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Abstract

Accurate forecasting of wind power is essential for maintaining the stability and efficiency of power
networks as renewable energy sources become more integrated. This study proposes a multilevel
spatial-temporal graph convolution network (MLAGCN) for wind power forecasting. The framework
combines a multilevel adaptive graph convolution (MLAGC) and a lightweight temporal transformer
(LWTT) to jointly model complex spatial-temporal relationships in wind power data. MLAGC is
constructed using three adaptive graphs: a local-aware graph, a global-aware graph, and a structure-
aware graph. These components form a flexible graph structure that effectively represents dynamic
spatial interactions while LWTT learns short- and long-term sequential patterns. Experiments on real
wind farm datasets demonstrated that the proposed model outperforms existing baselines. The model
achieved an improved prediction accuracy and generalization, as indicated by a lower score of 43.44,
mean absolute error (38.83), root mean square error (48.05) and a forecast loss of 0.22. These results
demonstrates the effectiveness of temporal modeling and multilevel attention-based adaptive graph
learning for high-resolution wind power forecasting.

Keywords: wind power forecasting; spatiotemporal modeling; adaptive graph convolution networks;
temporal transformer; attention mechanisms; renewable energy prediction; wind farm spatiotemporal
correlation

1. Introduction

The demand for precise wind power forecasting (WPF) has increased due to the growing em-
phasis on sustainable energy sources. The inherent unpredictability and fluctuation of wind energy
pose operational challenges for grid stability, energy dispatching, and cost efficiency as it becomes
increasingly integrated into global electrical systems. To balance power generation and consumption,
reduce dependency on reserve capabilities, and facilitate the effective integration of wind energy into
the power system, precise WPF is essential [1,2].

Wind power forecasting (WPF) research has utilized a range of modeling paradigms, including
statistical techniques, physics-based simulations, and, more recently, data-driven machine learning
(ML) and deep learning (DL) models. Traditional methods such as Kalman filters and autoregressive
integrated moving average (ARIMA) models achieved initial success in high-resolution, real-time
forecasting but exhibited limitations in scalability and reliability [3]. In recent years, ensemble learning
approaches and neural networks have gained prominence for their ability to model complex and
nonlinear temporal patterns [4].

Graph-based learning constitutes a significant advancement in modeling spatiotemporal depen-
dencies in wind power forecasting. The spatial distribution of wind farms necessitates models that can
encode inter-turbine correlations based on topological or physical proximity, a capability provided by
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graph neural networks (GNNSs) [5,6]. However, static graph architectures often fail to capture dynamic
dependencies, particularly under rapidly changing climatic conditions. This limitation has led to the
development of adaptive or attention-based graph construction algorithms that learn dynamic edge
weights to reflect temporal variations in inter-node influence [7].

Graph Convolutional Networks (GCNs) have been utilized in recent studies for wind forecasting.
Liu et al. [8] introduced a spatiotemporal GCN that incorporates temporal attention and spatial
structure for wind power prediction. Song et al. [5] developed an end-to-end GCN-based approach
that learns robust spatial representations using multi-resolution convolutional neural networks (CNN).
However, many of these models rely on fixed graph topologies, which restrict their adaptability to
evolving wind field dynamics.

The incorporation of attention mechanisms into graph structures has substantially improved WPF
models. These mechanisms increase model responsiveness to evolving wind patterns by enabling
the network to prioritize dynamically relevant turbines. The KDD Cup 2022 spatial dynamic wind
power forecasting (SDWPF) challenge [7] highlighted this advancement by promoting adaptive model-
ing approaches and introducing the SDWPF dataset, which features comprehensive spatiotemporal
properties. Methods that combined transformer-based architectures with global and local attention
mechanisms, such as the graph spatial attention transformer (GSAT) [9], achieved state-of-the-art
performance on this benchmark.

Temporal modeling remains a critical component of wind power forecasting. Although recurrent
neural networks (RNNs) and their variants, such as long short-term memory (LSTM) and gated
recurrent units (GRU), are widely used, they often fail to capture long-range dependencies. Recently,
transformer models have been applied to wind and solar forecasting due to their self-attention
mechanisms, which offer a scalable solution [10,11]. These models offer a robust framework for
modeling complex spatiotemporal correlations in wind power data, particularly when combined with
adaptive spatial modeling.

This study introduces a framework that simultaneously models long-range temporal dynamics
and dynamic spatial relationships by integrating multilevel adaptive graph convolution (MLAGC)
with a temporal transformer (LWTT) inspired by [12]. The framework employs multi-level attention
mechanisms, including self-attention for dynamic topology refinement, global channel attention
for wide-area dependencies, and local channel attention for short-range correlations, to adaptively
construct the graph structure. Evaluation on SDWPF datasets demonstrates that the proposed model
surpasses existing approaches across multiple performance metrics. In summary, the contributions of
this work are as follows:

¢ A Novel Adaptive Graph Convolutional Network (MLAGCN) Framework: The paper introduces
a new spatial-temporal forecasting framework that combines an adaptive graph convolution
(MLAGC) with a temporal transformer (LWTT). Unlike static graph models, the MLAGCN
dynamically learns the spatial structure of wind turbines using multi-level attention mechanisms,
enabling it to model non-stationary spatial interactions across a wind farm.

* A Multi-Level Attention Mechanism for Graph Construction. The model constructs a flexible
graph using three distinct attention mechanisms: self-attention for learning dynamic global
topology, global channel attention for modeling long-range dependencies, and local channel
attention for capturing short-range spatial correlations. This multi-attention design allows the
model to flexibly adapt to both local turbine dynamics and global meteorological influences.

e A Temporal Transformer Module for Long-Range Sequence Modeling. A transformer-based
temporal module (LWTT) is integrated to model long-term temporal dependencies in wind power
data. This addresses the limitations of traditional RNN-based approaches (e.g., GRU, LSTM) that
struggle with capturing long-horizon temporal patterns.
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Figure 1. The overall architecture of our proposed MLAGCN.
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Figure 2. Light-weight Transformer architecture.

2. Related Works
2.1. Statistical-Based WPF

Early research mainly employed statistical methods to model weather data and predict wind
power. Wind speed was initially identified as the most direct influencing factor for wind power
prediction. Brown et al. [13] developed an autoregressive moving average (ARMA) model to predict
wind speed, utilizing features such as autocorrelation and non-stationary behavior during nighttime.
Subsequently, wind power was formulated as a function of wind speed, enabling direct estimation
through transformations of wind speed data. The strong correlation between wind speed and wind
power has led to the development of various methods for predicting wind speed. For instance, Firat et
al. [14] applied independent component analysis (ICA) to predict wind speed data, while Mohandes
et al. [15] utilized support vector machines (SVMs) for wind speed modeling. Additional factors,
including geographic location and wind direction, also influence wind power. Alexiadis et al. [16]
examined the spatial correlation of wind speeds and developed a statistical learning model for wind
power forecasting. Sideratos et al. [3] combined historical wind farm power data with forecasts of
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wind speed and direction to propose an advanced statistical method for wind power forecasting.
Despite extensive research on statistical methods for wind power prediction, substantial uncertainties
in weather data, particularly wind speed, can undermine the reliability of both linear and nonlinear
statistical models. These methods are generally limited to short-term predictions and are less effective
for long-term forecasting. To address this limitation, more sophisticated statistical models have been
introduced. Ahmadi [17] developed an XGBoost model, demonstrating that tree-based models can
effectively predict long-term wind power, especially across diverse geographical locations. Based
on these findings, WPF methods can be broadly categorized into classical statistical approaches and
machine learning or deep learning techniques.

2.2. Deep Learning-Based WPF

Wang et al. [18] developed a wind power prediction framework that utilizes a convolutional neural
network (CNN) and a wavelet transform. Experimental results indicate that this model is robust to
noisy data and performs competitively on multiple real wind farm datasets. Song et al. [19] introduced
a combined model based on a generalized regression neural network (GRNN). Yu et al. enhanced
a long short-term memory (LSTM) model and applied spectral clustering to optimize forecasting
performance. In recent years, the transformer model [20] has achieved notable success in long-term
sequence prediction tasks. This success has led to the development of several variants. Informer
[21] enhanced the self-attention mechanism to more effectively capture long-range dependencies.
Autoformer [22] introduced a decomposition structure that enables effective modeling of complex
time series, outperforming other methods in long-range forecasting tasks. Similarly, FEDformer [23]
combined the transformer with seasonal-trend decomposition to capture both global and detailed
time series information. Despite these advancements, comprehensive studies of transformer models
and their variants in wind power prediction remain limited. The demonstrated effectiveness of
transformers in graph modeling highlights their potential for wind power forecasting.

More recently, studies have increasingly adopted graph convolutional networks (GCNs) to
improve wind power forecasting by modeling spatial dependencies among turbines. Multi-graph ap-
proaches have been proposed to capture correlations from different perspectives, such as geographical
distance, statistical similarity, or fluctuation patterns, as seen in [24], who integrate spatio-temporal
attention with four complementary graph structures. Other works incorporate physical interactions,
such as blockage and wake effects, into the graph topology to better reflect turbine-to-turbine inter-
actions [25]. Works like [26,27] demonstrated the advantages of graph-based spatial modeling for
large wind farms. However, existing methods often rely on single-perspective graphs or complex
multi-graph ensembles, leaving room for more unified and adaptive architectures that can capture
spatial relations at multiple levels. In contrast, our method introduces a unified multilevel adaptive
graph that jointly models local, global, and structure-aware dependencies within a single framework,
which allows the model to learn fine-grained turbine-specific dependencies and broad spatial patterns
simultaneously, without the overhead of manually engineered multi-graph combinations.

3. Methodology
3.1. Problem Formulation

A wind farm consists of N wind turbines situated within a specified geographical area. Each
wind turbine independently generates electrical power. The Supervisory Control and Data Acquisition
(SCADA) system records the operational status and power generation of each turbine at fixed time
intervals. Let X; € RNXF denote the observation matrix at time ¢, where N is the number of turbines
and F is the feature dimension (e.g., wind speed, pitch angle, reactive power, active power). The
sequence of observations over a historical window of length T is represented as

X ={X,Xy,..., Xr} € RTXNxF, (1)
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Wind power forecasting aims to estimate the active power output for all turbines in the wind
farm over a future period of P time steps, based on historical data. The task is to determine a mapping
function f(-) such that

e ~ ~
[X(thqu)r ey Xt] — [Yt+1, Yt+2, ey Yt+p]. (2)

Yi1r € RNXI represents the predicted active power output for all turbines at the forecasting horizon ,
where T ranges from 1 to P.

A primary challenge in wind power generation is the presence of strong temporal dependencies
resulting from evolving weather patterns and spatial correlations arising from similar wind flows
affecting neighboring turbines. Additionally, wind power generation is subject to considerable stochas-
tic uncertainty. Therefore, the objective is to develop a model f(-) that effectively captures these
spatial-temporal dynamics to enable reliable multi-step forecasting.

3.2. Data Preprocessing

The Baidu KDD Cup 2022 challenge released a raw Supervisory Control and Data Acquisition
(SCADA) dataset that includes meteorological variables such as wind speed, wind direction, and
temperature, as well as turbine operational states including pitch angles, nacelle direction, and reactive
power [7,260]. Auxiliary identifiers, including time, day, and turbine identification number, are also
provided. The dataset comprises 4,727,520 records across 13 columns, collected from 134 turbines
at 10-minute intervals over 245 days. These measurements frequently contain noise, redundancy,
and missing values, which can reduce forecasting accuracy. To mitigate these issues, systematic
preprocessing steps were implemented, including data cleaning, normalization, and feature refinement.
The SDWPF dataset, derived from the Baidu KDD Cup 2022, is publicly available and originates from
SCADA systems monitoring wind turbines at a wind farm operated by Longyuan Power Group [28].
The dataset also contains external variables, such as wind speed and external temperature, which
influence wind power generation, as well as internal variables, such as inside temperature, that indicate
the operational status of each turbine. Table 1 summarizes the main attributes of the SDWPF dataset.

Table 1. Column names and their specifications on the SDWPF dataset.

Column Column Name Specification

1 TurbID Wind turbine ID

2 Day Day of the record

3 Tmstamp Created time of the record

4 Wspd (m/s) Wind speed recorded by the anemometer

5 Wdir (°) Wind direction and turbine nacelle position angle
6 Etmp (°C) Temperature of the surrounding environment

7 Itmp (°C) Temperature inside the turbine nacelle

8 Ndir (°) Nacelle direction, i.e. the yaw angle of the nacelle
9 Pab1 (°) Pitch angle of blade 1

10 Pab2 (°) Pitch angle of blade 2

11 Pab3 (°) Pitch angle of blade 3

12 Prtv (kW) Reactive power

13 Patv (kW) active power (target variable)

3.2.1. Data Cleaning and Normalization

Missing values were imputed using linear interpolation and spatial filling. For spatial filling,
the mean values of turbine groups with similar generation patterns were used to preserve spatial
consistency. Abnormal entries, such as negative active power values and operational readings outside
physically plausible ranges, were corrected to valid values. Non-physical negative values were set to
zero. Reactive power measurements were processed according to the operational state of the turbine.
Negative reactive power values were set to zero when turbines were inactive or marked as invalid if
inconsistent with positive active power. The scatterplot in Figure 3 offers a clear visual representation
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of how wind speed (Wspd, in m/s) and active power output (Patv, in kW) are related for turbine
number 70. Each point on the scatterplot corresponds to a measure from this turbine, allowing us to
observe how changes in wind speed typically lead to changes in power output. As expected, the plot
shows an increasing trend, with higher wind speeds associated with greater power generation, up
to the rated capacity of the turbine. Outliers or unusual clusters in the scatterplot can also indicate
periods of abnormal operation or potential data issues, making this visualization a useful tool for both
data validation and understanding turbine performance. All features were standardized using Z-score
normalization to ensure uniform variable scales for model training.

Scatterplot of Wspd (m/s) against Patv (kW)
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Figure 3. Scatterplot at wind turbine number 70.

3.2.2. Feature Selection and Transformation

Data forms the basis for modeling, with features representing key information extracted from
datasets. Following preprocessing, feature correlations are analyzed to construct new highly correlated
features and to remove those that lack correlation. Correlation analysis improves feature selection.
Figure 4 shows the correlation matrix of features computed across all turbines and averaged over
time, providing an overview of interrelationships among features. Each cell in the matrix displays
the correlation coefficient between pairs of variables, with values near 1 indicating strong positive
relationships. The matrix highlights a strong linear relationship between wind speed (Wspd) and power
output (Patv), consistent with physical expectations for wind turbines. Moderate correlations exist
between the angular variables (Pab1, Pab2, Pab3) and Patv, indicating that blade pitch angles influence
power generation. The statistically significant relationship between reactive power (Prtv) and Patv
supports the inclusion of Prtv in the model [29]. The matrix also identifies potential multicollinearity,
such as the high similarity among the three blade pitch angles, and informs the feature selection
process. Features not significantly correlated with Patv, such as timestamp (Tmstamp), wind direction
(Wdir), nacelle direction (Ndir), external temperature (Etmp), and internal temperature (Itmp), were
excluded to reduce noise and redundancy. The correlation matrix is a critical tool for refining the
feature set and improving model performance. Highly correlated measurements, including the three
blade pitch angles, were consolidated into a single feature defined as the maximum blade angle to
reflect the effective aerodynamic limitation per turbine

Pahfmax = maX(Pabll PahZ/ PabS)- (3)

This aggregation reduces multicollinearity and retains essential operational data. The preprocessing
produces a feature set that includes turbine identifiers, wind speed, maximum pitch angle, reactive

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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power, and active power as the target variable. This approach maintains a concise and predictive
feature set.

Correlation Matrix of Features

.14 0.036 0.9 0.4
-0.035
0.026

0.09

014 0.0092

-0.035 0.036 0.09 -0.01

Wspd (mfs) Wdir (°}  Etmp (°C)  Itmp (°C)  Ndir () Pabl (°) Pab2 (°) Pab3 (°) Prov (kW) Patv (kW)

0017 0029

Patv (kW) Prtv (kW) Pab3 () Pab2(®) Pabl(®) Neir(") Itmp(°C) Etmp(°C) Wdir(*) Wspd (m/s)

Figure 4. Correlation matrix of features.

3.3. Multilevel Spatial-Temporal Graph Convolutional Network (MLAGCN)

Wind power forecasting presents complex challenges due to the spatial and temporal variability
of wind conditions and the nonlinear relationships among turbine operations. To address these, we
propose a unified framework that combines multiple specialized graph-based modules, each focusing
on a different aspect of turbine behavior. Unlike prior spatio-temporal GCN frameworks that employ
a single, static adjacency structure, our MLAGCN introduces a local-aware graph and a global-aware
graph that enable simultaneous learning of turbine-specific dynamics and global meteorological
dependencies, leading to improved generalization across heterogeneous wind conditions.

As shown in Figure 1, the architecture consists of four main components: the Local Aware
Graph and the Global Aware Graph, inspired by [30], a Structure Aware Graph, and the Lightweight
Temporal Transformer. The three graphs are combined element-wise to form the overall adaptive
graph Apag € RE*N*N and then combined with the temporal transformer, with T denoting the
number of time steps, C the feature dimension, and N the number of turbines. This graph integrates
turbine-level local interactions, global meteorological dependencies, and latent structural relationships.
The graph convolution operation is then performed as:

M; = o((Iy + Aoac) XyW +b),t =1,2,.., T, (4)

where X; € REXN represents the turbine features at time t, W € RC"XC™ and b € RE™ are learnable
parameters, and Aoac = DV2A04cD~ 12 is the symmetrically normalized combined adjacency
matrix. This formulation allows each turbine node to aggregate information from its dynamically
weighted neighbors based on multi-level spatial correlations. The convolutional outputs Z are then
propagated through temporal modules to capture temporal dynamics.

3.3.1. Local-Aware Graph

The Local Aware Graph is designed to extract detailed, turbine-specific correlations between
input features such as wind speed, direction, and ambient temperature. These local relationships often
reflect transient weather phenomena or mechanical responses that affect only a subset of turbines.
Let the input be a 3D tensor X € RT*N*C where T is the number of time steps (past hours), N is the
number of turbines in the wind farm, and C is the number of feature channels. To model per-turbine
feature importance, we first compute a local channel attention vector for each turbine independently.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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For turbine i € {1,.., N}, we extract its feature sequence over time X, ;. € RT*C, and apply
global average pooling along the temporal axis, yielding a vector v; € RC. This vector captures the
average behavior of each feature for that specific turbine. Next, we project v; through a multilayer
perceptron (MLP) followed by a sigmoid activation () to obtain the local channel attention weights
Migeal (i, :) € RE, computed as:

Migcai (i, :) = o(MLP(AvgPool(X.;.))). (5)

This attention highlights which features (channels) are most relevant for a specific turbine based on its
own historical data. AvgPoolr denotes average pooling over the time dimension.
Next, to incorporate turbine connectivity information, the local attention map is combined with

the predefined structural graph, U € RE*N*N

, which represents spatial adjacency based on turbine
topology. The local graph-aware representation, as shown in Figure 5, is obtained by element-wise

multiplication between Mj,c, and U.
LAG = Mjpca - U, (6)

with LAG € RE*NXN_This operation integrates both the learned feature relevance and the physical
interconnections among turbines, allowing the model to capture spatially localized dependencies
while respecting the true network structure of the wind farm. The resulting local-graph-aware feature
enhances the ability of the model to represent fine-scale spatial interactions influenced by immediate
turbine neighborhoods.

X (T,N,C) X (T,N,C)
avgPool V (N,C) avgPool V (N,C)
l |
convid convid convid

!
E Miocar (N,C)

attention map

M giobar (N,C)

<@

< e
U (N,N) U (N,N)

T

LAG (N,N,C) G AG (N,N,C)

<2
<>

%
Y

L
&

Local-Aware Graph Global-Aware Graph

Figure 5. Description of the Local-Aware Graph and Global-Aware Graph.

3.3.2. Global-Aware Graph

The Global Aware Graph is designed to capture wide-scale, farm-level dependencies that are
consistent across turbines and time. Such dependencies may arise from large-scale meteorological
patterns, such as atmospheric fronts or diurnal wind shifts, which influence all turbines simultaneously.
To extract this global context, we incorporate a global channel attention mechanism that emphasizes
features most informative at the full farm level. For an input X € RT*N*C we compute the average
of all feature values across time. The resulting feature V;, € RV*C reflects the average magnitude of
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each feature across the entire wind farm and time horizon. To generate attention weights, we pass
V4 through a multilayer perceptron followed by a sigmoid activation and obtain a weight vector
Mglobal € RC:

Mglobal = U(MLP(Vw))- @)

This vector identifies which features are globally important, such as temperature or wind speed,
based on their average contribution across the spatiotemporal domain. To further incorporate physical
turbine relationships, the predefined graph U is introduced, producing the global-graph-aware graph
representation as:

GAG = Mglobal U, 8)

with GAG € RE*N*N 1n Figure 5, we illustrate the design of the global-aware graph. This integration
ensures that global dependencies are not only learned statistically but are also constrained by the
underlying physical topology. Consequently, GAG models consistent, wide-area spatial dependencies
while maintaining coherence with turbine connectivity, effectively capturing large-scale weather
patterns and their influence across the entire wind farm.

3.3.3. Structure-Aware Graph

While the local and global graph modules implicitly capture relationships using attention, the
Structure Aware Graph explicitly learns the topology that governs information flow between turbines.
This is critical in wind power forecasting, where the influence of one turbine on another may depend
not just on geographical proximity but also on terrain effects, wake interactions, or coordinated
operational patterns.

The Structure-Aware Graph is designed to learn latent relationships between turbines beyond ge-
ographic distance or statistical similarity. Each turbine i € {1, ..., N} is assigned a learnable embedding
vector E; € RE*¥ forming the embedding matrix E € RE*N*4_ These embeddings encode turbine-
specific characteristics and enable the model to infer hidden dependencies. A graph Agtyucr € REXNXN,
is constructed by computing pairwise correlations between embeddings:

Astruct = softmax(ReLU(EET)).

3.3.4. Temporal Module

Capturing the dynamic evolution of wind patterns over time is essential for accurate forecasting.
The Temporal Self-Attention Module addresses this by applying attention across the temporal axis.
First, we reduced the channle C dimension of the input tensor X € RT*N*C into H groups of size
C' = C/H with H being the number of heads.

Self-attention is then applied on each group by projecting the input into query (Q), key (K), and
value (V') matrices using learned weights W, Wy, Wy, respectively. The attention output is computed

as Attention(Q, K, V) = softmax (Q—If;) V, where d is the dimensionality of the key vectors.

This mechanism enables the model to identify which past time steps are most relevant for
predicting future output, while the inclusion of positional encodings ensures the model retains a
sense of temporal order. The architecture of the temporal module is shown in Figure 2. The attention-
enhanced outputs are then projected and added back to the original input sequence, producing a rich
temporal representation that supports both long-term forecasting and short-term fluctuation tracking.

4. Experimental Setting
4.1. Dataset Processing

To maximize the utility of the SDWPF dataset, several feature engineering techniques are im-
plemented. Initially, relevant features for model training are selected, and irrelevant or redundant

features are removed based on correlation coefficient scores [2]. From the attributes listed in Table
1, five features are chosen: Wspd, Etmp, Itmp, Prtv, and Patv. A new feature, APatv, is constructed
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as the difference between Patv at time step tg and Patv at time step ty — 1. Prior to training, Z-score
normalization is applied to standardize the dataset inputs. During model training, the historical time
series of each wind turbine is combined with data from different periods of the same wind turbine to
enrich the data samples and reduce overfitting.

4.2. Evaluation Metrics

Wind power forecasting involves predicting the time series of wind power output at a wind farm.
Due to the presence of outliers in the SDWPF dataset, prediction results are evaluated for each wind
turbine individually. The prediction scores for all turbines are then aggregated to obtain the final
model score. In this WPF work, the objective is to predict a future wind power supply time series of
length 288. The evaluation metric is the average of the Root Mean Square Error (RMSE) and Mean
Absolute Error (MAE). At time step ¢y, the evaluation score sio for wind turbine i is defined as follows:

288 ; o 2 288 ; o
o El (Xto+j B onH) + El iyt = Vi
o

%t T 2 288 ’ ©)

where Xio +jis the active power (Patv) of the wind turbine i and Ytio +jis the active power predicted by
the wind turbine 7 in the time step to + j. At time step ty, the final score sy, is the sum of the evaluation
score on all the 134 wind turbines.

Outlier data are addressed using specific procedures. Reactive and active power values less than
zero are set to zero. When wind turbines stop generating electricity due to external factors, such as
equipment modifications or scheduled power supply adjustments to prevent grid overload, the actual
generated active power is considered unknown and excluded from analysis. In this work, the target
variable is classified as unknown under two conditions: At time step tg, if Patv < 0 and Wspd > 2.5,
the actual active power Patv is unknown; At time step t, if any of Pab1, Pab2, or Pab3 exceeds 89°,
the actual active power Patv is unknown. Any abnormal value in a data column is excluded from the
model evaluation. Two rules define abnormal values. At time step t, if Ndir > 720° or Ndir < —720°,
the actual active power Patv is abnormal, and at time step ty, if Wdir > 180° or Wdir < —180°, the
actual active power Patv is abnormal.

4.3. Training Loss

The Huber loss [31] is selected as the training loss function for both models due to its reduced
sensitivity to outliers compared to the squared error loss. The Huber loss is defined as follows:

1/ 2
L(Y,X) = f(}/_ ) R = (10)
S|V —X|—3682, |Y-X|>6
In this formulation, § denotes the threshold parameter that controls the sensitivity of the squared
error. The variable Y represents the predicted active power of all wind turbines, while X denotes the
ground-truth active power of all wind turbines. All predicted and ground-truth values have been
processed according to the outlier handling rules described in Section 4.2.

4.4. Implementation Details

All experiments were conducted on Ubuntu 22.04 using an NVIDIA RTX A6000 GPU. The im-
plementation was based on PyTorch 2.0 with CUDA 12.1 support. Following the settings adopted in
prior studies on the SDWPF dataset, the model was trained to predict a future wind power sequence
of length 288 using a historical sequence of 144 time steps. Training was performed using the Adam
optimizer (81 = 0.9, B2 = 0.999) with an initial learning rate of 0.001, regulated by a cosine annealing
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scheduler with warm restarts. The model parameters were initialized using Xavier uniform initializa-
tion, and dropout (0.2) was applied to mitigate overfitting. Early stopping with a patience of 10 epochs
was used to prevent unnecessary training once convergence was achieved. No pretrained weights
were used, and all parameters were learned from scratch to ensure fair comparison with previous
works.

5. Discussion of Results
5.1. Comparison with the State of the Art

Table 2 summarizes the forecasting performance across nine competing models. Our proposed
framework achieves an MAE of 38.83, an RMSE of 48.05, and a final evaluation score of 43.44, which
surpasses several strong baseline methods, including the FDSTT (44.91) paper [32] that won the Baidu
KDD Cup 2022 Challenge, the Fused Model (49.80) [33], and ARMA (50.52) [34]. Although the RMSE
is marginally higher than a few baselines, MLAGCN consistently maintains a lower overall score,
reflecting a balanced trade-off between accuracy and robustness. The performance of MLAGCN
highlights the effectiveness of the adaptive multi-level attention mechanisms integrated into the spatial
graph construction and the temporal learning modules. The gains can be attributed to MLAGCN’s
ability to dynamically model both local and global spatial relationships, as well as its Transformer-
based temporal attention mechanism that captures long-range dependencies.

While MLAGCN does not yield the absolute minimum MAE or RMSE, its overall score of 43.44
reflects improved forecasting stability and generalization, particularly in turbulent or fluctuating wind
conditions.

These results validate the core hypothesis of this work that coupling adaptive graph learning
with temporal attention leads to more reliable and accurate wind power forecasting across diverse
turbine configurations and temporal horizons.

Table 2. The performance of different models.

Model MAE RMSE Score
ARMA [34] 61.56 50.62 56.09
GRU [6] 55.13 45.77 50.45
GNN [5] 55.39 47.15 51.27
LightGBM [35] 53.05 44.89 48.97
MDLinear (Single
Model) [33] 56.74 48.32 52.53
MDLinear [33] 53.40 45.53 49.46
XTGN [31] 54.54 46.50 50.52
Fused Model [33] 53.74 45.86 49.80
FDSTT [32] NA NA 4491
MLAGCN (Ours) 38.83 48.05 43.44

5.2. Ablation Study

To evaluate the effectiveness of each core component in our proposed MLAGCN framework, we
conduct an ablation study by incrementally removing each module: Local-Aware Graph, Global-Aware
Graph, Structure-Aware Graph, and the Temporal Transformer Module. All experiments are performed
under the same settings as described in Section 4.4 using the SDWPF dataset. Results are shown in
Table 3.

The ablation results clearly highlight the importance of each architectural component in achieving
high-accuracy wind power forecasting. Notably, removing the Temporal Transformer Module leads
to the largest decline in performance, increasing the overall score by more than 3.16 points. This
underscores the pivotal role of temporal self-attention in capturing long-range dependencies and the
sequential patterns inherent in wind dynamics, capabilities that traditional recurrent or convolutional
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modules often struggle to capture. The ability of the transformer to adaptively focus on relevant
historical time steps proves crucial for accurate multi-step predictions.

Among the spatial modules, the Structure-Aware Graph contributes most significantly. Eliminat-
ing it results in a notable increase in forecasting error, demonstrating that learning a dynamic topology
based on turbine embeddings is essential for modeling latent turbine-turbine interactions, especially
in scenarios with complex wake effects or heterogeneous terrain. The Global-Aware Graph also proves
vital, as its absence reduces the ability of the model to incorporate farm-wide meteorological trends,
which are often correlated across geographically distant turbines. Finally, the Local-Aware Graph
enhances performance by refining per-turbine feature importance, though its effect is somewhat more
modest. Together, these results validate our modular design, in which each graph component captures
a distinct spatial dependency, and the transformer module unifies these spatial cues over time.

Table 3. Ablation study of different modules of MLAGCN.

Model MAE RMSE Score
Full MLAGCN (All
Modules) 38.83 1806 B
w /o Temporal 41.92 51.28 46.60
Transformer

w /o Structure-Aware 40.51 4963 45.07
Graph

w /o Global-Aware 40.89 50.42 45.66
Graph

w/o Local-Aware 40.26 50.01 45.14
Graph

6. Conclusions

In this study, we present MLAGCN, a novel graph convolutional network specifically designed
for wind power forecasting, which addresses the dynamic and intricate spatial-temporal dependencies
inherent in wind farm operations. MLAGCN features a multi-layered graph structure, integrating
three complementary spatial graphs: the Global-Aware graph, which captures farm-wide contextual
interactions; the Local-Aware graph, which focuses on immediate turbine neighborhoods; and the
Structure-Aware graph, which encodes physical and operational connectivity among turbines. This
layered design enables the model to learn both localized and holistic interaction patterns within the
wind farm flexibly. Complementing the spatial module, we incorporate the Lightweight Temporal
Transformer (LWTT), a transformer-based temporal module adept at modeling long-range sequential
dependencies and capturing subtle temporal patterns in power output and meteorological conditions.
By combining these advanced spatial and temporal mechanisms, the proposed architecture offers a
comprehensive framework for accurate and robust wind power forecasting.

Extensive experiments were conducted on the widely used SDWPF real-world dataset to rig-
orously evaluate the effectiveness and robustness of MLAGCN. The results indicate that MLAGCN
consistently outperforms established baseline models, delivering improvements in forecasting accu-
racy, stability, and generalization across multiple standard error metrics, including mean absolute
error (MAE), root mean square error (RMSE), and normalized mean absolute error (NMAE). Ablation
studies provide further insight into the model architecture, revealing that each spatial and temporal
module makes a distinct and indispensable contribution to the overall performance. Adaptive spatial
learning and temporal attention mechanisms are critical for capturing the nuanced dependencies
present in wind farm data. These findings underscore the practical value and adaptability of MLAGCN
for real-world wind power forecasting applications. Future work will focus on enhancing the model’s
scalability for deployment in large-scale wind farms and integrating diverse external meteorological
datasets to further strengthen multi-source learning and predictive capabilities.
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Abbreviations

The following abbreviations are used in this manuscript:

MLAGCN  Multilevel Adaptive Graph Convolution Network

LWTT Light Weight Temporal Transformer
MAE Mean Absolute Error

RMSE Root Mean Square Error

WPF Wind Power Forecast

SDWPF Spatial Dynamic Wind Power Forecasting
SCADA Supervisory Control and Data Acquisition

MLP Multilayer Perceptron
LAG Local Aware Graph
GAG Global Aware Graph
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