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Abstract

The randomness and volatility of wind power pose significant challenges for short-term
forecasting, requiring the model to capture both temporal dynamics and the spatial cor-
relations among turbines. To address this issue, this paper proposes a Spatio-Temporal
Adaptive Graph Convolutional Recurrent Network (STAGCRN). The proposed method
dynamically constructs and updates the spatial relationship graph through node adaptive
parameter learning (NAPL) and a data adaptive graph generation (DAGG) module, en-
abling more accurate modeling of spatio-temporal dependencies in wind power data. In
addition, a spatio-temporal self-attention mechanism is introduced to enhance the model’s
ability to capture both short-term fluctuations and long-term temporal patterns. By stacking
multiple spatio-temporal adaptive graph convolutional recurrent layers, the model is capa-
ble of extracting complex nonlinear characteristics in wind power sequences. Experimental
results based on real wind farm data demonstrate that the proposed method achieves signif-
icantly improved prediction accuracy and robustness compared with existing approaches
in short-term wind power forecasting tasks.

Keywords: wind power forecasting; spatio-temporal adaptive graph convolutional recurrent
network; self-attention mechanism; spatio-temporal correlation

1. Introduction
Driven by the rising global energy demand and the escalating climate crisis, many

countries are advancing energy system transformation toward low-carbon development.
Wind energy, as one of the most prominent forms of renewable and clean power, plays
a crucial role in contemporary power systems. However, the intrinsic intermittency and
uncertainty of wind power output present significant challenges to maintaining grid sta-
bility, affecting generation efficiency and power quality, and in some cases even leading
to wind curtailment. Therefore, how to achieve effective, rapid, and accurate short-term
wind power forecasting has become an urgent problem to be addressed, as it is funda-
mental to enhancing the planning, dispatching, and operational performance of modern
power systems.

At present, existing approaches for wind power forecasting are generally classified
into three types: physical models, traditional statistical models, and deep learning-based
techniques. Physical methods rely on meteorological data and terrain information, com-
bined with the characteristic parameters of wind turbines, to establish models of wind
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farms for power prediction [1]. Existing studies mainly focus on accurate numerical sim-
ulations of wind fields, which require consideration of detailed factors such as complex
terrain and turbine operating conditions. Therefore, multi-field coupled wind field models
must be adopted, resulting in high computational costs. Classical statistical forecasting
methods do not account for the physical processes of wind speed variation; rather than
relying on physical modeling, these approaches utilize historical observations to learn
patterns and forecast future wind power generation. Feng et al. [2] employed a two-layer
ensemble machine learning technique combined with deep feature selection to develop
a data-driven multi-model wind power forecasting framework. However, this approach
fails to capture sudden climatic changes or the nonlinear dynamic characteristics of wind
speed. Sun et al. [3] extracted the main trend of wind power sequences through secondary
decomposition, used the random forest algorithm to infer latent features, and employed
clustering analysis to improve forecasting accuracy. However, this approach also increases
model complexity and computational cost, which limits its suitability for real-time predic-
tion and large-scale applications Sheoran et al. [4] divided wind speed data into multiple
sliding windows, within which independent Autoregressive Integrated Moving Average
(ARIMA) models were constructed and fitted to achieve short-term wind speed forecast-
ing. Nevertheless, this method relies on the assumption of time series stationarity and is
highly sensitive to initial conditions, thereby restricting its flexibility and applicability in
practice. In addition, statistical frameworks for wind power forecasting have increasingly
integrated time-series models, such as Kalman filtering, Markov processes, and Bayesian
inference, demonstrating their effectiveness in both domestic and global applications [5].
This kind of model is suitable for capturing linear correlations, but wind power data has
nonlinear characteristics. As an emerging technology in the field of machine learning,
wind power prediction methods based on deep learning are attracting more and more
researchers’ attention. Hu et al. [6] proposed an improved deep belief network hybrid pre-
diction method, which realizes the processing of high-dimensional data, adaptive learning
and the utilization of spatial correlation. Liu et al. [7] used the data division method and
predicted through the LSTM optimized by genetic algorithms, and the system showed
good generalization ability. Wu et al. [8] proposed a hybrid method based on deep-chain
echo-state network and variable modal decomposition, which improves the problem that
the existing multi-step prediction model ignores the time dependence between prediction
steps. Although these methods have achieved promising results in wind power forecasting,
they typically treat turbine observation points as independent units and perform convo-
lution operations within a structured spatial framework. While this allows local spatial
features to be captured, it often leads to the loss of global spatial dependencies. Such
approaches can extract local spatial features but tend to lose global spatial information.
In recent years, Graph Convolutional Networks (GCNs) have emerged as an effective tool
for processing graph-structured data. Hou et al. [9] developed a Spatio-Temporal Fusion
Module by integrating GCN and Convolutional Neural Network architectures, incorporat-
ing spatial dependencies into temporal input data (i.e., historical sequences). By leveraging
the extracted spatio-temporal features, their model effectively captures long-term temporal
dependencies. Chen et al. [10] designed a dynamic adjacency matrix to capture the global
spatial weight distribution that changes over time between wind speed nodes, and combine
the GRU and GCN to extract space-time characteristics to build a wind speed map network.

By effectively modeling the adjacency matrix, the spatial and dynamic characteristics
of the wind farm turbine network can be fully captured, so as to improve the performance
of the GNN model in the wind forecasting task. Traditional GCNs rely on predefined static
adjacency matrices to describe the spatial correlation of wind output. However, due to
the influence of geographical location and wind speed changes, this static representation
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may not fully reflect the spatial relationship between turbine outputs. This restriction
limits the application of GCN in extracting the spatial characteristics of wind power
generation predictions. To address these issues, this paper proposes a short-term wind
power forecasting method based on a STAGCRN. The main innovations are as follows:

(1) A spatial graph construction strategy combining KNN topology with feature-based
refinement is proposed, enabling the graph to better reflect dynamic spatial dependencies
among turbines.

(2) A multi-scale spatial–semantic correlation representation is developed by inte-
grating turbine layout information with operational similarity features, providing a more
informative topology for spatio-temporal modeling.

(3) A spatio-temporal self-attention mechanism is incorporated to capture global
dependencies and enhance spatial and temporal embeddings.

(4) A unified STAGCRN architecture is constructed by stacking adaptive graph con-
volutional recurrent layers and a linear projection head, enabling efficient learning of
spatio-temporal patterns for wind power forecasting.

2. Methodology
2.1. Problem Definition

The wind power output of a wind farm over time can be expressed as a matrix
X ∈ RT×N , where T is the length of the time sequence and N denotes the number of
turbines. Each column reflects the power generation record of an individual turbine.
The task is to forecast the power output for the next τ time steps using the previous T
observations. Accordingly, the forecasting problem can be described as learning a mapping
function f (·) that infers future values from historical data:

f (X1:T ; θ) → XT+1:T+τ (1)

where θ denotes the learnable parameters of the model.
To effectively describe the spatial correlations among turbines in a wind farm, the spa-

tial structure is modeled as a graph G = (V , E , A), where V denotes the set of nodes
corresponding to turbines, E represents the connections between them, and A ∈ RN×N is
the adjacency matrix encoding spatial–semantic relationship weights among nodes. Based
on this formulation, the forecasting task can be rewritten as:

f (X1:T , G; θ) → XT+1:T+τ (2)

2.2. Spatial–Semantic Distance Graph

In wind power time-series data, the correlations among turbines arise not only from
their geographical locations but also from the similarity of their temporal fluctuation patterns.
To jointly characterize these two types of dependencies, constructing a spatial–semantic
distance graph that integrates spatial proximity with DTW-based semantic similarity.

Given two original power sequences P = [a1, a2, . . . ] and Q = [b1, b2, . . . ], their first-
order differences are computed as P′ = [a2 − a1, a3 − a2, . . . ], Q′ = [b2 − b1, b3 − b2, . . . ].
The DTW distances of the raw series and the differenced series are then combined through
a weighted formulation:

Dcomb = αDraw + (1 − α)Ddiff (3)

where Draw = DTW(P, Q) and Ddiff = DTW(P′, Q′). In this study, both Draw and Ddiff

are computed using the standard unconstrained DTW formulation, where the alignment
path is normalized by its length to ensure comparability across sequences. The parameter
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α was selected through grid search on the validation set to balance magnitude-based and
trend-based similarity.

Spatial relationships among turbines are captured using a KNN-based graph con-
structed from normalized turbine coordinates, yielding the spatial graph Gs. The DTW-based
combined distances described above are converted into the semantic similarity graph Gt.

Gst(i, j) = β Gs(i, j) + (1 − β) Gt(i, j) (4)

where β ∈ [0, 1] balances spatial proximity and semantic similarity. All edge weights are
subsequently normalized to form a valid adjacency matrix for downstream graph learning.

The resulting spatial–semantic distance graph Gst thus provides a richer structural
representation that jointly incorporates spatial layout and temporal variation patterns
of turbines.

2.3. Node Adaptive Parameter Learning

In the field of wind power forecasting, GCNs have been widely applied to capture the
spatial dependencies among turbines. Typically, spectral-domain computation is adopted
for graph convolution operations [11], where first-order Chebyshev polynomial approxima-
tion is used to simplify the Laplacian computation. To further generalize the convolution
operation to high-dimensional graph modeling [12], the GCN layer can be expressed as:

Z =
(

IN + D− 1
2 AD− 1

2

)
XiΘ + b (5)

where Z ∈ RN×F is the output feature matrix of the GCN layer, IN denotes the N-
dimensional identity matrix, and Xi ∈ RN×C represents the input feature set, where
N is the number of wind turbines and C is the dimension of input features. D is the
degree matrix associated with the graph structure. The matrices Θ ∈ RC×F and b ∈ RF are
trainable parameters for weights and biases, respectively. The value F corresponds to the
output dimensionality used for the τ-step forecasting task.

In Equation (5), traditional GCNs employ shared parameters Θ and b for all turbine
nodes, which allows efficient learning of common structural patterns while reducing model
complexity. Nevertheless, the shared-parameter strategy hampers the model’s capability to
characterize the non-uniform interaction structures of turbine nodes. To address this issue,
a unique parameter space is assigned to each turbine node through NAPL. The learnable
parameters Θ ∈ RC×F are decomposed into two embedding matrices: a node embedding
matrix E ∈ RN×d and a node weight pool W̄ ∈ Rd×C×F, where the embedding dimension
d is much smaller than N. By factorizing in this manner, the parameters and bias terms can
be represented as: Θ = EW̄

b = Eb̄
(6)

where b̄ ∈ Rd×F is the bias matrix.
Thus, the NAPL-GCN module can be reformulated as:

Z =
(

IN + D− 1
2 AD− 1

2

)
XiEW̄ + Eb̄ (7)

2.4. Data-Adaptive Graph Generation

Most GCN-based wind power forecasting methods rely on predefined adjacency ma-
trices to capture spatial dependencies. These matrices are typically constructed based on
geographic distances or empirical similarity metrics. Although intuitive, such approaches
often fail to comprehensively represent spatial correlations and heavily depend on expert
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knowledge. To overcome this limitation, the DAGG module dynamically generates adja-
cency structures within neural networks based on the data itself, thereby better capturing
the spatio-temporal correlations of wind power data.

(1) Node embedding initialization. Each node feature in the DAGG module is pro-
jected into a low-dimensional embedding space through a learnable embedding dictionary
EA ∈ RN×de . In this matrix, each row corresponds to the learned representation of a turbine
node, and de specifies the size of the embedding dimension.

(2) Node similarity computation. By quantifying the similarity between node em-
bedding vectors, the potential relationships among nodes can be inferred. The similarity
is usually computed via the dot product of embedding vectors, yielding a new pairwise
similarity matrix represented as EAET

A.
(3) Generation of adaptive adjacency matrix. An adaptive adjacency matrix is con-

structed from the learnable node embeddings EA ∈ RN×d. A similarity matrix is ob-
tained as S = ReLU(EAET

A) ∈ RN×N , and a row-wise Softmax is applied to produce the
adaptive adjacency.

Adagg(i, j) = SoftmaxrowSi,j =
e(Sij)

∑N
k=1 e(Sik)

(8)

where Softmaxrow(·) denotes normalization along each row so that ∑j Adagg(i, j) = 1. No
explicit symmetry constraint is imposed, allowing the model to learn directed spatial
dependencies. Self-loops are incorporated in the subsequent graph convolution through
the identity matrix IN .

Consequently, the resulting graph convolution based on the adaptive adjacency can
be written as

Z =
(

IN + Adagg)XiΘ + b (9)

where Xi is the node feature matrix at time step i, and Θ and b denote the learnable weights
and bias, respectively.

When integrating the learned adaptive adjacency Adagg with the spatial–semantic
graph Gst, the final convolutional formulation is given by

Z =

(
IN + Adagg + D− 1

2
st GstD

− 1
2

st

)
XiΘ + b (10)

where Dst is the degree matrix of Gst, defined as Dst,ii = ∑j Gst(i, j).
In Equation (10), Dst denotes the degree matrix associated with Gst. By integrat-

ing similarity-based node embeddings with the DTW-derived spatial–semantic graph,
this formulation enhances the model’s ability to capture the underlying spatio-temporal
dependencies in wind power data.

2.5. Temporal Self–Attention Module

To enhance temporal dependency modeling prior to recurrent graph learning,
a lightweight temporal self-attention module is introduced and applied to the input se-
quence X ∈ RT×N×1. For each turbine, the sequence is reshaped into X̃ ∈ R(BN)×T×F,
where F = 1 denotes the feature dimension used in the temporal encoder.

A single-head scaled dot-product attention mechanism is adopted. The queries, keys,
and values are produced through linear projections:

Q = X̃WQ, K = X̃WK, V = X̃WV (11)
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where WQ, WK, WV ∈ RF×F are learnable parameters. The attention weights are
computed as

Attention(Q, K, V) = Softmax

(
QK⊤
√

F

)
(12)

The output of the attention module is subsequently mapped back to the origi-
nal tensor layout and combined with the input via a residual connection Xatt = X +

reshape(Attention(Q, K, V)V), which stabilizes optimization and preserves local tempo-
ral patterns.

The module employs a single-head structure without positional encoding or normal-
ization layers, reflecting the short forecasting horizon and ensuring compatibility with the
subsequent STAGCRN recurrent update. The resulting tensor Xatt serves as the refined
temporal input to the STAGCRN layers.

2.6. Spatio-Temporal Adaptive Graph Convolutional Recurrent Network

The GRU updates and resets hidden states through its gating mechanism, allowing it
to effectively model temporal information and retain long-range sequence patterns. How-
ever, conventional graph convolution approaches are often limited in capturing spatial
interactions among turbines. To address this issue, we develop a spatio-temporal adap-
tive graph convolutional recurrent module that combines spatio-temporal embeddings,
node-adaptive parameter learning, dynamic graph construction, and GRU-based temporal
modeling, enabling deeper representation of spatio-temporal relationships within wind
farms. The overall architecture of the proposed STAGCRN framework is summarized in
Algorithm 1.

Algorithm 1: STAGCRN
Input: Sequence X1:T , horizon τ, KNN size k, weights α, β.
Output: Forecast X̂T+1:T+τ .
1. Spatial–Semantic Graph
Compute raw and differenced DTW distances;
Fuse distances (α) to form semantic graph Gt;
Build spatial graph Gs using KNN (k neighbors);
Fuse Gs and Gt (β) to obtain Gst.
2. DAGG
Initialize node embeddings;
Compute similarity matrix and apply row-wise Softmax to obtain Adagg.
3. NAPL
Generate node-specific weights and biases from node embeddings.
4. Recurrent Spatio-Temporal Modeling
Initialize hidden state H0;
for t = 1 to T do

Apply temporal self-attention to Xt;
Perform graph convolution using Adagg and Gst;
Update reset gate, update gate, and hidden state in the STAGCRN cell.

5. Prediction
Use HT to generate X̂T+1:T+τ .

As illustrated in Figure 1, the proposed network consists of multiple submodules.
The initial unit receives the output Fout from the spatio-temporal self-attention module,
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while subsequent units take the output of the previous cell as their input. In this work,
the NAPL-GCN module replaces the multilayer perceptron (MLP) components within
the standard GRU, forming the adaptive graph unit G∗. The network operations can be
formulated as follows:

rt = σ
(
θ([xt ⊕ Ht−1, Z])EWr + Ebr

)
ut = σ

(
θ([xt ⊕ Ht−1, Z])EWu + Ebu

)
ĥt = tanh

(
θ([xt ⊕ rt ⊙ Ht−1, Z])EWc + Ebc

)
Ht = ut ⊙ Ht−1 + (1 − ut)⊙ ĥt

(13)

where rt and ut represent the reset gate and update gate of the GRU, which regulate how
much past information is preserved in the hidden state. The variable ĥt is the candidate
hidden state, and xt and Ht are the input and output at the current time step. The activation
functions σ(·) and tanh(·) correspond to the sigmoid and hyperbolic tangent functions,
respectively. The operator ⊕ indicates feature concatenation, ⊙ denotes element-wise
multiplication, and θ(·) represents the dynamic adaptive graph generation operation. E,
Wr, Wu, Wc and br, bu, bc are the learnable parameters of the network.

Figure 1. Spatio-Temporal Adaptive Graph Convolutional Recurrent Unit.

3. Experiments and Analysis
In this study, two types of experimental environments were used for model training:
(1) On a Windows platform, the experiments were conducted using the PyTorch frame-

work (version 1.13.1) with CUDA 11.7, running on an NVIDIA GeForce RTX 4060 Laptop
GPU with an Intel Core i9-14900HX processor and 16 GB RAM.

(2) On a cloud server platform with the Linux operating system, the experiments were
conducted using the PyTorch framework on an NVIDIA RTX 4090D GPU and an 18-vCPU
AMD EPYC 9754 processor, equipped with 60 GB RAM.

3.1. Case Analysis

The experiment utilized a real-world wind farm dataset derived from the Baidu
KDD Cup 2022 (SDWPF), which contains comprehensive operational data from 200 wind
turbines (monitoring points) [13]. The sampling cycle is 1 h, from 1 September 2010 to
31 August 2011, and a total of 8760 sets of wind power data were recorded. Missing values
in the dataset were handled through a two-stage imputation strategy: linear interpolation
was first applied to fill short gaps, followed by forward and backward filling to ensure
temporal continuity. After imputation, Min–Max normalization was used to scale all input
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variables into the range [0, 1], which accelerates gradient descent convergence and stabilizes
model training, as shown in Equation (14).

x′ =
x − xmin

xmax − xmin
(14)

where x is the raw feature value, xmax and xmin denote its maximum and minimum values,
respectively, and x′ is the value after normalization.

The dataset was partitioned into training, validation, and testing sets in a 6:2:2 ratio.
The batch size was fixed to 32. The input sequence length was 48, while the prediction
horizon was 1, indicating that 48 h of historical wind power data were utilized to forecast
the power output for the subsequent hour. The model was trained for up to 100 epochs
using the Adam optimizer with a learning rate of 0.001. To avoid model overfitting, an Early
Stopping mechanism was applied, where the training process was halted if the validation
metric failed to improve for 10 consecutive epochs. The model was optimized using the
mean squared error (MSE) loss function, and all learnable node embeddings, including
the NAPL embedding matrix E and the DAGG embedding matrix EA, were initialized
using Xavier normal initialization. Since the variation of MAE, MAPE, and RMSE across
different hidden dimensions was relatively small and did not affect the final model choice,
the hidden size was fixed at 72 in all experiments.

3.2. Model Evaluation Metrics

To assess the effectiveness of the proposed model, three widely used evaluation
metrics were employed: Mean Absolute Error (MAE), Mean Absolute Percentage Error
(MAPE), and Root Mean Squared Error (RMSE). These indicators quantify the discrepancy
between the predicted outputs and the actual wind power measurements, thereby reflecting
the model’s prediction accuracy as well as the relative magnitude of forecasting errors,
as defined in Equation (15).

MAE =
1
n ∑n

i=1 |ŷi − yi|

MAPE =
1
n ∑n

i=1

∣∣∣∣ ŷi − yi
yi

∣∣∣∣× 100

RMSE =

√
1
n ∑n

i=1(ŷi − yi)2

(15)

where ŷi and yi denote the predicted and actual values of the i-th sample, respectively,
and n is the total number of samples in the testing set.

3.3. Wind Power Forecasting Comparison Experiments

To evaluate the effectiveness of the proposed STAGCRN model, a comparative study
was conducted against several representative sequence prediction methods, including
RNN, LSTM, GRU, and Transformer-based architectures. In this experiment, the number
of hidden layer neurons in RNN, LSTM and GRU is set to 72. For the Transformer-based
model, the encoder consists of stacked multi-head self-attention layers and position-wise
feed-forward networks, following the standard architecture used in long-term time-series
forecasting. The parameter configuration of the STAGCRN network is shown in Table 1.

As shown in Table 2, STAGCRN achieves the best overall forecasting performance,
obtaining the lowest MAE 0.0710, RMSE 0.1098, and MAPE 13.56%. These results indicate
that jointly modeling spatial dependencies through adaptive graph learning and temporal
dynamics through recurrent structures yields substantial gains in predictive accuracy.
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Table 1. Parameter configuration of the STAGCRN network.

Parameter Configuration

Num nodes 200
Hidden dim 72
Embed dim 20
Num layers 2

Table 2. Comparison of different models on wind power forecasting performance.

Model MAE RMSE MAPE Time(s)

RNN 0.2893 0.5326 75.95% 16.88
LSTM 0.1017 0.3129 46.40% 23.22
GRU 0.0998 0.1861 37.41% 16.99
Transformer 0.0815 0.1180 28.72% 21.64
STAGCRN 0.0710 0.1098 13.56% 643.16

The recurrent baselines (RNN, LSTM, and GRU) demonstrate relatively low com-
putational cost, with inference times ranging from 16.88 s to 23.22 s. Nevertheless, their
predictive performance remains limited due to the lack of explicit spatial dependency
modeling. For instance, RNN yields an RMSE of 0.5326 and a MAPE of 75.95%, indicating
substantial forecasting errors. Although GRU achieves lower error than RNN and LSTM,
its MAE and RMSE still fall short of those achieved by STAGCRN, highlighting the in-
sufficiency of recurrent architectures for capturing complex spatiotemporal dynamics in
wind power series. Transformer-based models provide improved performance relative to
recurrent baselines, benefiting from their capability to model long-range temporal depen-
dencies. However, the standard Transformer records an RMSE of 0.1180, which remains
higher than that of STAGCRN 0.1098. These results indicate that global self-attention
alone is insufficient for fully capturing the localized spatial interactions inherent in wind
turbine networks.

In terms of computational burden, STAGCRN requires 643.16 s for inference—
substantially higher than recurrent and Transformer-based models. This increased over-
head is attributed to the integration of DAGG for adaptive graph construction, NAPL for
node-wise parameter learning, and a temporal attention mechanism, all of which intro-
duce additional model complexity. Despite this, the accuracy improvements achieved by
STAGCRN demonstrate a favorable trade-off, suggesting that the enhanced modeling of
spatiotemporal dependencies justifies the computational cost in practical short-term wind
power forecasting applications.

To further evaluate the effectiveness of the proposed STAGCRN model, several rep-
resentative forecasting architectures, including Informer [14], Autoformer [15], and Fed-
former [16], were selected for comparison. As shown in Table 3, STAGCRN achieves the
best overall performance across all metrics, obtaining the lowest MAE, RMSE, and MAPE.
These results indicate that the proposed model can more effectively capture the complex
spatio-temporal dependencies inherent in wind power data.

Table 3. Comparison of wind power forecasting methods.

Model MAE RMSE MAPE

Informer 0.0914 0.1206 35.63%
Autoformer 0.0833 0.1174 28.85%
Fedformer 0.0757 0.1113 17.29%
STAGCRN 0.0710 0.1098 13.56%
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Among the Transformer-based models, Fedformer provides the most competitive
results, with MAE 0.0757 and RMSE 0.1113, but its accuracy still remains below that of
STAGCRN. Autoformer shows comparable performance, with RMSE values of 0.1174, re-
spectively. Informer produces the weakest results among all compared methods, with MAE
0.0914 and RMSE 0.1206, indicating its limited capability in handling the short-term vari-
ability of wind power data. Overall, these comparison results show that STAGCRN
achieves consistently better forecasting accuracy than both recurrent and Transformer-
based baselines. This improvement can be attributed to the incorporation of DAGG, NAPL,
and the attention mechanism, which together enable more effective extraction of spatial
and temporal dependencies.

To evaluate the robustness of the proposed STAGCRN model under different fore-
casting horizons, multi-step prediction experiments were conducted for 2, 4, and 8-step
settings. As shown in Table 4, STAGCRN achieves the lowest MAE, RMSE, and MAPE
across all horizons. For the 2-step forecast, the model attains MAE 0.0732 and RMSE 0.1203,
outperforming both recurrent models (RNN, LSTM, GRU) and Transformer-based architec-
tures. Although prediction errors increase for all methods as the horizon becomes longer,
STAGCRN maintains comparatively stable performance, achieving MAE 0.0961 at 4 steps
and 0.1584 at 8 steps. Transformer-based baselines exhibit varying degrees of performance
degradation with increasing horizon lengths. Fedformer produces the most competitive
results among them, yet its accuracy remains below that of STAGCRN at all horizons.
Informer and the standard Transformer show larger increases in error, while Autoformer
provides relatively moderate performance. Overall, the multi-horizon results demonstrate
that the adaptive spatio-temporal modeling mechanism employed by STAGCRN enables
more reliable forecasting across both short and extended prediction horizons.

Table 4. Multi-horizon forecasting performance comparison.

Model
2-Step 4-Step 8-Step

MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

STAGCRN 0.0732 0.1203 18.61% 0.0961 0.1349 39.64% 0.1584 0.1945 48.96%
RNN 0.1244 0.1637 35.34% 0.1706 0.2142 51.93% 0.2048 0.2535 54.28%
LSTM 0.1114 0.1493 28.42% 0.1501 0.1909 48.58% 0.1977 0.2424 53.36%
GRU 0.1027 0.1422 27.45% 0.1300 0.1684 43.78% 0.1739 0.2108 51.17%
Transformer 0.1390 0.1755 37.86% 0.1749 0.2075 50.85% 0.1978 0.2277 52.29%
Informer 0.1105 0.1512 31.32% 0.1387 0.1785 46.19% 0.1749 0.2091 51.12%
Autoformer 0.1001 0.1430 38.58% 0.1376 0.1788 45.76% 0.1836 0.2177 52.81%
Fedformer 0.1028 0.1517 29.39% 0.1249 0.1685 40.49% 0.1815 0.2151 52.35%

To further verify the prediction accuracy of the proposed STAGCRN model, six rep-
resentative wind turbines with node indexes of 1, 40, 80, 120, 160 and 200 were selected.
Figure 2 shows the comparison between the predicted wind power value of these wind
turbines and the actual wind power value. As shown in Figure 2, the model performs
well in fitting the overall trend, especially in the stable period of wind power change or
in low-power areas, and the predicted value coincides well with the actual value. This
shows that the model can effectively capture the time characteristics of the wind power
sequence and make accurate and stable predictions of the long-term wind power sequence.
In addition, thanks to the extraction of space-time characteristics, the fluctuation between
the predicted wind power curve and the actual wind power curve is extremely small, which
further verifies the robustness and adaptability of the proposed model.
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(a) (b)

(c) (d)
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Figure 2. Wind turbine power prediction results: (a) Turbine No. 1; (b) Turbine No. 40; (c) Turbine
No. 80; (d) Turbine No. 120; (e) Turbine No. 160; (f) Turbine No. 200.

3.4. Ablation Study

To further evaluate the contribution of each core component in the proposed
STAGCRN model, three ablation variants were constructed:

(1) STAGCRN_wo_DAGG: the data-adaptive graph generation module is removed,
and only the static KNN-based adjacency is used;

(2) STAGCRN_wo_NAPL: node-adaptive parameter learning is disabled, and all nodes
share the same graph convolution parameters;

(3) STAGCRN_wo_Attn: the temporal self-attention mechanism is removed, and the
input sequence is fed directly into the recurrent layers.

Compared with the full STAGCRN model, the performance degradation observed in
the ablation variants demonstrates the effectiveness of each core component, as shown in
Table 5. Removing the DAGG module increases MAE, RMSE, and MAPE by 16.48%, 6.74%,
and 112%, respectively, indicating that dynamically learned adjacency plays an important
role in modeling turbine-level spatial relationships. Removing the NAPL module leads
to the largest degradation, with MAE, RMSE, and MAPE increasing by 21.13%, 12.10%,
and 137%, confirming that node-adaptive parameter learning is crucial for capturing
heterogeneous turbine behavior. Disabling the self-attention mechanism also weakens the
model, as MAE, RMSE, and MAPE increase by 11.69%, 6.83%, and 32.2%, respectively,
demonstrating that attention-based feature enhancement contributes to modeling temporal
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variability. These findings collectively validate that DAGG, NAPL, and self-attention form
essential components of the proposed STAGCRN framework and jointly contribute to its
forecasting accuracy.

Table 5. Ablation results of the proposed STAGCRN model.

Model MAE RMSE MAPE

STAGCRN 0.0710 0.1098 13.56%
STAGCRN_wo_DAGG 0.0827 0.1172 28.75%
STAGCRN_wo_NAPL 0.0860 0.1231 32.12%
STAGCRN_wo_Attn 0.0793 0.1173 17.93%

4. Conclusions
This paper proposes a STAGCRN to solve the challenge of short-term wind power

forecasting. The model constructs a static spatial graph by integrating the spatial cor-
relations among wind turbine units and the temporal variation patterns of wind power
output. On this basis, a data-driven adaptive graph learning mechanism is introduced
to dynamically refine the adjacency structure, enabling more accurate modeling of evolv-
ing spatio-temporal dependencies. Moreover, the incorporation of a gated recurrent unit
enhances temporal feature extraction and strengthens sequence modeling capability. Ex-
tensive experiments on real wind farm datasets demonstrate that the proposed model
achieves superior forecasting performance compared with several widely used benchmark
methods. Furthermore, the ablation studies validate the necessity and effectiveness of each
core component in the framework.

In the future work, we will integrate meteorological variables and atmospheric con-
ditions to further investigate their influence on spatio-temporal patterns in wind power
generation. Additionally, improving the model’s generalization across multiple wind farm
scenarios and enhancing its robustness under extreme weather conditions will be key
directions for subsequent research.
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Abbreviations

STAGCRN Spatio-Temporal Adaptive Graph Convolutional Recurrent Network

NAPL Node Adaptive Parameter Learning

DAGG Data-Adaptive Graph Generation

DTW Dynamic Time Warping

KNN k-Nearest Neighbors

GCN Graph Convolutional Network

RNN Recurrent Neural Network

LSTM Long Short-Term Memory Network

GRU Gated Recurrent Unit

Informer Transformer architecture with ProbSparse self-attention for long-sequence forecasting

Autoformer Transformer model incorporating series decomposition and auto-correlation mechanisms

Fedformer Frequency-domain enhanced Transformer with decomposition-based forecasting structure
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