the warning intervals. 
Although the uncalibrated region can cover most actual observations, 
some data points still fall outside the interval. The calibrated region 
further refines the warning thresholds, enabling a greater proportion of 
actual observations to fall within the intervals while minimizing un
necessary warning triggers.

The model’s fitting accuracy can be quantified using the Prediction 
Interval Coverage Probability (PICP), which measures the proportion of 
actual power output data points falling within a specified confidence 
interval. A higher proportion of data points within the confidence in
terval indicates greater model reliability. Table 4 presents the calculated 
coverage probabilities for different wind speed intervals before and after 
calibration.

The calibrated threshold intervals differ from the original threshold 
intervals, suggesting that joint calibration has a significant impact on 
advanced warning. The PICP values exceed 93 % across all turbines, 
demonstrating model stability and reliability across diverse operational 

Fig. 14. Spearman coefficient comparison chart.
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periods. The minimal variation in coverage probabilities among tur
bines, with PICP values concentrated between 93 % and 94.5 %, in
dicates consistent fitting performance.

Anomalous events exceeding the confidence interval are flagged for 
early warning, and periods with a high frequency of anomalies within a 
specific timeframe are also highlighted, as shown in Fig. 12.

The red vertical lines indicating alert events predominantly coincide 
with significant power output fluctuations, signifying substantial de
viations between actual and fitted values. These alerts may arise from 
asynchronous relationships between wind speed and power output 

variations, potentially influenced by generator performance constraints, 
such as rated power limitations or diminished power growth beyond 
certain wind speed thresholds. Excursions beyond confidence intervals 
may also indicate meteorological anomalies (sudden wind shifts or 
extreme weather events) deviating from modeled baseline conditions. 
Each alert warrants contextual analysis and specific operational 
investigation.

3.4.2. SDA advanced warning
In wind power forecasting and anomaly detection, ramp events 

Fig. 15. Multi-source data warning model.
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constitute critical phenomena characterized by rapid, substantial power 
output fluctuations within brief intervals. These events significantly 
impact operational management and grid stability, necessitating prompt 
detection and warning systems. SDA has been implemented to effec
tively identify and alert these abrupt, high-magnitude power variations 
within compressed timeframes.

SDA is capable of detecting rapid temporal variations (slope changes) 
without requiring prior assumptions about data distribution or patterns, 
demonstrating remarkable adaptability to complex time series data. 
Prediction accuracy is similarly incorporated as an adjustment factor for 
threshold width. For turbine operation periods characterized by large 
prediction errors and high uncertainty, the SDA threshold value is 
moderately increased to filter out noise interference and prevent the 
frequent triggering of invalid alarms. In contrast, during phases of 
enhanced predictive stability, the threshold value is reduced to enable 
the system to more sensitively capture steep changes in the power curve, 
thereby improving the identification of abrupt events. The calibration 
process generates a new threshold warning parameter, which is deter
mined using the following equation: 

δi = δbase × b ×
(
1+

(
R2 − ΔR2)) (40) 

where δ represents the threshold width, and b denotes the adjustment 
factor. ΔR2 represents the average of the prediction accuracies for all 
turbines. For turbines exhibiting low prediction accuracy, the SDA 
threshold is expanded to filter out noise perturbations, while the 
warning threshold is reduced to enable more accurate warning capture.

The algorithm monitors local gradient variations with high sensi
tivity and real-time capability, enabling prompt ramp event detection. 
Fig. 13 illustrates anomalous events detected by SDA over a temporal 
sequence.

The SDA alert visualization displays power output variations repre
sented by the blue curve, with red vertical dashed lines marking trig
gered ramp event instances. Each alert coincides with critical power 
transition points, signifying significant wind velocity fluctuations’ 
impact on power generation. These abrupt transitions potentially indi
cate equipment stress or grid stability risks, warranting heightened 
operational vigilance.

To provide a more comprehensive evaluation, we incorporated the 
Spearman correlation coefficient to quantify the temporal similarity of 
warning events. In this study, we systematically analyzed the timing of 
warning events obtained using the RF and SDA methods. Specifically, we 
calculated the time difference between the SDA-derived warnings and 
the RF-derived warnings and identified the optimal temporal alignment 
between the two systems based on the Spearman correlation coefficient. 
This approach allowed us to assess the temporal consistency between the 
RF warning system and the SDA warning system. Fig. 14 presents a 
quantitative visualization of the overlap between the two warning times, 
as assessed using the Spearman system.

The evaluation of Spearman’s rank correlation coefficients indicates 
that the consistency across different turbines exhibits a high degree of 
correlation, with correlation coefficients exceeding 0.87 for all turbines. 
This demonstrates that the warning times of the two warning systems, 
namely RF and SDA, exhibit a good match and high consistency across 
different turbines. Higher consistency coefficients indicate that the 
temporal difference between predictions of the two advanced warning 
systems is minimal and their correlation is strong, thereby supporting 
the effective synergy of the two systems within the wind turbine 
advanced warning framework.

3.4.3. Multi-Source Data Warning Model
The integration of dual detection mechanisms on the power output 

curve, as illustrated in Fig. 15, demonstrates that singular model 
implementation proves insufficient for comprehensive anomaly detec
tion. The synthesized approach combines Random Forest alerts with 
SDA detection events, providing exhaustive coverage of power output 

anomalies. This consolidated visualization superimposes both alert 
types onto the power generation curve, enabling comprehensive moni
toring of distinct anomaly patterns.

As shown in Fig. 15, Random Forest alerts (red dashed lines) high
light deviations between actual and predicted power outputs, triggering 
when values exceed confidence intervals and primarily detecting 
anomalies in long-term trends such as equipment malfunctions or tur
bine performance degradation. SDA alerts (blue dashed lines) focus on 
identifying severe gradient changes, specifically targeting rapid power 
fluctuations within brief intervals, particularly effective for capturing 
wind-speed-induced ramp events. Regions where both RF and SDA alerts 
are triggered simultaneously (dual alerts) indicate critically severe 
anomalies or equipment instability that warrant immediate attention.

In the end, the integrated alert system, combining Random Forest 
modeling and SDA, enables comprehensive anomaly monitoring in wind 
power generation. Random Forest detects deviations from predicted 
values, specializing in long-term power anomaly surveillance, SDA 
identifies rapid power fluctuations, particularly ramp events. Mean
while, the aforementioned research design fully encompasses the core 
content of analogous ablation experiments and substantiates the sub
stantial improvement of the dual warning mechanism over a single 
mechanism in terms of warning accuracy and robustness from the 
perspective of multi-source data fusion.

4. Conclusion

The Transformer prediction model incorporating spectral dynamic 
aggregation and rotary gating mechanisms is capable of addressing 
limitations of traditional forecasting models, which typically capture 
general power output trends while lacking sensitivity to abrupt changes. 
The proposed enhanced modeling framework allows comprehensive 
monitoring capabilities of simultaneously tracking power fluctuation 
patterns while enabling rapid response to sudden events through inte
grated surveillance mechanisms.

The proposed Transformer model has been demonstrated superior 
across MAE, RMSE, MAPE, and R2 metrics when benchmarked against 
BP, LSTM, Bi-LSTM, ELM, SVR, RBF and GRU model architectures. 
Incorporating spectral blocks specifically designed for oscillatory 
offshore wind data characteristics, the enhanced Transformer frame
work mitigates analytical instabilities inherent in conventional models. 
The integration of dynamic aggregation modules enables the detections 
of rapid mutation while effectively minimizing latency phenomena.

Analysis of cross-correlation information metrics across various 
offshore turbines reveals strong correlation between the values of 100 m 
wind velocity and power output. Furthermore, seasonal trend-residual 
decomposition of 100 m wind speeds demonstrates high correlation 
between decomposed velocity trends and power output patterns. 
Consequently, 100 m wind velocity has been identified as the critical 
parameter for the power output alert system.

Thirdly, in the study of a multi-source data warning system based on 
a fitted swing-gate algorithm, the first tier of warnings involves 
analyzing various trend curves obtained from the decomposition of 100 
m wind speed data. The random forest method was employed to fit the 
wind power curve, and the accuracy index of the joint prediction model 
was calibrated to determine the warning threshold range. The RF alert is 
triggered when the spectral dynamics aggregation Transformer model 
predicts a wind power value exceeding the specified range. The second 
layer of warnings employs a swing-gate algorithm to assess whether the 
predicted wind power indicates slope events, while simultaneously co- 
calibrating the threshold. If a slope event is detected, a slope alert is 
triggered. The results of the study demonstrate that the multi-source 
data early warning system synergistically identifies anomalies from 
both wind speed and wind power perspectives. By integrating a dual- 
warning mechanism that accounts for both external and internal fac
tors, it provides timely warning information, thereby effectively sup
porting the objective of achieving a flexible and reliable energy supply.
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5. Discussion

The wind power prediction model proposed in this study, which 
integrates multi-source data fusion, spectral blocks, and a dynamic ag
gregation mechanism, exhibits excellent prediction performance under 
routine operating conditions. Furthermore, by incorporating random 
forest and SDA algorithms, the model establishes a robust advanced 
warning mechanism. However, under extreme weather or low wind 
speed conditions, where wind power output tends toward zero, the 
model’s performance is constrained by the physical operating mecha
nisms of the wind turbine and is not attributable solely to modeling 
errors. There remains a scarcity of sufficient field data for conducting a 
comprehensive evaluation of model performance across various extreme 
meteorological environments. The adaptability of the model under 
extreme conditions is anticipated to further improve with subsequent 
data accumulation.

One of the primary objectives of the "prediction–early warning" 
linkage mechanism proposed in this study is to enhance the operational 
reliability of wind power systems. A comprehensive management 
framework can be conceptualized as comprising three sequential com
ponents: "prediction," "early warning," and "reliability." The high- 
precision spectral dynamic aggregation Transformer model developed 
in this work provides an accurate forecast of future wind power output, 
which directly and significantly influences the outcomes of reliability 
assessments.

Furthermore, the dual early warning mechanism—integrating 
Random Forest for detecting trend anomalies and SDA for identifying 
ramp events—enables timely detection of deviations from normal 
operational behavior. By converting the outputs of the "prediction–early 
warning" process into dynamic and quantifiable reliability metrics, the 
framework facilitates both the identification of system vulnerabilities 
and the enhancement of overall system reliability. This enables a fully 
integrated closed-loop workflow, progressing from "state awareness " to 
"risk identification," and ultimately to "decision support."

In addition, the issue of data fusion and alignment among multiple 
wind turbines plays a crucial role in power planning at the wind farm 
level. This study focuses on the independent modeling and warning 
analysis of three wind turbines, with the aim of verifying the general
ization capability of the proposed spectral dynamic aggregation model 
across different units. If it is extended to power planning scenarios, 
further exploration of effective pathways for collaborative modeling 
among multiple units will be required.

To address these limitations, future research may prioritize the 
following directions: 

(1) Integration of physical mechanisms and data-driven modeling: By 
incorporating turbine operational parameters, leveraging zonal 
modeling, and employing integrated learning strategies, this 
approach aims to enhance the predictive stability and risk iden
tification capability of the model in extreme wind speed intervals.

(2) Enhanced generalization capability for extreme conditions: 
Extending the training set by leveraging physical priors and 
synthetic data, Optimize the adaptability and robustness of the 
model for atypical wind speed-power relationships.

(3) Constructing a unified spatiotemporal framework and optimizing 
a collaborative Multi-Turbine modeling structure: A unified 
spatiotemporal coordinate system is established while preserving 
the individual differences among wind turbines, and data align
ment is accomplished through sliding-window, interpolation, and 
normalization strategies. Simultaneously, a turbine embedding 
vector is introduced to design a shared-parameter structure, 
which captures individual operational characteristics while 
extracting group patterns across units, thereby supporting the 
regional-level wind power prediction task.

(4) Development of a collaborative Multi-Wind turbine advanced 
warning and risk linkage mechanism: Introduction of cross-wind 

turbine event resonance discrimination rules, establishment of a 
group anomaly detection system, and realization of collaborative 
advanced warning and risk response among multiple units, 
thereby enhancing the dispatching efficiency of wind farms and 
ensuring the safe operation of the power system.
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[28] González-Sopeña J M, Pakrashi V, Ghosh B. An overview of performance 
evaluation metrics for short-term statistical wind power forecasting. Renew Sustain 
Energy Rev 2021;138:110515.

[29] Bentsen L Ø, Warakagoda N D, Stenbro R, et al. Spatio-temporal wind speed 
forecasting using graph networks and novel transformer architectures. Appl Energy 
2023;333:120565.

[30] Li S, Jin X, Xuan Y, et al. Enhancing the locality and breaking the memory 
bottleneck of transformer on time series forecasting. Adv Neural Inf Process Syst 
2019;32.

[31] Zhou H, Zhang S, Peng J, et al. Informer: beyond efficient transformer for long 
sequence time-series forecasting[C]. In: Proceedings of the AAAI conference on 
artificial intelligence, vol. 35; 2021. p. 11106–15. 12.

[32] Kitaev N, Kaiser Ł, Levskaya A. Reformer: the efficient transformer [C]. In: 
International conference on learning representations; 2020.

[33] Wu H, Xu J, Wang J, et al. Autoformer: decomposition transformers with auto- 
correlation for long-term series forecasting. Adv Neural Inf Process Syst 2021;34: 
22419–30.

[34] Liu S, Yu H, Liao C, et al. Pyraformer: low-complexity pyramidal attention for long- 
range time series modeling and forecasting [C]. International conference on 
learning representations. 2022.

[35] Xiao Y, Wu S, He C, et al. An effective hybrid wind power forecasting model based 
on" decomposition-reconstruction-ensemble" strategy and wind resource matching. 
Sustain Energy, Grids and Networks 2024;38:101293.

[36] Valcamonico D, Baraldi P, Amigoni F, et al. A framework based on natural 
language processing and machine learning for the classification of the severity of 
road accidents from reports. Proc Inst Mech Eng O J Risk Reliab 2024;238(5): 
957–71.

[37] Niu Z, Yu Z, Tang W, et al. Wind power forecasting using attention-based gated 
recurrent unit network. Energy 2020;196:117081.

[38] Zhu Z, Zheng Q, Liu H, et al. Prediction model for pipeline pitting corrosion based 
on multiple feature selection and residual correction. J Mar Sci Appl 2025;24(4): 
805–15.

[39] Zhang S, Chen Y, Xiao J, et al. Hybrid wind speed forecasting model based on 
multivariate data secondary decomposition approach and deep learning algorithm 
with attention mechanism. Renew Energy 2021;174:688–704.

[40] Shao Z, Han J, Zhao W, et al. Hybrid model for short-term wind power forecasting 
based on singular spectrum analysis and a temporal convolutional attention 
network with an adaptive receptive field. Energy Convers Manag 2022;269: 
116138.

[41] Chen J, Fu X, Zhang L, et al. A novel offshore wind power prediction model based 
on TCN-DANet-sparse transformer and considering spatio-temporal coupling in 
multiple wind farms. Energy 2024;308:132899.

[42] Dong Z, Zhao Y, Wang A, et al. Wind-mambaformer: ultra-short-term wind turbine 
power forecasting based on advanced transformer and mamba models. Energies 
2025;18(5).

[43] Wang S, Shi J, Yang W, et al. High and low frequency wind power prediction based 
on transformer and BiGRU-Attention. Energy 2024;288:129753.

[44] Zhang Z, Sun Z, Guo X, et al. Short-term multi-step wind power prediction model 
based on Pt-Transformer neural network integrating spatio-temporal feature and 
sparse attention. Elec Power Syst Res 2025;248:111970.

[45] Li W, Yang T, Yang J, et al. Predicting ultra-short-term wind power combinations 
under extreme weather conditions. IEEE Access 2025;13:26575.

[46] Yu G Z, Lu L, Tang B, et al. Ultra-short-term wind power subsection forecasting 
method based on extreme weather. IEEE Trans Power Syst 2022;38(6):5045–56.

[47] Vaswani A, Shazeer N, Parmar N, et al. Attention is all you need. Adv Neural Inf 
Process Syst 2017:30.

[48] Amiri F, Yousefi M M R, Lucas C, et al. Mutual information-based feature selection 
for intrusion detection systems. J Netw Comput Appl 2011;34(4):1184–99.

[49] Chang K, Kim S, Chang D, et al. Uncertainty analysis for target SIL determination in 
the offshore industry. J Loss Prev Process Ind 2015;34:151–62.
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